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Abstract

Microbial communities play central roles in the development and maintenance of
human health and in the functioning of the Earth’s ecosystems. The microbial bio-
diversity of many environments has been thoroughly studied in recent years, yet the
dominant processes shaping microbiota assembly remain unresolved. In this thesis,
I leverage a bottom-up approach to experimentally build synthetic microbial com-
munities and to test the prevalence of different ecological and evolutionary forces.
High-throughput experiments in nanoliter droplets show a wide occurrence of bac-
terial interactions in the form of one species or consortium affecting the abundance
and yield of another species. Positive and negative interactions appear unavoidable
in bacterial co-cultures when growth is permitted, with growing bacteria typically fa-
cilitating non-growing bacteria. In this thesis, I also show that bacterial interspecies
interactions in the C. elegans intestine are mostly competitive and hierarchical. Inter-
estingly, simple two-species microbiotas can predict the composition of three-species
and eight-species microbiotas in this nematode. Finally, we found that the importance
of interspecies interactions is robust to bacterial strains with and without previous ex-
posure to the C. elegans gut, and to worm mutants with different immune activities.
These results show that constructing and characterizing synthetic microbial commu-
nities can elucidate fundamental principles for the control of microbial communities.

Thesis Supervisor: Jeff Gore
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Chapter 1

Introduction

The biological sciences have grown immensely over the last few centuries. Biology in
the 1500s referred mainly to medical descriptions of humans and luminous drawings
of animals and plants. Nowadays, biology engulfs a multitude of fields ranging from
ecology to epigenetics, from bioethics to astrobiology, and from marine biology to
neurobiology. The concept of life is one of the most complex ones in our lexicon,
and the scientific exploration of living things keeps adding evermore depth to our
understanding of it. This thesis will guide you through my unique exploration of the
biological sciences, emphasizing my research on microbial communities assembled in
nanoliter droplets and in the C. elegans intestine and highlighting my findings re-
garding the interactions between bacterial species. But before diving into the details,
let us first define microbiota assembly and let us connect this specific area of study

to the microbiology field and the biological sciences at large.!

1.1 Microbiota assembly as part of the biological sci-

ences

Microbiology is the scientific study of those living organisms smaller than what the

naked eye can see. The development of early microscopes and the observations by

!Narrower and more concise introductions are also provided in Chapters 2 & 3.2.
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Antoine van Leeuwenhoek, Robert Hooke, and Athanasius Kircher in the 1600s con-
firmed the existence of microscopic living creatures [1]. Such findings were instrumen-
tal for the development of the germ theory that G. Fracastoro seeded and that Louis
Pasteur and Robert Koch completed in the 1800s, stating that disease spreads due to
small and specific transmissible living particles. This germ theory had monumental
implications for the human lifespan expectancy, which has nearly doubled in the last
hundred years thanks in great part to hygiene improvement, which was pioneered by
Ignaz Semmelweis and Joseph Lister, and due to vaccines [2], pioneered by Edward
Jenner and Pasteur. These origins of microbiology show that the cohesiveness of this
science does not come from its object of study, which has always been scattered and

diverse, but rather from the employed techniques and its medical applications.

Nowadays microbiology extends well beyond the characterization of agents of dis-
ease (Figure 1-1). The fast life cycles of microbes makes them great model systems to
study the cellular and molecular processes occurring within their walls. An exemplary
molecular discovery in microbes is the CRISPR-Cas? system: originally a bacterial
defense against viruses and now a revolutionizing tool in the biotechnology industry.
Yeast microbes are also the industrial fermentation powerhouse behind many of the
products that we love, from cheese and kombucha to biopolymers and biofuel. Most
importantly, microbes are the quintessential degraders of organic matter. The ex-
traordinary metabolic capabilities of microbes allows them to consume virtually any
organic material and colonize any moist environment. The fields of cellular biology,
biotechnology, and ecology (Figure 1-1) have come to grow in scope with a renewed
attention to microbes. All in all, it has become clear that the majority of microor-
ganisms are not inherently pathogenic, and that instead they hold a great beneficial

potential for the human population.

In the late 1800s Serguei Winogradsky founded environmental microbiology with
his studies on soil microbes [3]. Winogradsky observed that microbes modify the

chemical states of nitrogen in the environment and provide a cycling of nutrients.

2CRISPR stands for clustered regularly interspaced short palindromic repeats. Cas are CRISPR
associated cleaving enzymes.
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Figure 1-1: Diagram highlighting some biological sciences that synergize with micro-
biology and some of their intersections. Microbial ecology emerges at the intersection
of Microbiology and Ecology € FEvolution. Conceptual placement for my C. elegans
and kChip projects are denoted with x and +, respectively.

Given how microbes interact between them to complete the stages of oxidation and
reduction of nitrogen, Winogradsky’s work is also considered the first ecological ex-
ploration of microbes [4]. Also in the late 1800s, Martinus Beijerinck discovered viral
particles. Although it took decades to actually see such viruses, the field of virology
had been seeded with Beijerinck’s new techniques to enrich these novel microbes and
grow them in batch culture. Winogradsky and Beijerinck’s new approach to look at
microbes in their environmental and community context created the field of microbial
ecology.

Microbial ecology can be further broken down based on its multiple objects of
study. At the single species level, or population level, microbial ecology is interested

n:

1. the growth requirements and dynamics of individual species, and

2. defining the causes for a single bacterial type to stay homogeneous or to speciate

into different types. Meanwhile, at the multi-species level, microbial community

ecology is mainly interested in:

3. defining the species that are found in different natural environments and their

functional role, and

4. understanding the assembly processes that lead a new set of microbes to form

13



a community.

The microbial speciation process (2) has direct connections to population genetics,
while the biodiversity found in different microbial ecosystems (3) can be part of
biogeography. In this thesis we will deal with (1) and (4), utilizing monoculture?
measurements to understand microbiota assembly.

A microbial community, or microbiota, is a consortium of interacting microor-
ganisms in space and time. Microbial communities refer most commonly to bacteria
(prokaryotes), but single cell fungi and protists (eukaryotes), viruses, and archaea,
are also very important members to consider. Some environments have very mini-
malistic microbiotas, harboring only a handful of species [5, 6]. Nevertheless, most
natural environments are very complex, and their associated microbiotas are complex
too. A recurrent theme in microbial biogeography is to assess if these complex distri-
butions of microbial biodiversity follow the distributions of environmental variables,
such as temperature and pH. Oftentimes, the microbial abundances do correlate with
an environmental variable, and such correlations are informative of the broad-scale
community assembly patterns |7, 8, 9]. The field of microbiota assembly comple-
ments microbial biogeography by means of testing such correlations and hypotheses
with more controlled laboratory experiments. In the last two decades we’ve learned
that the assembly of microbial communities depends on many factors, which I will
explore in the rest of this introduction. Perhaps soon there will be a consolidation of
such many factors into a more general theory on microbiota assembly.

Established fields of ecology and evolution jumpstarted the microbial ecology field.
In 1916, Frederic Clements [10] summarized an ecological succession theory, which
states that early colonizing grasses, bushes, and other species modify the environment
such that middle and late colonizing species become more favorable—this succession
continues in an orderly manner until a climax community is reached [11]. Originally,
this theory resembled the ordered succession of plant communities to the highly or-
chestrated development of organisms [12], but nowadays the succession process is seen

as much less deterministic. Successions in microbial communities have been observed

3 A monoculture is a single species growing in isolation.
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in solid compost, where yeast and some bacterial species decrease as temperature
rise [13], in microbial mats [14], and in chitin particles floating in liquid, where early

degraders are supplanted by non-degraders [15, 16].

The strong legacy of theoretical and experimental ecology has also helped advance
our understanding of microbial communities, specially with the conceptualization of
growth rates and ecological interactions. In 1932, Georgy Gause studied the simplified
growth dynamics of two yeast species in liquid media. He found that each species has
an effect in the abundance of the other species, with the production of alcohol being
the probable cause of interaction. In stark contrast to Winogradsky and Beijerinck’s
search for novel microbial taxa performing specific environmental functions, Gause’s
work prompted the use of microbial communities with simple growth requirements as
a form of testing ecological mathematical theory. Nowadays, the field of microbiota

assembly makes extensive use of this experimental framework.

The assembly process of complex microbiotas is currently under intense scrutiny.
From Leeuwenhoek’s first observations of microbes and Pasteur’s studies of pathogens
in monoculture, to the first examinations of microbial communities and interactions by
Winogradsky and Gause, great advancement has been made in the study of microor-
ganisms. Microbial communities might be the most complex biological communities
of them all, and to understand them we will need both to stand on the shoulders of

giants and take gigantic, forward-thinking leaps.

1.2 Driving forces of microbial ecology and evolution

Microbial growth is the production of cellular mass that occurs due to favorable
chemical reactions and stops due to saturation. This basic definition of cellular growth
has a clear link to chemical reactions, which convert reactants into products based
on the concentrations and the thermodynamics of the system. For example, breaking
down the sugar glucose into pyruvate and further oxidizing pyruvate into carbon

dioxide and water is a highly favorable reaction that produces as many as 38 molecules
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of ATP*. However, when the concentration of glucose falls below a threshold, or when
ATP or other products are overabundant, the reaction will come to a halt. Likewise,
microbes stop dividing when nutrients are scarce or when the microbial mass exceeds
the carrying capacity of the system. Microbial carrying capacities depend, among
other things, on the level of crowdedness that a given microbe can withstand before
its growth becomes inhibited by nearby kin. This growth inhibition is called intra-
species interactions®. After reaching saturation, populations can experience long-
term stability, oscillatory dynamics, or net negative growth rates (death rate). The
concepts of growth and saturation are very simple yet powerful enough to explain in
broad terms the ecological patterns of many microbial populations. In section 2.2.1
I will showcase how different bacterial species reach different population sizes in the
intestine of C. elegans.

Due to the imperfect replication process of DNA, every time that a cell divides
there is a small chance of introducing new mutations into a population. Although
most new mutations don’t get fixed in a population, some mutations do get inherited
and become permanent, creating new alleles or genotypes. This change of allelic
frequencies in a population over time is the modern meaning of evolution [17]. The
deterministic part of evolution causes populations to adapt over generations to their

6. This evolutionary force is called natural” selection. At the

specific circumstances
same time, evolution also occurs through more random, non-deterministic forces, such
as drift, gene flow and mutation. I will expand further in the rest of this section on
how these four forces occur not only in the evolution of microbial systems, but also
in their ecology — Let’s start by elaborating on the differences and the overlap of
ecology and evolution.

Ecological dynamics are usually thought to occur faster than evolutionary dy-

namics. For example, a great novel mutation granting carriers an increase of 10% in

offspring compared to the original genotype would take on the order of 100 genera-

4Qverall oxidation of glucose: 60, + C4H,,04 + 38 ADP — 38 ATP + 6 CO, + 6 H,O

5Also referred as intraspecific and same-type interactions.

6Such match between species and environment can then be described as a habitat or niche.

"Selection can also occur in a less natural and more conscious way by human hand, such as in
crops, livestock and pets.
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tions to fix in a small population of 100 individuals. This theoretical calculation of
extremely fast evolution is still slower than ecological events like a destructive wildfire
or rising global temperatures, which can occur within one generation. Furthermore,
all theoretical descriptions of evolution rely on a fitness variable that also occurs
within a generation, which then makes evolution occur at lengthier timescales.

But here are two arguments against such simplifying distinction of timescales.
First, some species, particularly microbes, have really fast generation times [18], which
in theory could allow them to evolve faster than ecological dynamics®. Hyper-evolving
microbial populations have indeed been observed [19] in long-term evolutionary ex-
periments?, and it’s been proposed that the fast acquisition of mutations can override
ecological constraints, leading to an “eco-evolutionary tunneling” [20]. Another feed-
back between population and evolutionary dynamics has been observed in a yeast
system [21], highlighting that the study of different species oftentimes requires a re-
calibration of timescales [22]. Secondly, some ecological events and/or the time-step
between them can occur very slowly. Events such as a chain of islands surging in the
Pacific or the separation of Pangaea into continents occur more slowly than the slower
examples of evolution. Given how these geological events can eventually dominate
the development of an ecosystem [23, 24|, they should also be taken into account
in our ecological framework. The term historical contingency [25, 26] was coined
by paleontologists to describe such geo-ecological forces. Overall, the ecological and
evolutionary processes of natural systems are interlaced to an utmost degree.

Experimental microbial systems have made it possible to focus more closely on the
shorter dynamics of a community by leaving chaotic environmental variables aside.
Experiments can also be run fast and tight to avoid evolutionary dynamics. Micro-
biota assembly becomes then the core object of study in these experiments. One
interesting and overarching observation in these systems is that communities con-
verge to a stable state [27, 28]. Convergence means that starting from different pools

of microbial species, an specific laboratory environment selects for similar commu-

8The larger population sizes of microbes could also lead to slower times to fixation, but larger
populations allow for a faster exploration of the mutational landscape.
9Pioneered by Richard Lenski.
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nity members, which tend to stabilize around an specific fractional abundance. Such
intriguing observation makes us wonder, why do microbial communities converge?
What determines the assembly of such stabilized microbiotas?

A framework used in traditional ecology to describe communities is that “species

are added to communities via speciation and dispersal, and the relative abundances

of these species are then shaped by drift and selection, as well as ongoing dispersal,

to drive community dynamics” [29]. This framework has been widely applied to
microbial systems too [30, 31]. These four categorical ecological forces are very similar
to the forces that population genetics uses to explain evolution, with only two small
changes: speciation instead of mutation, and dispersal instead of gene flow. It is then
perhaps plausible to explain the ecology and evolution of microbiotas, as well as their
assembly process, by studying these four conceptual forces in controlled experiments.
In a recent study, Vega and Gore (2017) [32] explored the effects of bacterial migration
into the C. elegans intestine, observing an stochastic colonization between equivalent
bacteria (hence describing the dispersal and drift forces in this system). In Chapter
2, I will continue exploring the effects of bacterial competitive advantages (selection)
and worm immune system defects (mutation) on the C. elegans microbiota assembly
process. With this, we will complete a conceptual framework to describe the ecology

and evolution of the microbial community in this system.

1.2.1 Natural selection and environmental filtering

Charles Darwin observed immense biodiversity on his travels to the Galapagos Islands
and across the world. To explain the origin of so many different species, he and Alfred
Wallace postulated in 1858 that individuals with certain maximized traits can be
naturally selected to leave more descendants in a specific niche [33]. Such continued
selection and increased offspring across many generations allows these novel type
of organisms to separate from the original population and speciate. Among all the
controversy that “The origin of the species” brought, special attention and criticism
was given to the mechanisms of inheritance in nature. The work with pea plants by

Gregor Mendel provided a more defined process by which the variation in a population
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gets segregated across generations, and how a beneficial allele can be selected for.
The work of Mendel and Darwin was amalgamated into a more defined evolutionary
framework in the early 1900s, which is known today as the modern synthesis. Some
great contributors to this stepping stone in evolutionary biology are Ronald Fisher,

Julian Huxley, Ernst Mayr, and Theodosius Dobzhansky.

Aside from the mechanisms of inheritance, Darwin’s thesis on natural selection
relies on a “struggle for existence” or “survival of the fittest”. This struggle is said
to occur as both interactions within the species (intra-species) and between species
(inter-specific or interspecies). Intra-species interactions are said to be the most se-
vere form of competition, since it is the closest organisms that will compete for the
most similar resources'®. Such interactions connect to the concept of saturation that
I introduced earlier. Given the relevance of interspecies interactions for my scien-
tific results, I will explain these further in the next introductory section. The simple
struggle for existence argument is that if an organism is at a disadvantage in an
environment because the organisms around utilize the space and nutrients more effi-
ciently, such organism will be filtered out of the community. This argument is known
as the competitive exclusion principle'!, and it has dominated ecological thought and

created long discussions over the last century |37, 38].

Baas Becking formulated in 1934 the also simple yet far-reaching statement that
“every [microbial taxon| is everywhere, but the environment selects” [39]. Becking
received partial instruction at the school founded by Beijerinck and was a big advocate
of his enrichment techniques for culturing microbes.!? Nowadays, many studies on
microbial communities enlist this environmental selection or environmental filtering
as one of the main forces shaping microbiota assembly [40, 41, 9]. In section 2.2.5,

I will evaluate the importance of environmental filtering by comparing microbiotas

10 Alle effects add nuance to the classical view that a species will inevitable compete most strongly
with itself. Allee effects occur when, at low population sizes, growth rates become negative due to
little cooperative or facilitative interactions and lead to a population collapse [34, 35, 36].

HNegative frequency dependent selection (NFDS) occurs when the per-capita growth rate of a
species decreases as the population becomes more abundant, and it is usually observed in predator-
prey systems. NFDS adds nuance to the competitive exclusion principle.

12To repeatedly see that specific environmental conditions can enrich for specific microbes regard-
less of the isolation origin was the probable motivation for Becking’s influential statement.
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assembled in the C. elegans intestine vs. the surrounding liquid environment.

The ideas of natural selection and environmental filtering are very similar. The
first one puts emphasis on the struggle between organisms, while the second one high-
lights the abiotic environmental components. Nevertheless, the broad idea of natural
selection does encompass both the biotic and abiotic components of the environment,
and it recognizes the strong link between them. Overall, both ideas refer to the de-
terministic processes of ecology and evolution. Several other terms have been used to
describe the concept of selection, such as species sorting [42|, niche based selection,
and stabilizing mechanisms [30].

I will frame my experimental results on the C. elegans microbiota as an interplay
between environmental filtering and interspecies interactions. I favor this framework
because it acknowledges the importance of intra-species interactions by measuring
carrying capacities, hence nodding at the “survival of the fittest.” Then my framework

quickly moves on to explore how the gut environment and the addition of other

microbial species affect such initial population sizes.

1.2.2 Migration, dispersal, and invasion

In this subsection I will define the different forms of gene flow in ecological systems
while overviewing recent literature on the topic'*. Migration is the movement of or-
ganisms from one location to another. The movement of microbial cells can be a
tightly regulated process, and it can result in complex dynamics in microbial com-
munities. For example, E. coli'® has a genetic regulatory network to decide how
much energy to invest on the molecular motors (flagella) that enable its movement
[43]. This bacterium senses its environment and moves towards higher nutritional

gradients. Such directional motile behavior is called chemotaxis, and chemotactic

13 Although the expansion of our scientific lexicon is a fine endeavor, giving many names to a
similar concept can be detrimental to our clarity. Perhaps the current paradigm in microbial ecology
is to break down the concept of natural selection into more specific processes leading to community
assembly and evolution.

14This subsection won’t introduce vital concepts for the understanding of this thesis, but it serves
to complete my view on microbial ecology and community assembly. Narrower and more concise
introductions are provided in Chapters 2 & 3.2.

15The Gammaproteobacteria Escherichia coli is the most studied microorganism of all time.
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bacteria can have an advantage over non-chemotactic bacteria that are identical in
every other regard [43]. Other recent studies of bacterial migration via motility have
shown aggregation around lysed diatoms [44], optimal expansion speeds [45], larger
populations due to mixing [46], and coexistence patterns through spatial niche parti-
tioning [47, 48, 49].

Migration in microbial systems can also occur in the form of dispersal. This term
highlights a more random, non-deterministic movement of cells. Dispersal can be
easily implemented in the laboratory by mixing liquid cultures from different test
tubes [50]. In these experiments, the array of test tubes models an irregular patchy
landscape, such as islands [23] or scattered natural reserves [51]. In these experiments,
dispersal has been found to increase the spread of adaptations [52] and modify the
survival probability of a community [53, 54].

Migration and dispersal are also widely studied in more natural microbial systems.
After sequencing a natural, semi-natural, or stabilized complex community, the level
of similarity across biological replicates can be used to estimate the importance of
dispersal in the assembly process [55]. It has been estimated that migration is im-
portant for microbiota assembly in wastewater treatment plants [56], and mineral
microcosms like quartz [57|. However, migration might be less important in envi-
ronments like bromeliads [58], and soils with low moisture [59]. The biogeography
of soil microorganisms has also been studied in true islands [60], where it has been
suggested that dispersal can regulate the biodiversity patterns of bacterial and fungi
communities.

The invasion of an established community can follow after a migration event. Such
invasions occur when an introduced species is capable of exploiting an underutilized
resource [61] and/or when it has a competitive advantage over current community
members. The “enemy release hypothesis” states that such competitive advantages
tend to occur because there are fewer specifically adapted predators and competitors
for the introduced species in a novel environment [62, 63|. Invasions can then be

thought of as an interplay between migration and selection.

Several studies have shown the importance of microbial invasion for the assembly
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of microbial communities and the close connections between invasion and interspecies
interactions. For example, the direct growth inhibition from established microbial
community members reduces the probability of invasion [64, 65]. In the C. elegans
gut, Salmonella can establish an invader resistant population due to its ability to
compete against other bacteria [66]. The expansion range of an invading species can
also depend on the patchiness of the environment and the size of the invading popu-
lation [35, 67|. Transient invaders that cannot persist in the community due to weak
competitive abilities can still lead a community to switch across alternative stable
states [68, 69]. The microbiota associated to seaweed is invaded by atypical microbes
after exposure to antibiotics [70]. The transcription levels of an invader can be used
to describe its niche |71]. And invasions are also widely implemented in theoretical
models, where it is possible to test the stability of a community after many invasion
events [61, 72, 73, 74]. Overall, directed migration, random dispersal, and invasion
events are major forces that can shape the assembly of microbial communities.

The most relevant type of migration for my C. elegans work comes in the form of
bacteria being ingested by animals [32, 75, 76]. I will expand on this form of migration

in section 1.5.

1.2.3 Mutation, horizontal gene transfer, and speciation

Mutational change is another fundamental force driving the ecology and evolution
of microbial communities [77]. Mutations can be thought as a tangible separation
between ecology and evolution: mutations are oftentimes not needed for ecological
dynamics to occur, but they are the fundamental generator of speciation and evolu-
tion. The most simple form of mutation comes in the form of single spelling errors
introduced during the replication of the genetic code!®. These simple genetic changes
can accumulate [78, 79| and can cause DNA to evolve novel functions [80] or to repair
regulatory mechanisms in the cell [81]. Single mutations can also cause diverging phe-
notypes that are capable of coexistence [48]. Mutation rates depend on mechanisms

of DNA repair [82] and population dynamics [83], and fast mutation rates can lead

16Single nucleotide polymorphisms (SNPs)
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to genetic hitchhiking [84] and novel evolutionary states [20]. Novel sequencing tech-
niques detecting all mutations in a population have enabled better quantifications of

natural selection [85], functions of genes [86, 87|, and speciation thresholds [88|.

Horizontal gene transfer (HGT) is another more impressive form of mutation.
HGT occurs when a piece of DNA jumps from one organism to another non-descendent
organism [89]. The three most recognized mechanisms of transfer within bacteria are
conjugation [90], transformation [91], and transduction [92]. When HGT brings an ad-
vantage to the receiving organism, the novel genetic material can become permanent
in the population. This was the case in the evolution of Rhizobium, a bacterial genus
that forms close associations with plant roots because of a 500kb genomic island that
has been shared through HGT [93, 94|. Enzymes utilized for chitin degradation have
also been shared within the genus Vibrio [95]. HGT is more frequent between closely
related organisms and between organisms occupying the same habitat [96]. Genetic
plasmids can persist in populations through repeated HGT events [97]. HGT appears
to be ubiquitous in microbial communities associated to humans, and of special im-
portance is the spread of antibiotic resistance by this mechanism [98, 99, 96, 100].
SNPs and HGTs are two out of many other types of mutations that can lead microbes

to accumulate changes in their genetic material.

Microorganisms traditionally binned into one single species can be widely different
[101]. Such binning into one species is supported by close similarities in the ribosomal
genes (16S), which are some of the oldest and most conserved genes [102]. While few
mutations have occurred in core genes like these, bacteria have still diverged widely
in other parts of their genetic material. These diverging genetic regions can be called
the accessory, auxiliary, or flexible genome. Speciation in microbes can be thought of
as an interplay of core genomes keeping species together and flexible genomes pulling
them apart. The ecotype model proposes that some clusters in the large tight-knit
bacterial diversity stay as cohesive units by means of HGT and gene selective sweeps
[103, 104, 105]. The concept of a bacterial ecotype is similar to the more widespread
concept of bacterial strain, but its value resides in allowing different species to be

part of the same ecotype due to niche similarities.
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Mutations occurring in higher organisms like animals can also influence host-
associated microbial communities. The soil worm C. elegans was introduced as a
model system in the 1960s by Sydney Brenner with the intention of creating mutant
lines to study the function of specific genes [106, 107]. Worms that are deficient
in their cellular signaling pathways can have higher [108| or lower susceptibility to
pathogens [109]. Special attention has been paid to the TGFS immune signaling
pathway [110], which reduces the abundance of the bacterial family Enterobacteriaceae
[111]. The DAF-2/IGF pathway also has a strong control of the microbial community
size in the intestine of this worm [109, 112, 113]. Other more neutral mutations in
C. elegans have also been described [114]. On the other side of the host-microbe
associations, it has been found that bacterial mutants can be less virulent to worms
through a decreased resistance to acid [115] and can also increase worm longevity
through the expression of an exopolysaccharide called colanic acid [116]. Overall,
mutations occurring in hosts and in microbes are an important driver of microbiota

assembly:.

1.2.4 Genetic and ecological drift

Our human minds are trained to search for the causes and consequences of things.
However, many phenomena simply happen randomly. The directional forces of en-
vironmental filtering and natural selection shape to a large extent the ecology and
evolution of microbiotas, and most attention is usually given to the description of
such forces, but neutral processes are always present and can also be important for
the assembly of microbiotas. In 1979, Stephen Gould and Richard Lewontin wrote
about how non-adaptive processes can serve as better explanations for the evolution
of some traits in biological organisms [117]. With the analogy of marvelous—yet not
structurally relevant—paintings found on top of a church’s columns, they drew at-
tention to how some complex organismic traits could be the evolutionary byproduct
of the more general evolutionary trajectory of the organism. This argument on the
spandrels of San Marco remains relevant today [118] for the current developing discus-

sion of how much a microbiota is co-adapted to the host where it is found [119]. My
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research in section 2.2.4 argues against a strong host-microbe adaptation occurring
in the C. elegans model system. In the meantime, here is a brief introduction to the

large topic of stochasticity in biology.

Motoo Kimura developed the neutral theory for molecular evolution in the 1960s
[120]. The central thesis of his work was to utilize Brownian motion and diffusion
equations to mathematically model the frequencies of genotypes in a population.
Genetic drift is then the random walk in the frequencies of alleles that can occur
spontaneously when selection is small. The frequency of a mutation that brings nei-
ther harm nor benefit to carriers fluctuates randomly until it hits one of the absorbing
boundaries and it becomes fixed or lost in a population. The fact that neutral muta-
tions can fix in a population means that evolution can occur in a non-deterministic
fashion. Similarly to this framework, Stephen Hubbell developed a neutral theory of
biodiversity and biogeography in 2001 [24]|. His central thesis was that in a neutral
scenario, in which all organisms are equivalent (growth, dispersal, speciation, etc.),
random fluctuations in the abundances of species can lead to rich biodiversity patterns
that are comparable to the ones observed in nature. The neutral theories of Kimura
and Hubbell don’t disprove the concepts of natural selection and ecological niches.
Instead, they are words of caution towards generalizing or overfitting deterministic

ideas of adaptation to explain the existence of biological organisms and communities.

Review articles on microbial ecology and evolution have changed frameworks dur-
ing the last 20 years. They have traversed from including little discussion on ran-
domness [121] to including an stochastic niche theory [122] to acknowledging drift
as a fundamental force shaping microbial communities [29, 30, 31|. Stochastic niche
theory [61] serves as a bridge between the classical view of niches and trade-offs [123]
and the more extreme view of neutrality in Hubbell’s theory. One of the latest re-
views on microbial ecology addresses the importance of integrating experimental data
with mathematical models [124], which lies at the heart of the neutral theory frame-
work. Earlier reviews on microbial biogeography framed the microbial distribution
patterns as an interplay between randomness, environmental events, and historical

events [125], or between speciation, dispersal, and extinction [126]. More recently,
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microbial biogeography has also adopted the framework of selection, drift, migration,
and speciation [127].

Drift and neutrality in microbial communities can be tested by comparing mea-
sured co-occurrence matrices and randomizations of themselves [128, 129, 130, 131,
132|. But a drawback of this framework is that it relies heavily on artificial thresholds
to differentiate species. Other more complex methodologies utilize the average mini-

mal phylogenetic distance between each taxon!”

in one community and the members
of other communities [55, 57]. Other tests of “exact neutrality” have also been ap-
plied to human microbiota datasets [133]. Regardless of methodology, the assembly
of microbial communities usually depends on both stochastic and deterministic forces
[134, 58, 56].

Ecological drift in biological systems can occur in many forms [135]. Of great im-
portance to my work, the bacterial colonization of the C. elegans gut can be stochastic
due to the concentration of bacteria in the feeding substrate [32] and due to pharyn-
geal pumping bursts [136]. Also, the diversity of bacterial viruses can experience drift
due to bottlenecks in the abundance of bacterial hosts within the mice intestine [137].
And similarly, functionally equivalent bacteria can get fixed or lost in a community in
an stochastic manner [138|. But there are also other forms of biological noise, apart
from traditional drift, that can play a role in bacterial population and community
dynamics. For example, an isogenic population of C. elegans displays a variable onset
in the decline of its tissues [139, 140]. The population growth rate of E. coli is larger
than the mean growth rate of single cells due to noise [141]. Stochastic fluctuations
in gene expression can be magnified by positive feedback loops and cause two distinct
subpopulations within the same genotype [142]. Bet-hedging in bacteria refers to such
phenotypic heterogeneities, which can be perpetuated in a population, and can also
arise from epigenetic modifications and asymmetrical cell divisions [143]. Dynamical
models exploring stochasticity in community assembly have also shown important

roles for metabolic commensalism [144], positive density dependences [145], spatial

1" Taxon (plular taxa) may refer to a taxonomic group of any rank, such as a species, family, or
class, but it is mostly used to refer to a monoclonal population. Operational taxonomic unit (OTU)
and single-nucleotide variant (SNV) are other more precise ways to refer to very similar bacteria.
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structure [146], and other sources of noise extrinsic to the system [147].
As stated before, the ecology and evolution of microbial systems can be seen as an

interplay of selection, mutation, migration, and drift. Out of these four forces, natu-

ral selection is perhaps the most complex, the most intriguing, and the most explored
force of nature. My research projects and the rest of this thesis will focus mainly on
bacterial interspecies interactions, which are part of natural selection. However, this
previous introduction to mutation, migration, and drift hopefully places my research
within a larger modern framework of microbial ecology and evolution. Testing all
possible forces at play in microbiota assembly is experimentally unfeasible, but there
is great value at integrating our specific results to the larger picture of microbial

systems.

1.3 Bacterial interspecies interactions

Interactions occurring between organisms appeared briefly within the previous con-
cepts of natural selection and invasion. In this section they will take the center stage.
To explain bacterial interspecies interactions in more detail, first I will differentiate
them from intra-species interactions and trophic interactions, which occur at lower
and higher levels of phylogenetic distance, respectively. Secondly, I will elaborate on
some important theoretical formulations surrounding interspecies interactions, such as
the Lotka-Volterra model, intransitivity, and higher-order interactions. Afterwards, I
will dive into the direct negative interactions that can occur between pairs of bacterial
species. Positive interactions will follow after. Lastly, I will close this section with
some nuances to the positive-negative framework.

Classical laboratory studies in the 1900s with yeast and ciliates showcased the ex-
istence of interspecies interactions in the microbial world [37, 148|. Such studies with
microcosms laid the foundation for the current bottom-up exploration of microbiota
assembly [149]. Novel experimental studies have exploited new techniques to decipher
the molecular mechanisms stabilizing microbial communities [150] and have proposed

testable community assembly rules [27]. My research will follow up the steps of these
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and many other great pieces of science by measuring the prevalence of positive and

negative interactions in static liquid cultures and in the C. elegans intestine.

1.3.1 From intra- to inter-species: a view on species bound-

aries

Organisms are said to be similar if they consume similar resources or if they are
able to colonize similar environments. This so called niche overlap has caused great
confusion over several decades. To make sense of the issue, let’s first think on a very
specific niche with well defined nutrients and spatial boundaries, and let’s assume
that organisms A and A’ can colonize well this niche. Organisms A and A’ are
very similar in almost every regard, and there are only minor differences between
them. The puzzle then becomes whether one type of organism will dominate in the
community or if the two types will coexist. The competitive exclusion principle says
that great similarity between organisms will limit their ability to coexist due to strong
intra-species competition for space and nutrients. Gause and many other ecologists
were big advocates of such exclusion principle based on laboratory experiments [151,
152|. However, how can different species—and hence interspecies interactions—be
generated if one species drives all other emerging species to extinction?

The simple explanation is that different species can emerge due to ecological trade-
offs and geographical separations (allopatric speciation) [153]. Very specific physio-
logical niches can extend over broad spatial scales, at which point the properties of the
adjacent environments can override the ecological competition that, at local scales,
would lead to competitive exclusion [154]. The repeated observation of coexistence
in nature, even at the most narrowly defined habitats and niches, led to the proposi-
tion that natural environments are kept far from equilibrium by external factors that
change repeatedly over time [155]. Hence, whether organisms A and A’ coexist and
perhaps speciate or if they exclude each other is strongly dependent on the temporal
and spatial scales of the niche. I will later show in my C. elegans project that, at

the scale of multiple worms, bacterial competitive exclusion in the gut is unfrequent,
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even between closely related species of the genus Pseudomonas.

DNA sequencing and phylogenetic relationships have come to greatly improve
biological taxonomy and nomenclature [152, 134]. The great early work by Carl Lin-
naeus in the 1700s has been extended and adapted to include microbial diversity
[156]. From closely similar to highly distant, it is still very useful to classify microor-
ganisms into species, genera, families, orders, classes, phyla, and domains, but the
similarity between organisms can now be measured more precisely with phylogenetic
distances. Such distances have enabled more coherent and systematic ways to classify
the large-scale diversity of the bacterial domain (perhaps into more than 90 differ-
ent phyla [157]). At small-scale diversity, sequencing has complemented ecology to
differentiate bacterial strains with as little as 100 SNPs along their genomes [158].
Interestingly, as phylogenetic distance increases, there appears to be a stepwise in-
crease in the probability of inhibition between different bacterial isolates of the genus
Streptomyces and Vibrio [159, 160|. However, at larger phylogenetic distances, the
relationship gets inverted [161]|. This stepwise increase followed by a gradual decrease
in inhibitory interactions between different organisms is currently sculpting a better
understanding of the central concept of species. 1 will later show that phylogenetic
distances between bacteria also correlate with differences in fractional abundances in

the C. elegans microbiota (Figure 2-4).

As phylogenetic distances increase, different trophic levels can appear, hence cre-
ating trophic interactions [162|. The idea of different trophic levels is very important
in traditional ecology. A predator, for example, is said to be in a different level in
the network of interactions than its prey [163], and the addition of a top predator
can lengthen or shorten the food chain depending on the trophic levels that it preys
upon [164]. Trophic levels can appear in the microbial world in many forms, such
as a ciliate protozoan preying on Actinobacteria [165|, flies, worms and other ani-
mals interacting with their microbiota'® [166, 167, 168, 169], or plants interacting

with microbes |58, 170]. The concept of environmental filtering is more widely used

8Nutrients provided by the host can be important for microbiome ecology, and microbes in turn
can provide nutrients for the host.

29



to describe the interactions between hosts and microbes, but given how hosts are
also biotic entities, it might also be appropriate to include host-microbe interactions
within the framework of trophic interactions.

Where should we draw then the boundaries between intra-species interactions,
interspecies interactions, and trophic interactions? Two simplifications can circum-
vent the complications around the concepts of species and trophic levels. First, any
bacterial strain coming from a different isolation event (i.e. different colonies) can be
considered to be a different species. Secondly, given that all bacteria occupy similar
nm spatial scales, they could all be considered to be in the same trophic level’®. Af-
ter these two simplifications, all interactions occurring between non-clonal bacterial

organisms would be considered bacterial interspecies interactions.

1.3.2 Theory, modeling, intransitivity, and higher-order inter-

actions

The simple approach to mathematical modeling is to simplify a natural system into
the most basic form, namely an equation or an algorithm [171], that still recapitulates
the observations. This approach helps to identify the main variables playing a role
in the dynamics of the system. The more nuanced approach to modeling is to also
simplify the system but to get results different from traditional thought and exper-
imental observations [172]. Here, the simplifying assumptions and the logical steps
of the model attempt to challenge the paradigms in the field. Finally, there is the
type of modeling that doesn’t bind itself to experimental data and simply explores
the dynamics of theoretical scenarios. Given the uncertainty associated to ecologi-
cal data and the difficulty of collecting it, ecological theory and modeling oftentimes
remain separate from field and experimental ecology. Experimental microbial sys-

tems have been useful at bridging such gap. My scientific projects themselves focus

9Gralka et al. (2020) [162] argue that microbes can be divided into more defined trophic lev-
els, where secondary consumers feed on the byproducts of primary degraders. However, primary
degraders and secondary consumers can interchange depending on the nutrient source. Hence, we
favor a simplification of microbial communities into networks of species (fixed nodes) and interspecies
interactions (variable links) rather than networks of trophic levels (variable nodes) and trophic in-
teractions (conceptually fixed links).
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on the experimental side of ecology, but they connect strongly to the quantitative
and mathematical approach to interspecies interactions that theoretical ecology has

championed.

Alfred Lotka and Vito Volterra proposed independently in the early 1900s a pair
of first-order differential equations to model the dynamics of predator and prey pop-

ulations?.

The most important feature of the model is the explicit representation
of the interspecies interactions as parameters connecting the abundances of the two
species. Many studies have extended, simplified, and generalized the Lotka-Volterra
model [173]. Some of these include explorations of quadratic forms for the inter-
actions [174], lattice statistical mechanics [175], higher-order interaction parameters
[176, 177, explicit death rates [178], non-symmetric interactions [146], logistic growth
without interactions [147|, and strong positive interactions [179]. Other ecological
models also display similar interaction parameters connecting the species dynamics.
The Beverton-Holt competition model can describe in discrete-time the population
dynamics of plants, and it expresses competitive ability as a function of fecundity
in addition to intra-species and interspecies interactions [180]. Another discrete-
time model is the autoregressive Gompertz model, which has been used to predict
grasslands’ community composition with an intra-species interaction and a pooled
interspecies interaction [181]. Overall, most of these equation-type ecological models
include intra- and interspecies interactions, on top of a growth source, as plausi-
ble knobs that can regulate the abundances of species, while model extensions draw

attention to other possible variables playing a role in ecological systems.

Other important ecological models include food webs [182], mutualistic positive
networks [183, 184, 185], and other networks of interactions [186, 187]*!. Ecological
models also come in the forms of flux balance analysis [191, 192, 193], cellular au-
tomata [194], resource-dependent invasions [61], stochastic metabolic commensalism

[144], other consumer-resource models [195], and models with saturating functional

20The traditional LV model uses (é—f = ax—fzxy to represent the prey population, and % = dxy—yy
for the predator population. The parameters 8 and § connect the dynamics of the two equations.
2INetworks are also widely used to model cellular organization and transcriptional regulation

[188, 189, 190).
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responses [196, 73]. The non-linear functional responses allow for a saturation of the
interaction effects. Interestingly, it is possible to recapitulate the dynamics of multi-
ple ecological models with only the mean, variance, and symmetry of the interactions
[197]%2. Overall, the multitude of modeling approaches in ecology can perhaps be
divided into dynamic equations, networks, and algorithms. A central theme in all
of them is the exploration of biodiversity and stability as a function of interspecies

interactions.

Intransitive interactions are one of the most widely proposed mechanisms leading
to coexistence and biodiversity. In a system with three species, A, B, and C, if
species A drives B extinct, B drives C' extinct, and C drives A extinct, the pairwise
interspecies interactions in the system, which resemble the rock-paper-scissors game,
are defined as intransitive [198]. It has been observed that a cellular automata model
implementing this intransitivity can lead to theoretical coexistence of species at low
mobility regimes [199, 194, 200]. Intransitive networks that can add or cut interactions
between the species can lead to long-living coexistence in a non-equilibrium quasi-
steady state [201]. The abundance of intransitive interactions has been estimated to
be almost 50% of all possible triads in plant communities [202]. However, contrary
to these results in plant communities and the original theoretical proposition, studies
with microbial systems have indicated lower levels of intransitive interactions |64, 203].
I will later show in my experiments that bacterial species tend to coexist in the C.

elegans gut despite having hierarchical and transitive interactions.

Higher-order interactions (HOI) refer to the modification of a pairwise interaction
by a third entity. HOI in ecology are similar in nature to the concept of epistasis in
genetics, where a gene has an effect on how other genetic components interact [204].
HOI can also be defined as the non-additive effect of species towards a community
trait, or as a failing null pairwise model [205]. The concept of “associational effects”
is used in plant ecology to describe spatial structure and HOI between a plant and

its biotic surroundings [206]. Three-way and four-way HOI have been shown to sta-

22Randomizing interaction networks, while keeping these parameters fixed, leads to similar pre-
dictions of biomass, fraction of survivors, diversity, and variance.
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bilize biodiversity in simulations {207, 177|. On the experimental side, an E. coli
that can invade a Chlamydomonas algae and a Tetrahymena ciliate cannot invade a
community with those two species [65]. The mechanics of this HOI is that the algae
inhibits aggregation of F. coli, hence leaving the bacteria vulnerable to ciliate preda-
tion. Another example of HOI is how pairwise interactions inferred from two-species
microbiotas in zebrafish do not predict the high coexistence in five-species microbiotas
[208].

The frequency and prevalence of HOI in microbial systems is currently under
debate [209]. In 1969, John Vandermeer studied protozoan microorganisms and found
that a Lotka-Volterra model without HOI could predict the composition of a four-
species community [148]. This early finding has been complemented with novel studies
on bacteria, which have found that the survival outcomes of pairwise experiments are
enough to predict with high accuracy the survival of species in larger communities
[27]. Part of my experiments in C. elegans push this last framework to show that
fractional abundances of intestinal microbiotas can also be predicted with simple
pairwise experiments. Theory and mathematical modeling have shown a large array
of mechanisms that can lead to complex communities, such as intransitivity and
HOI. Testing the occurrence of such mechanisms in real biological systems is one of

the efforts in the field of microbiota assembly.

1.3.3 Bacterial competition is frequent based on low relative

yields

Interactions occurring between pairs of bacterial species can be classified on a positive-
to-negative axis. Positive and negative interactions are usually called facilitation and
competition, respectively [210, 28]. Competition can also refer to bidirectional nega-
tive interactions [211], but apart from Chapter 3, I will use the term competition with
its broader unidirectional sense. Competition in animal ecology has been broken down
into exploitation, interference, and predation [163]. While exploitation occurs due to

an overlap in the utilized resources, interference and predation refer to direct forms
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of inhibition. A similar separation between direct and indirect negative interactions
has been made for microorganisms, where exploitation for substrates or receptor sites
is differentiated from interference or antagonism via antimicrobial substances [212].

Interference, antagonism, or inhibition between microbes are widely documented
phenomena. In 1928, Alexander Fleming reported spots of no-bacterial-growth on a
surface that should have been fully covered with bacteria. He discovered that an ac-
cidental fungal contaminant was producing a compound inhibiting the growth of the
pathogen Staphylococcus aureus. The compound was named Penicillin, and its pro-
duction and commercialization went on to save millions of lives. Fleming’s accidental
methodology has been widely improved over the last century. Modernized clearing
lawn assays, Burkholder assays, and spent media assays have revealed a variety of
compounds with antimicrobial properties [213]. Apart from its important medical
applications, the observation of low bacterial growth or low productivity areas in co-
culture experiments is the most evident type of bacterial negative interactions. These
same methodologies have shown that the probability of direct inhibition between bac-
teria is a function of their phylogenetic separation [159, 160, 161, 5]. Clearing lawn
assays have also shown that the activation of inhibitory mechanisms in bacteria can be
subject to HOI among community members [200]. Overall, direct bacterial inhibition
is the most thoroughly documented form of competition.

The broader concept of bacterial competition has been widely assessed over the
last decade, and multiple review articles have listed several forms in which it takes
place [210, 211, 214, 215]. One of these reviews, for example, highlights possible
“buffer zones”, where a high-diversity community neutralizes direct inhibition be-
tween species [210]. Following theoretical results, competition is predicted to induce
a local reduction in diversity and an increase in ecological stability?® in microbial
communities. Another review on bacterial warfare highlights possible evolutionary
paths that could have led to the diverse array of attack and defense mechanisms in

bacteria [215].

The concepts of negative interactions and competition are usually understood in-

23Probability that a community will return to its previous state following a small perturbation.
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tuitively in broad terms, but to agree upon the specifics of such concepts is a more
difficult task [163|. Experimentally, microbial competition is measured in multiple
ways. For example, in experiments with protists, a larger number of extinctions in
a community than in all the monocultures combined was used as evidence of com-
petition due to niche overlap and/or inhibitory effects [216]. Competition has been
used to describe a longer and steadier attachment to surfaces that allows a newly
differentiated bacterial species to reach higher densities than others [47]. Competi-
tive exclusion has been observed in biofilms, where competition was detected through
antibiotic stress [217]. A bacterial species can modify its surrounding physiological
conditions and create a restrictive environment that disables the growth of other bac-
teria [218, 212|. And measuring the “growth rate when rare” of an introduced species
has shown high levels of intransitive competition in plants [219]. These are some few

examples of the several current experiment-based interpretations of competition.

Bacterial competition has also been reported through several inference methodolo-
gies. First of all, many studies parameterize Lotka-Volterra models with experimental
data, and the recovery of negative interaction parameters is then used as evidence
of competition [27, 148, 220, 221, 222, 223]. Based on genomic metabolic overlap, it
has been suggested that cooccurring bacteria in human guts compete more strongly
than non-cooccurring species [224]. Interspecies competition has also been inferred
from the proteome overlap of Pseudomonas aeruginosa and Candida albicans [82].
Bacterial negative interactions have even been estimated with measurements and
overlaps of proton nuclear magnetic resonance spectra [225|. Several other meth-
ods have been proposed to infer bacterial interactions from cooccurrence matrices
obtained from sequencing data [226, 227|, but these inferences don’t come without
challenges [228, 229]. Based on cooccurrence and genomic data, interspecies interac-
tions in the C. elegans microbiota have been estimated at 34% negative, while the
substrate around the worms had a much lower proportion of negative interactions
[230, 231|. Although advanced methodologies to infer interspecies interactions have
illustrated important ecological patterns in microbial communities, it has come at the

cost of blurring the lines between the concepts of interspecies competition, negative
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correlation, and trait overlap.

Relative yields are a well delineated methodology to define competition. Relative
yields rely on comparing the abundance of each bacterial species in a community to
its abundance in monoculture. A species reaching a lower abundance in a community
than in isolation can be defined as receiving a net negative interaction from the
members of the community. The yield or abundance of a species can be measured
as its number of cells, colony forming units, biomass, florescence intensity, or other
population size proxies. This simple calculation of relative yields can be easily adopted
when individual species are capable of growing on their own. I will utilize relative
yields throughout this thesis as the means of quantifying interspecies interactions in
static liquid cultures and in the C. elegans intestine.

Two connected observations usually arise when comparing traits?* at the level of
the community and monocultures. First, the productivity of the community is much
less than the additive null model of all monocultures [232, 233]. This simple result
points towards a widespread niche overlap between microbial species. Secondly, the
relative yields of the species are usually below one, meaning that the productivity
of each species is hampered by the addition of other community members. My C.
elegans microbiota experiments align with this view of competition. However, when
the productivity of a species in monoculture is already very low, or even falls below the
limit of detection, it would be hard for other community members to drive such low
productivity even lower. My high-throughput experiments in liquid culture measure
the productivity of bacterial species in environments where they cannot grow alone,
and it is in these cases where we find an abundance of relative yields higher than one,

which are indicative of positive interactions or facilitation.

1.3.4 Positive interactions, communication, and cross-feeding

Positive interactions, facilitation, or cooperation refers to an increase in productivity,

fitness, and /or survival rate of a species due to the presence of another species. Allee

24Biomass is the most commonly studied microbial trait, but other interesting traits include
antibiotic production and degradation, secretion of metabolic byproducts, etc.
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effects, for example, can appear when intra-species positive interactions are needed by
a population to increase in size [34, 67]. Likewise, interspecies facilitation can occur
and shape the structure of microbial communities. For example, communication via
quorum sensing [234] allows for a coordinated production of molecules, proteins, or
biofilms that can provide a benefit to the group. Signaling molecules can also lead to
higher antibiotic tolerance in the intestine of C. elegans [235, 236]. Conserved quorum
sensing mechanisms have been found across different marine bacterial species [237],

so facilitation by means of communication can be far-reaching.

Cross-feeding refers to the exchange of metabolites between organisms [238]. The
exchange of primary metabolites such as vitamins, amino acids, nucleotides, or growth
factors can facilitate the growth of bacterial neighbors [239]. Cross-fed nutrients can
be essential for the interacting bacteria, in which case the coexistence or competitive
exclusion of the species can depend on the external availability of the limiting nutri-
ent [38]. Cross-feeding is regarded as an specific interaction that has been selected
for, while the slightly different concept of overflow metabolism refers to an unspecific
release of unconsumed nutrients or metabolic intermediates [240, 241, 242]. A recent
important study on microbiota assembly found that four Gammaproteobacteria?® are
able to grow on the spent media of every other bacteria [28]. Such direct evidence of
positive interactions was complemented with further observations of bacterial growth
when the primary nutrient was depleted, and with mathematical models that incor-
porate by-product secretions. This study then highlights a widespread nonspecific

cross-feeding, or overflow metabolism, as the main determinant of microbial commu-

nity assembly.

Other forms of cooperation between microbial species have been observed apart
from communication and cross-feeding, such as in the extracellular digestion of re-
sources and protection against antibiotics [149]. For example, positive interspecies
interactions have been inferred on the metabolic activity of a four-species community

[245]. Spent media assays with bacteria from the urinary tract have shown a similar

25Gammaproteobacteria, or simply “Gammas”, is a highly diverse and highly studied bacterial
clade where several human pathogens are found [243, 244].
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prevalence of positive and negative interactions, with 18% and 23% on each side of the
spectrum [5]. Based on a graphical lasso® approach, interactions have been inferred
as mostly positive among highly abundant and conserved species in the human micro-
biome [246]. RNA-sequencing of a marine bacteria invading a phytoplankton bloom
has suggested that positive interactions can enlarge the realized niche of the bacte-
ria beyond its fundamental niche [71]. These different studies on microbial positive
interactions suggest that competition is not the rule across interspecies interactions.
My reserach in Chapter 3 will continue to emphasize the commonality of bacterial

positive interactions at larger scales.

The origin of cooperation and social traits in bacteria has recently received wide
attention. The tragedy of the commons is a concept in economics, morality, and
social evolution theory. “The tragedy is that as a group, individuals would benefit
from cooperation, but cooperation is not stable because each individual can gain
by selfishly pursuing their own short-term interests.” [247]. However, it has been
observed that a yeast strain investing on a cooperative behavior can coexist with its
non-cooperative counterpart due to rare strategies outperforming common strategies
[248]. It is worth noting that interactions between different guilds or different trophic
levels are less constrained towards competition, and in this regard, many positive
interactions have been described between plants and microbes [249, 250, 251]. It
has been posited that positive interactions lead to more productive yet less stable
microbiotas, so plant and animal hosts have incentives to balance the interspecies
interactions within their microbiotas to balance their stability and productivity [119].
My research won’t delve into the evolutionary origins of facilitation. Hence, it is
important to highlight that positive interactions could be either specific and selected

for (symbiosis), or unspecific and unavoidable (metabolic overflow).

26 A sparse penalized maximum likelihood estimator for the concentration or precision matrix of
a multivariate distribution.
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1.3.5 Nuances in the positive-negative axis of interactions

Bacterial interspecies interactions are oftentimes more complex than a simple param-
eter on a positive-to-negative axis. Apart from higher-order-interactions, other added
complexities to the concept of microbial interactions have emerged. For example, in
the previously mentioned system of cooperative and cheater yeast strains [248], the
cooperator strain was engineered to degrade sugars intracellularly to avoid the para-
sitic interaction. This mutant was capable of avoiding the decrease in relative yields
when co-cultured with the cheater. However, this avoidance of competition came at
the cost of reaching lower absolute abundances than the original cooperative strain.
In other words, the public good generated from an extracellular degradation of sugars
creates a niche for competition to emerge, but at the same time it allows for faster

metabolic and productivity rates.

Another nuanced interspecies interaction similar to the concept of cheaters occurs
with the motile oral Bacteroidetes Capnocytophaga gingivalis. Other non-motile bac-
teria can bind to C. gingivalis and can be transported over long distances as cargo
[252]. Based on how the non-motile bacteria skip the cost of gliding, one could infer
a parasitic interaction between the species; however, based on the correlated cooc-
currence patterns of both species, one could estimate a mutualistic interaction; and
based on the strong overlap in the consumed nutrients, one could estimate a bidirec-
tional competitive interaction. A measurement of the relative yields of both species
could be an accurate estimation of their interaction, but only if it takes into account
the spatial scale at which the coupled migration occurs. The microscopic imaging of
dental plaque shows that C. gingivalis forms repetitive spatial patterns with other

non-motile bacteria, which is then suggestive of a mutualistic interaction [253].

Interactions can also change due to conditions extrinsic to the species. A transi-
tion between competition and cooperation due to the concentration of ammonia in
the medium has been described in a phototrophic microbial community [254]. The
initial inoculum ratio between a Pseudomonas and an E. coli species had an effect on

the bacterial interactions in static cultures [255]. The competitive hierarchy of two E.
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coli strains can be inverted due to active segregation and spatial exclusion [49]. The
niche complementation and competition between the members of a seawater microbial
community increase as taxonomic richness increases [233|. The overrepresentation of
network motifs in plant communities has also suggested that competition between
two species can arise from the presence of a third interacting species [256]. Finally,
it has been estimated that different C. elegans mutants enrich for different bacterial
interactions within the worm microbiota [113]. Overall, these studies highlight how
interspecies interactions depend on many ecological parameters. My comprehensive
quantification of bacterial interactions presented in Chapter 3 connects to this emerg-
ing view of interspecies interactions as a more responsive rather than permanent link

between species.

Fast rates of evolution can also add nuance to bacterial interspecies interactions
[20]. High rates of genetic exchange via HGT between spatially and phylogenetically
associated microbes can decrease the stability of a competitive advantage [134, 90].
If a niche-determining gene is shared among microbiota members®’, the once deter-
ministic coexistence or competitive exclusion of the neighbor species can shift to a
neutral drift scenario. Similar to this, evolution of plants in response to interspecies
(interspecific) competition resulted in more even population sizes of the competitors

via evolved changes in competitive ability [258].

Although direct inhibition can be well tested in laboratory settings, some other
interspecies interactions cannot be easily differentiated between direct or indirect.
Accidental predation between animal species [163] and accidental generation of re-
strictive physiological conditions in bacterial systems [212, 218] are examples of these.

Other frameworks define interspecies interactions based on the productivity of
the community [232, 233]. The highest of the monoculture yields can be thought as
occupying a maximum niche, so an increase from this observed maximum could be
called a positive interaction from the added species to the community productivity.

Connecting to this framework, my experiments with C. elegans show that most co-

27 Aquisition of mobile genes can be important for bacterial species to colonize specific human
populations [257].
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cultures reach lower community sizes than the higher of the monoculture population
sizes, which would still be indicative of competition. However, other studies define
competition as a community trait lower than the average of the monoculture traits
[245], or lower than a calculated community trait based on fractional abundances
[255]. These other frameworks may be of use when the community productivity is
the object of study. Nevertheless, when the fractional abundances of the community,
or community assembly, is the main object of study, the definition of positive and

negative interactions makes most sense based on relative yields.

1.4 Massively parallel screening of synthetic

microbial communities

Microbial communities exhibit emergent consortia-level functions that are vital to all
ecosystems on Earth?®. The complexity of microbial interactions and environmental
dependencies can lead to unpredictable behaviors even in apparently simple communi-
ties, posing a challenge to consortia design [260, 261, 262, 263, 210, 264, 265, 266, 267|.
High-throughput phenotypic screening has found widespread use as a discovery strat-
egy for novel gene targets [268, 269] and drugs [270], but its adoption in microbial
consortia discovery has been hindered by the logistical complexity of constructing
strain combinations. Conventional liquid handling techniques and platforms (such as
96-well plates) may not be sufficient to adequately sample the combinatorial space in
a single experiment [271|. For example, from a library of just 16 strains, generating all
subsets of size 1 to 7 in a single medium would require, approximately, 160,000 liquid
handling steps and three hundred 96-well plates (without replicates). As these com-
binations could not be prepared in advance and would have to be assembled on the
timescale of cell division (one hour), generating even 10% of these combinations would

likely be logistically impractical. Indeed, combinatorial studies conducted in liquid

28Kehe J, Kulesa A, Ortiz A, Ackerman CM, Thakku SG, Sellers D, Kuehn S, Gore J, Friedman
J, Blainey PC. Massively parallel screening of synthetic microbial communities. Proceedings of the
National Academy of Sciences. 2019 Jun 25;116(26):12804-9.[259]
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Figure 1-2: kChip enables massively parallel construction of microbial com-
munities. (A) To run a kChip screen, 1-nL droplets are first produced. Each droplet
contains a color code (a combination of three fluorescent dyes in a specific ratio) that
maps to the corresponding input. Afterwards, droplets are pooled and loaded onto
the kChip, where they randomly group into microwells. The microwells are designed
to group precisely k droplets. The kChip is imaged to identify the contents of each
microwell from the droplet color codes. Droplets are then merged within their re-
spective microwells via exposure to an alternating-current electric field, generating
parallel synthetic communities. Community phenotypes can be tracked via optical
assays including fluorescent protein expression (e.g. GFP) and respiration-driven re-
duction of resazurin to the fluorescent product resorufin (Figure 5-7). (B) Example
micrographs show grouping and merging of droplets for each microwell type. Microw-
ells are densely packed on the kChip, with k dictating microwell density. A single
microwell type can be arrayed across a kChip (“Full kChip”). For screening applica-
tion reported in Figures 3-1, 3-2, and 5-8, we've generated a k = {1:7;19} Chip that
includes different microwell types arranged in parallel.

media typically construct <10% unique synthetic communities [27, 64, 232, 272, 273].
Some of the largest combinatorial studies [160, 161, 274] instead used the previously
discussed Burkholder plate assay, whereby an array of n microbial species is laid
on top of an agar plate previously inoculated with another species. Those studies
have measured up to ~ 10°> — 10* interactions, but they are typically restricted to
binary compositions. Diffusion between colonies further places an upper bound on

the density of the colony array and the throughput of the screen.

Kehe et al. (2019) [259], following from Kulesa et al. (2018) [275], introduce a
platform called the kChip that addresses experimental scale and setup time require-
ments to assay microbial community function in high throughput. The kChip system
(Figure 1-2) enables parallel construction and quantitative screening of up to 105 syn-
thetic microbial communities per day and requires no robotic liquid handling. The

platform screens n-multichoose-k combinations, meaning each parallel community is
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composed of precisely k inputs (e.g. strains or media) randomly selected (with re-
placement) from a larger library of n, where both n and k are selected by the user.
Drawing on advances in micro-compartmentalization [276, 277, 278, 279], the kChip
platform generalizes a high-density microwell array approach that groups and merges
sets of nanoliter droplets that each carry input components, an approach we previ-
ously demonstrated for pairwise combinatorial compound screening [275]. Further
developments to the platform have enabled droplets to self-assemble randomly into
groupings of k = {1, 2, ..., 7, 19} dictated by microwell geometries (Figure 1-2B),
greatly reducing the time and logistical complexity of combination assembly. As with
other droplet microfluidic systems, the kChip platform is amenable to fluorescent
assays and uses small assay volumes that conserve valuable inputs. Furthermore,
the length scale of kChip microwells (100-1000 pm) is a natural ecological scale for

interaction-driven microbial community assembly [15, 280, 281, 282].

1.4.1 The kChip constructs community sets of controlled size

To generate synthetic communities from a library of n input strains, the kChip groups
a random subset of k inputs into each microwell. Each kChip contains tens of thou-
sands of microwells where each microwell contains a random grouping of k species.
Multiple kChips and/or values of k can be used in accordance with the desired size,
number, and replication of combinatorial groupings.

The setup for kChip screening requires three steps: (1) droplet generation?® and
pooling (10 min), (2) droplet loading and grouping (20 min), and (3) droplet merging
(10 seconds) (Figure 1-2). Prior to droplet generation, a “color code”; or unique ratio
of three fluorescent dyes, is mixed with each input. FEach color code is therefore
packaged with its input when droplets are initially generated and can be used to
identify droplet contents [275]. Color-coded droplet sets are then pooled together
to form a droplet library. The droplet library is loaded onto the kChip in a single
pipetting step. Droplets spontaneously self-assemble into random groupings of k

droplets determined by the size, shape, and internal design features of the microwells

29Bio-Rad QX200 Droplet Generator, which produces 20,000 1-nL droplets per 20-pL input
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(Figure 1-2). The kChip is imaged (2X magnification) to identify contents of each
microwell from the droplet color codes (Figure 1-2). The droplets in each microwell are
subsequently merged to combine their contents via exposure to an alternating current
electric field generating thousands of parallel n-choose-k synthetic communities.
Microwells that group different numbers of inputs can be combined on a kChip in
any organizational pattern chosen by the user. Microwell density on a kChip decreases
as k increases (Figure 1-2), so the total number of assay points on a given kChip
depends on the microwell layout (~13,000 if all microwells are k = 7; ~60,000 if all
microwells are k = 1). Our working kChip, used for screening applications described
below, has microwells that accept up to 7 or 19 droplets (k = {1 : 7;19}) with roughly
even representation of each microwell type to enable simultaneous construction and

assessment of communities of different richnesses.

1.5 Intestinal and host-associated microbiotas

The appearance of animals and plants on Earth occurred within an already highly
diverse and sophisticated microbial world [283|. Long before eukaryotes appeared,
major ecological and evolutionary forces had generated tight microbial communities
capable of growing and colonizing every viable environment. For example, photosyn-
thetic Cyanobacteria can associate with purple sulfur bacteria (Gammaproteobacte-
ria) to build stratified microbial mats that resemble ancient Precambrian®® stroma-
tolites [284, 14]. Over the last billion years, as eukaryotes acquired organelles [285]
and developed novel tissues and surfaces, microbial communities also developed to
colonize these new environments. Two centuries of microscopy and two decades of
next-generation sequencing have ascertained that microbial communities abound in
nature, and they specially associate to animal and plant hosts. The currently emerg-
ing microbiome sciences strive to explain these host-associated microbiotas from the

points of view of biochemistry, genetics, biodiversity, and assembly. My research

39The Precambrian spans from the Earth’s formation, about 4.6 billion years ago, to the beginning
of the Cambrian Period, about 541 million years ago. Stromatolite formation peaked about 1.25
billion years ago.
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will delve specifically on the assembly process of simple intestinal microbiotas in C.
elegans, but in this section I will give you a more encompassing overview of the

microbiome sciences.

The development, nutrition, and immunity of animals are strongly dependent on
their gut microbiotas [283]. Although we recently developed a clear picture of the
microbial species present in healthy gut communities [7], we still lack understanding
on how do they assemble and how do they break down. An early review on the hu-
man microbiota assembly recognizes the importance of the deterministic, stochastic,
and history-dependent processes [122] that I introduced earlier. At broad phyloge-
netic levels, a developed microbiota resembles conceptually the climaz community of
succession theory [10, 12|, but at finer phylogenentic levels, there exists a large inter-
individual and temporal variability [122, 138]. The observation of similar healthy
microbiomes across individuals yet variable dysbiotic communities can be explained
as a transition from stable to unstable community states, and this phenomenon has
been named the “Anna Karenina principle”! [286, 287|. A multi-omics approach has
been suggested and embraced as the means to explain in more detail our microbial
commensals’ function and mechanism of action [288|. Sequencing technologies have
expanded our view on microbial diversity by revealing vast amounts of unculturable
microbes, or microbial dark matter [289]. Microbial species that have never been iso-
lated can now be modeled with their metagenome-assembled genomes (MAGs) [290]
and correlations between these MAGs can be used to infer microbial interspecies

interactions at large scale [226].

Animal model systems have emerged to bridge the divide between sequencing-
based and culturing-based approaches in microbiome studies [291]. Holistic sequencing-
based approaches can infer interactions between all microbiome members, while ex-
perimental culturing-based approaches can quantify interactions between selected
microbiota members. Useful model systems like mice, zebrafish, and insects have

emerged as alternatives to study host-microbiota interactions and bridge this sequencing-

31Paralleling Leo Tolstoy’s dictum that “all happy families look alike; each unhappy family is
unhappy in its own way.”
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culturing divide [166]. Given the lower anatomical and spatial complexity of small
animals, simple yet semi-complete microbiotas can be constructed within them to
test hypothesis experimentally. The assessment of the microbiome of many different
insects has shown Proteobacteria and Firmicutes as their most abundant phyla [292].
Interestingly, Proteobacteria is also one of the most unstable phyla in the human
gut, and its overabundance is associated to obesity and other dysbiotic states [244].
Although Proteobacteria is found in the mammalian gut at abundances below 2%,
its overabundance could be a trigger unbalancing the Firmicutes-to-Bacteroidetes ra-
tio that is characteristic of dysbiotic states [293, 294|. Rigorous testing of such an
hypothesis in humans is unfeasible, but mice and other model systems offer practi-
cal experimental opportunities to dissect hypothesis like this and explore microbiota
assembly [295].

Intestinal communities have well defined spatial and temporal boundaries, which
are dictated by the host life history. It is interesting how this defined boundaries
are opposite to the view in traditional ecology of there being “no single correct scales
at which to view ecosystems” and communities being “just an arbitrary subdivision
of a continuous gradation of local species assemblages” [22]. The study of bacterial
colonization of the digestive tract has shifted over the last twenty years from a genetics
and culturing approach [212] to a sequencing and inference approach. The tractable
intestinal microbiotas of animal model systems have opened new avenues to combine

these frameworks and explore cause and consequence between microbiota status and

host health.

1.5.1 Human microbiota assembly

The composition of the human gut microbiota can change dramatically based on host
diet, and such microbiota changes have been linked to a wide variety of diseases and
disorders®?. One influential study linking human diet and microbiome composition

utilized 16S sequences of the microbiota of young children from multiple countries

32Including Parkinson’s disease, autism, depression, obesity, diabetes, ulcerative colitis, cardiovas-
cular disease, and multiple cancer types [296]
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to suggest that a cereals-heavy diet might increase Bacteroidetes’ abundance and
induce healthier and more diverse microbiomes [297|. Human adults can also display
changes in their microbiome after strong diet shifts; for instance, a bacterium from
the genus Prevotella associated to fiber degradation decreases in abundance when
vegetarians switch to meat diets [298]. Diet shifts can also induce prompt changes in
the abundances of Firmicutes and Bacteoidetes in mice [294]. The production and
availability of short-chain fatty acids like propionate [299] and butyrate [300] have

been proposed as mechanisms by which the gut microbiota influences host health.

Apart from diet, the human microbiota has also been shown to vary due to succes-
sional and inhibitory dynamics between the microbial community members. Time-
series metagenomic data of adult diarrhea patients shows an initial decrease of Bac-
teroidetes and Firmicutes, followed by a transient increase of phages [301]. Viral
sequencing data from the gut (virome) of newborns has shown a stepwise assembly
modulated by breastfeeding, where initial bacterial phages (prophages) are succeeded
by human phages during the first months after birth [302|. Some microbiota members
have also been shown to interact with the host and other microbial species and lead
to healthier human states. For example, asthmatic children containing a Corynebac-
terium in their upper respiratory tract have lower probabilities of asthma attacks
[303]. Also, a Lactobacillus isolated from the human nose has been shown to inhibit
the growth of pathogenic bacteria from the genera Staphilococcus, Haemophilus, and
Morazella through in vitro and in vivo co-culturing experiments [304]. Other syn-
thetic microbiotas have been isolated from the human gut [273] and human urinary
infections [5], and their build-up in laboratory settings has revealed important roles

for interspecies interactions in their ecological dynamics.

Intergenerational transmission of microbes has lead to an adaptation between the
human host and its microbiota [305], but defining which microbiota members have
coevolved with the host is currently under debate [119]. Strong vertical transmis-
sion of microbes is known to occur through the birth canal [306] and breastfeeding
[302]. Some evidence also suggests that the human intestinal microbiota is seeded

before birth [307]. Although microbes can be found in the tar-like substance lining
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the intestines of fetuses and newborns (meconium), the mechanism and timing of bac-
terial colonization are still unclear. Within-person adaptive evolution has also been
described for populations of Bacteroides fragilis, which accumulate SNPs and HGTs
across years of inhabiting their human hosts [308].

The mouse model system has been thoroughly used as an experimental bridge
to understand the complex mammalian gut. For example, microbiotas from diverse
habitats, including soils, humans, termites, and microbial mats have been fed to mice
to build compounded foreign microbiotas [309]. These xenomicrobiotas have shown a
gut environmental filtering enriching for Firmicutes from the Clostridia class. When
mice are fed with unhealthy fiber-free diets, bacteria capable of degrading mucus in-
crease in abundance, and the mucus barrier decreases in thickness [310]. Laxatives can
cause mice to shed their gut mucus barrier and loose certain bacterial families [311]. Tt
has been reported that an oral pathogen reaches higher abundances when co-infecting
mice abscesses with a microbe from a different environment (allopatric), likely due
to an expansion of the metabolic capacity of the bacterial pair [312]. Overall, great
advancement has been made towards understanding the microbial colonization of the

complex human and murine microcosms.

1.5.2 C. elegans as a tractable model system

C. elegans and other animal model systems display simpler physiological character-
istics than mammals, which allow for easier tractable microbiota studies [313]. C.
elegans is a non-pathogenic transparent roundworm from the phylum Nematoda of
about 1 mm in lenght, and it is usually found in temperate soils enriched with organic
matter [314]. C. elegans develops from eggs to adulthood through four larval stages,
it is either hermaphrodite or male, and each worm lays an average of 300 eggs in the
short time frame of 60 to 120 hours old [315]. The formation and dynamics of the
C. elegans intestine and pharynx organs have been thoroughly characterized at the
molecular level [316]. For example, C. elegans creates an acidic intestinal environ-
ment through the action of proton pumping V-ATPases [317|, and its minute-long

half-maximal-volume defecation cycles [318] generate strong pH oscillations [319].
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The functioning of the C. elegans rectal canal [320] and the bi-nucleation of its ep-
ithelial cells [321] have been linked to its microbiota. The C. elegans physiological
aspects of most relevance to microbiota assembly include its bacterial (bacteriovore)
diet, the grinding action of its pharynx, and its innate immunity [112, 32|. Review
articles have described the links between the worm microbiota and its health and
aging processes [322], as well as host-microbe and microbe-microbe interactions [323].

Over the last two decades, several studies have shown the killing of C. elegans
by many important microbial pathogens. These include Pseudomonas aeruginosa
[324], Serratia marcescens [325], enterotoxigenic E. coli [326, 327|, different Salmonella
serovars [328, 115|, gram-positive bacteria like Staphylococcus aureus [329] and Mi-
crobacterium [330], yeasts like Cryptococcus neoformans [331] and Candida albicans
[332, 333], and the intracellular pathogen Microsporidia [334, 335], among many oth-
ers [336, 323]. These studies have revealed infection mechanisms of great relevance for
medical applications. The p38 mitogen-activated protein kinase (MAPK) pathway
[108, 337, 338], the insulin-like signaling pathway [109, 339, 113|, and the transform-
ing growth factor beta (TGFf3) [110, 340, 111]| have been shown to activate the C.
elegans’ immune response that counteracts intestinal bacterial proliferation. Sev-
eral components of these immune pathways are conserved between C. elegans and
mammals, which opens a path for translational research® [341]. The antimicrobial
effector molecules under the regulation of these signaling cascades include enzymes
to break bacterial cell wall, lipids, and sugars, such as lysozymes, lipases, and lectins
[342, 343, 344, 345, 346]. My results in section 2.2.6 argue that although the C. ele-
gans’ p38 MAPK pathway reduces bacterial loads, it has little effect on the microbiota
composition.

Apart from its immune system, C. elegans interacts with its microbiota through
other mechanisms. C. elegans can learn behaviors from repetitive chemical and en-
vironmental cues [347], and it has been shown that larvae are capable of choosing
bacteria on agar plates based on the food quality [348] and the pathogenicity of the

bacteria [349]. Such preferential feeding behavior has not been reported in well-mixed

33Translation of basic scientific findings in a laboratory setting into potential disease treatments.
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conditions. Other C. elegans behaviors that could influence its microbiota are social
aggregation during feeding [350], the choosing of starvation in exchange for mates

[351], and the neuron-dependent slowdown in movement when food is available [352].

Gel-forming mucins are known to cover the intestinal epithelium of mammals,
where they act as a dynamic barrier to bacterial colonization [353]. Proteins resem-
bling mammalian mucins are also found in C. elegans [354]. Interestingly, a recent
study has shown that the mucin MUL-1 is exploited by P. aeruginosa to infect the

worm [355], which expands our view on how mucins play a role in host colonization.

In the last ten years, an ecology and evolution point of view has been adopted
to study the C. elegans microbiota. First, experiments with two microbial colonizers
showed that Salmonella can establish a population that is resistant to invasions by
E. coli [66]. It was also shown that Lactobacillus acidophilus [356] and Acinetobacter
[332] can ameliorate other pathogens’ infections. These co-culturing studies hinted
at the importance of interspecies interactions for the worm microbiota assembly. Af-
terwards, studies co-propagating (co-passaging) worms and microbes over multiple
generations showcased evolutionary transitions capable of producing more compet-
itive bacteria [66], or also more pathogenic [357|, more protective [358], and more

defensive bacterial species [359] depending on the selection regime.

Adaptations between worms and microbes can occur under tight laboratory se-
lection regimes, but do adaptations between worms and microbes happen as well in
natural settings? With this question in mind, a last wave of studies directly3* isolated
microbes from C. elegans’ guts after worms had been newly isolated from compost
heaps [361] or European topsoil [362]. It was then reported that a Pseudomonas and
a Bacillus isolated from worms can prevent infection by P. aeruginosa [361, 363];
natural bacterial isolates can also influence the development of C. elegans [364]; and
a sysnthetic microbiome with 14 natural isolates increases the larval output of C. el-
egans compared to the typical E. coli OP50 microbiota [365]. Further exploration of

the biodiversity in the C. elegans natural or native microbiota have taken a biogeog-

34The recollected worms have been grown on a complex mixture of microbes over several genera-
tions in the laboratory before isolating bacterial strains [360].
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raphy approach to describe the differences and similarities to the feeding substrate
[41, 230, 231]. In section 2.2.4, I will further explore the competitive ability of some
of these native bacterial isolates.

This is the end of this thesis’ introduction. First, I gave a layout of the main drivers
in ecology and evolution. Secondly, I explained bacterial interspecies interactions
from a conceptual and an experimental point of view. And third, I introduced a
novel microfluidic device and an animal model system to explore bacterial interspecies
interactions at large scale. In the next two Chapters, I will outline my findings on
the prevalence of interspecies interactions and the effects they have on microbiota

assembly:.
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Chapter 2

Interspecies bacterial competition
regulates community assembly in the

C. elegans intestine

In collaboration with Nicole M. Vega and Christoph Ratzke!

From insects to mammals, a large variety of animals hold in their intestines com-
plex bacterial communities that play an important role in health and disease. To
further our understanding of how intestinal bacterial communities assemble and func-
tion, we study the C. elegans microbiota with a bottom-up approach by feeding this
nematode with bacterial monocultures as well as mixtures of two to eight bacterial
species. We find that bacteria colonizing well in monoculture don’t always do well
in co-cultures due to interspecies bacterial interactions. Moreover, as community di-
versity increases, the ability to colonize the worm gut in monoculture becomes less
important than interspecies interactions for determining community assembly. To
explore the role of host-microbe adaptation, we compare bacteria isolated from C.
elegans intestines and non-native isolates, and we find that the success of coloniza-

tion is determined more by a species’ taxonomy than by the isolation source. Lastly,

1Ortiz A, Vega NM, Ratzke C, Gore J. Interspecies bacterial competition regulates community
assembly in the C. elegans intestine. The ISME Journal. 2021 Feb 15:1-5.[366]
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by comparing the assembled microbiotas in two C. elegans mutants, we find that
innate immunity via the p38 MAPK pathway decreases bacterial abundances yet has
little influence on microbiota composition. These results highlight that bacterial in-
terspecies interactions, more so than host-microbe adaptation or gut environmental

filtering, play a dominant role in the assembly of the C. elegans microbiota.

2.1 Introduction

Bacterial communities are found almost everywhere in nature [367]. Among the
many ecosystems in which bacterial communities play a fundamental role, the animal
digestive tract is one of remarkable importance [368, 283|,. These large, complex,
and highly organized bacterial consortia [253| can degrade food and deliver nutrients
to their host [369], protect against invading pathogens [370, 363|, and even produce
neurotransmitters that affect host behavior [371].

Despite considerable efforts toward elucidating the composition and function of
these intestinal bacterial communities [372, 7], the rules that govern their assembly are
still not fully understood [124]. Recent studies have taken advantage of animal model
systems, such as mice [309], zebrafish [373, 208], honey bees [6], flies [374, 168|, and
worms [360], to experimentally address the composition and assembly of simpler gut
microbiotas [166]. A recurrent explanation for the assembly of these communities is
that the gut can strongly filter the bacterial colonizers and select for a core microbiota
[375, 292]. If such environmental filtering is sustained over evolutionary timescales, an
adaptation between hosts and microbes can occur and a symbiosis can develop [376],
but not all associations between hosts and microbes are indicative of adaptation or
co-evolution [377]. The competition assays via co-culturing microbes [6] and the
bottom-up assembly of microbiotas [149] that are possible in animal model systems
provide an opportunity to test which forces influence microbiota assembly (Figure
2-1A).

The nematode C. elegans is a good model system to study gut microbiota assembly

[323]. Multiple human pathogens are also pathogens for C. elegans [323, 322|, and the
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Figure 2-1: Different bacterial species reach widely different population sizes
in C. elegans gut.(A) Diagram of the C. elegans microbiota assembly and the
three biological forces (orange) that might influence this process and that we study
in this article. To construct and measure simple microbiotas in C. elegans, a defined
number of bacterial species are fed in liquid culture to a same-age adult population
of C. elegans previously sterilized with antibiotics. The liquid feeding substrate is
restored every day to maintain equal bacterial concentrations during the four days of
colonization. Afterwards, worms are mechanically disrupted in batches of ~ 20, and
counts of colony forming units (CFU) are used to determine bacterial population sizes
in the worm gut. (B) Phylogenetic tree from full-length 16S rRNA gene sequences
of the 11 non-native bacterial species used to colonize the gut of C. elegans. (C)
Bacterial population sizes in monoculture colonization of immunocompromised C.
elegans (AU37) span two orders of magnitude. These population sizes reflect the
inherent abilities of bacteria to colonize the worm intestine environment. Points are
the average of 8 or more biological replicates, and error bars are the standard error
of the mean (s.e.m.).

longevity [116] and reproduction [378, 364], of this worm are linked to its microbiota.
Furthermore, the C. elegans gut environment filters the larger bacterial pool found
in natural feeding substrates, leading to the assembly of a core microbiota [41, 365].
Such environmental filtering can occur via behavioral food-avoidance [349], ingestion
rates [379, 32|, and host mucins [355], among other factors [363, 323]. Recent reports
have suggested that the worm’s innate immunity [113, 111] and microbe-microbe
interactions [230| play a dominant role in the C. elegans microbiota assembly, but an

experimental comparison of the many forces in play is still lacking.

In this study, we colonized C. elegans with simple microbiotas to determine the

effect that bacterial interspecies interactions, host-microbe adaptation, and environ-
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mental filtering have on the underlying assembly process (Figure 2-1A). We found
that the ability of a bacterial species to colonize the worm gut in monoculture was
often inadequate for predicting the relative abundances of two-, three-, and eight-
species microbiotas. Additionally, in experiments with bacteria not isolated from C.
elegans (non-native), we found that the fractional abundance of two-species micro-
biotas can be used to predict the composition of three-species microbiotas, indicating
that assembly rules based on pairwise interactions [27] can provide insight into the
composition of gut microbiota communities. Finally, C. elegans and its feeding sub-
strate can reach different stable states, and the acidic pH of the worm gut may be
a component of the environmental filtering by this host during community assembly.
With this, we advance our understanding of the polymicrobial colonization of the C.

elegans gut and provide insight into bacterial community assembly within a host.

2.2 Results

2.2.1 Monocultures differ significantly in their ability to colo-

nize the C. elegans intestine

To investigate community assembly in the gut of C. elegans, we fed germ-free syn-
chronized adult worms with different bacterial species, in monoculture or in mixture,
over four days in a well-mixed rich liquid medium (Methods 2.4, Figure 5-1A%). The
majority of worms survived the four-day period of feeding and colonization, after
which we allowed live worms to feed briefly on heat-killed E. coli OP50 to remove
transient colonizers [32, 361]. We then cleaned the surface of the worms with consec-
utive washes, and measured the intestinal bacterial densities by grinding batches of
worms, plating, and counting colony forming units (CFU, Figure 5-1B) with distinct
morphologies [380]. The supernatant of each sample was plated to verify that CFU
counts came from the worm digestions instead of the background media (Methods

2.4). This protocol allowed us to construct and quantify simple microbiotas in C.

2Supplementary information like this can be found in Chapter 5
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elegans.

We began by feeding C. elegans in monoculture to quantify the ability of a range
of bacterial species to colonize and grow in the worm intestine. As a starting point, we
first utilized an immunocompromised C. elegans mutant (AU37) and a set of eleven
non-native bacterial species (Figure 2-1B), representing the phyla Firmicutes (gram-
positive) and Proteobacteria (gram-negative). We found that all bacterial species
colonize (i.e. accumulate with or without active growth) the C. elegans intestine,
with mean population sizes (Figure 2-1C and 5-1C) ranging from 200 CFU per worm
in the case of B. cereus, up to 20 000 CFU/worm in the case of S. marcescens.
Our three Firmicutes reach low population sizes in the worm gut and low carrying
capacities in the liquid media (Figure 5-1E), but the carrying capacities in the liquid
media don’t explain the variation in monoculture colonization (Figure 5-1F-G). These
results indicate that different non-native bacterial species have a wide range of abilities

to colonize the C. elegans intestine in monoculture.

2.2.2 Composition of two-species microbiotas are influenced
by competitive and hierarchical bacterial interspecies in-

teractions

To assess the compositional trends of the C. elegans microbiota, we constructed the
simplest intestinal communities in this worm by feeding it with all possible two-
species mixtures from the same eleven non-native bacteria as before (55 pairs, Figure
2-2A and 5-2A). We fed worms with both bacteria present at similar concentrations
(~ 10" CFU/mL, Methods 2.4) to normalize the rate of ingestion. We found that a
majority (41 out of 55, ~75%) of pairs displayed coexistence, with both species present
above the detection limit of 2%, whereas the remainder (14 out of 55, ~25%) led to
competitive exclusion of a species (Figure 2-2B and 5-2B). These results show that
bacteria with no prior conditioning for the C. elegans gut commonly reach coexistence
in two-species microbiotas.

The interactions between bacterial species in a microbiota can be classified as pos-
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abundances of 55 co-culture experiments in C. elegans intestine (AU37); error bars
are the s.em. of 2 to 8 biological replicates (Figure 5-2). Bacterial species are
ordered from left to right by their mean fraction across all co-cultures. RIGHT
panels: Null expectation for the fractional abundances based on a non-interacting
model where each bacterial species reaches its population size in monoculture; error
bars are the s.e.m. from bootstrapping over the monoculture data. * and ** represent
a statistically significant difference between the two panels at p-values of .05 and .01,
respectively (Welch’s T-test). (B) Coexistence of two species is more common than
competitive exclusion in the worm intestine. (C) Low yields in two species microbiotas
—relative to monocultures— are indicative of competitive interactions (Figure 2-2);
error bars on X-axis are the s.e.m. and on Y-axis the s.e.m. from bootstrapping
over monoculture and pairwise data simultaneously. (D) Competitive ability, defined
as the mean fractional abundance in co-culture experiments, relates to monoculture
population size, but there are significant deviations; error bars on Y-axis are the
propagated error from the s.e.m. of the co-culture experiments.
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itive, negative, or neutral based on the yields of the bacteria relative to their monocul-
ture population sizes. To classify the interactions in our two-species microbiotas, we
calculated the relative yield of species ‘i’ with species ‘j’, RYjj;, as its population size

Nijj

in co-culture, N;);, divided by its population size in monoculture, N; (RY;; = =,

see Methods 2.4 for detailed implementation). We found that most species cannot
reach their monoculture population size in co-culture experiments, RY < 1 (Figure
2-2C, 5-2D-E), suggesting that interactions between species are largely competitive
[208, 232, 210]. From our 110 RY measurements, only Ea co-cultured with Pa reached
a RY significantly greater than 1. Furthermore, most co-cultures reach lower com-
munity sizes than the higher population size of the monocultures (Figure 5-2D),
indicating that the observed low relative yields are not simply due to competition
for fixed space within the worm gut. Interestingly, the mean relative yield of each
species does not correlate with its monoculture colonization (Spearman correlation
rs=—.20, p=.55, Figure 2-2C), indicating that a large population size does not protect

a bacterial species from being harmed by competition in co-culture experiments.

To explore the influence of monoculture colonization ability, which does not de-
pend on interspecies interactions, on the assembly of the C. elegans microbiota, we
further compared the monoculture population sizes and the two-species microbiotas.
We first simplified the worm pairwise outcomes into a summary-metric by calcu-
lating the mean fractional abundance of each species in all two-species microbiotas,
(Fi)vj = (%NJ We found that this competitive ability score correlates to the
population size reached in monoculture colonization (Figure 2-2D, r,=.86, p<10-3).
This positive relationship indicates that a bacterial species persists in two-species
microbiotas due to similar properties to those favoring its monoculture colonization
of the gut. This, together with the previous result, indicates that the uneven harm

caused by competition doesn’t dramatically alter the mean fractional abundance ex-

pected from monocultures.

Despite this correlation between monoculture colonization and competitive ability,
some species in co-culture performed differently than would be expected based simply

on population sizes. For example, Fa tied with Sm for being the strongest competitor

59



despite being only the sixth highest colonizer in monoculture (Figure 2-2D). We there-
fore sought to determine to what extent interactions between microbes are important
to predict the pairwise outcomes in the host. We calculated a null expectation for
the two-species microbiotas assuming that each species is able to reach the carrying
capacity that was measured in monoculture colonization (Figure 2-2A, right panels).
By comparing this null expectation with the experimentally measured fractions ob-
tained from pairwise colonization (Figure 2-2A, left panels), we are able to identify
the cases in which interspecies interactions play a dominant role in determining the
composition of the gut microbiota [232, 167]. In 28 out of 55 cases this deviation is
large enough to reject the null model (p<.05, Figure 2-2A), many more than the 2.75
cases expected by chance at this significance level (16 cases with pppr<.05). These
results indicate that a null expectation, where each species’ abundance in pairwise
colonization is determined by its monoculture fitness to the worm gut environment,
rather than by interactions between bacteria, fails to predict a significant number of

two-species microbiotas.

To further characterize the structure of the competition network, we quantified its
degree of hierarchy [203], which estimates how frequently a highly ranked competitor
will dominate a lower-rank adversary. The hierarchy score of this network, 0.82,
is significantly larger than the hierarchy score found in random matrices with the
same distribution of fractional abundances (p<10°, Supplementary), suggesting that
there is an approximate ordering of the competitive abilities of these bacterial species
in the worm gut. Consistent with this ordering, we do not observe any cases of
intransitive competition, in which the pairwise interactions of three bacterial species
would be analogous to the rock-paper-scissors game and no absolute winner would
exist [198, 381]. This intransitivity has been proposed as a major mechanism inducing
coexistence in natural populations [214, 209, 53, 382, 383|, but we do not observe
it in the pairwise interactions of any of our 165 hypothetical trios. With a more
relaxed definition of intransitivity, in which a species wins a competition by being
more abundant than the competitor instead of needing to fully exclude it, we find

two candidate trios with a rock-paper-scissors-like structure: Ec-Pf-Pa and Pp-Pf-Pa
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(although the dominance of some competitors is not statistically significant).
Collectively, we find that the monoculture colonization ability of a bacteria cor-

relates with its mean abundance in two-species microbiotas. Additionally, the inter-

species interactions, which are mostly competitive and hierarchical, alter the compo-

sition of at least half of the individual two-species microbiotas (Figure 2-2).

2.2.3 Three-species microbiotas are predicted by pairwise out-

comes, not by monocultures

In the two-species microbiotas, we observed frequent coexistence of non-native bac-
teria in the C. elegans gut, but it remains to be tested if coexistence is also the
norm in gut communities initialized with a larger number of species. We therefore
constructed 20 three-species microbiotas in C. elegans to extend our analysis. From
our eleven non-native bacterial species, we selected a set of six (Bc, Lp, Pf, Pv, Fa,
and Sm) that span the range of competitive abilities observed, and we fed them in all
possible trios to C. elegans (Figure 5-3A). In the trio E. aerogenes-P. fluorescens-S.
marcescens, for example, we observed coexistence of the three species, in which Ea
is the majority, Sm is close second, and Pf is a minority (55+7%, 424+5%, 3+3%,
respectively; mean + s.e.m.). These fractional abundances can be represented as a
stack of bars (Figure 2-3A) or as a point in a simplex (Figure 2-3B), where the point
moves closer to a vertex when that given species increases in abundance. By plotting
the measurements of all 20 trios into one simplex (Figure 2-3C), we observe that most
of the cases have one species as highly abundant, yet full exclusion is rare and only
accounts for 3 out of the 20 trios tested (Figure 2-3D). Our trio feeding experiments
therefore display a range of different outcomes, with frequent coexistence of the three
species leading to multispecies gut microbiotas.

To test if monoculture colonization contains the information necessary to esti-
mate the assembly of three-species microbiotas, we made quantitative predictions of
the trio outcomes based on monocultures. We extended the null expectation described

earlier by assuming that all species will reach their population sizes in monoculture
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Figure 2-3: Fractional abundances in three-species microbiotas are well pre-
dicted by pairwise outcomes. (A) Outcome of trio Fa-Pf-Sm in C. elegans (AU37)
intestine, together with predictions based on monoculture population sizes , two-
species microbiotas, or pairwise outcomes in vitro liquid media (normalized arithmetic
mean). (B) Simplex representation of trio outcome and predictions in (A), with the
edges of the triangle depicting the two-species microbiotas in C. elegans. The error
bars on measurement are the s.e.m. of 4 biological replicates, and the clouds of points
around predictions are 400 bootstrap replicates (‘N’s sampling the monoculture data,
and ‘W’s and ‘M’s sampling the pairwise data in worm and media, respectively). (C)
20 trio outcomes represented in one sixth of a simplex. (D) 3, 8, and 9 out of the 20
trios show full competitive exclusion, two- and three-species coexistence, respectively.
(E) Assembly rules help the quantitative prediction of the trio outcomes based on
pairwise outcomes when one of the pairs is competitive exclusion. (F) Cumulative
distribution of error of predictions. Error calculated as the linear distance between
prediction and measurement in the simplex. The distances are normalized by the
maximal distance, v/2. The dashed line is the mean distance between the measured
mean and the 4 biological replicates of each trio, and serves as a lower bound for the
error of the predictions.
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colonization (‘N” Figure 2-3 and 5-3). This null expectation achieves poor results at
predicting trio outcomes, for its mean error of 35.7% is just somewhat better than the
43.8% mean error of an uninformed ‘s, 3, ” prediction (Figure 2-3F). Hence, mono-
cultures are inadequate at predicting three-species microbiotas, highlighting that as
community diversity increases, the properties favoring monoculture colonization of
the gut are less important than the interspecies interactions for determining commu-
nity composition.

To determine the role of bacterial pairwise interactions on the assembly of the
C. elegans microbiota, we made predictions of all three-species microbiotas based on
two-species microbiotas. We first calculated a simple linear prediction for each trio
by taking the arithmetic mean of each species’ fraction in the co-culture experiments
against the other two species (a normalization factor of 2/3 is needed for the fractions
of the three species to add to one). This normalized arithmetic mean prediction,
applied over the two-species microbiotas in the worm (‘W’ Figure 3A-B and S3A),
quantitatively predicts some trios with high accuracy, and exhibits a mean error of
26% (Figure 5-3C). However, this prediction is prone to error (hollow ‘W’ Figure 2-3E)
when one of the two-species microbiotas is competitive exclusion. A recently proposed
assembly rule [27] is capable of adjusting these cases by simply removing a bacterial
species from the trio prediction when it cannot survive both constituent co-culture
experiments (solid ‘W’ Figure 2-3E). After the application of this assembly rule, the
mean error of the predictions based on two-species microbiotas, 18.7%, comes close
to the expected biological noise in three-species microbiotas, 13.3% (Figure 2-3F).
The fact that two-species microbiotas can properly predict three-species microbiotas
indicates that interactions between pairs of bacterial species are an important force in
determining microbiota assembly and suggests that indirect higher-order interactions

are uncommon or weak.

Our results diverge from three recent findings, where higher-order interactions
played a role in the zebrafish microbiota assembly [208], changed an in vitro com-
munity amylolytic function [267|, and prevented invasion of an algae-bacteria-ciliate

community [65]. The discrepancy may be due to the interaction-estimation approach
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used there and the simpler rules-based approach [27]| used here, and/or due to biolog-
ical differences in the model systems. However, consistent with what we report here,
recent experiments have found that two-species microbiotas are able to predict the

fitness traits of flies with multispecies microbiotas [168].

Next, we asked whether it would be possible to make predictions of the 20 three-
species microbiotas based on the pairwise outcomes from a different environment, such
as the in vitro liquid media used as feeding substrate. Thus, we performed all possible
pairwise co-culture experiments in liquid media without worms and measured the
equilibrated bacterial fractions after seven cycles of 100-fold daily dilution (Methods
2.4, Figure 5-4, further explored in section below). After applying the assembly rules,
the mean error of the predictions based on media pairwise outcomes, 15.7%, also
comes close to the expected biological noise of the three-species microbiotas (Figure
2-3F and 5-3A). Since the equilibrium fractional abundances in the liquid media are
dependent on the dilution regime [178], our results highlight that our chosen daily
dilution of 100-fold can resemble the pairwise outcomes in the worm gut. These results
show that three-species microbiotas in C. elegans with non-native bacteria can still be
predicted with the pairwise outcomes measured in a different environment, suggesting
that the environmental filtering of the worm intestine is not the main determinant of

community assembly.

2.2.4 Bacterial relative abundance in C. elegans microbiota is

dependent on phylogeny rather than isolation origin

Thus far we have explored the assembly of the C. elegans microbiota with non-native
bacteria (Figure 12-1B). These laboratory species were not isolated from any worm
gut, and they hadn’t been conditioned to grow in the C. elegans gut environment be-
fore the beginning of each of our experiments. Using these non-native bacteria helped
us reduce the complexity associated with microbiota assembly by setting aside the se-
lection force that C. elegans could have exerted on its microbiota during evolutionary

timescales. Within our non-native species we observed strong and weak colonizers,
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strong and weak competitors, and an imperfect relation between these two metrics
because of interspecies interactions. It remains to be seen if these observations hold

true with bacteria native to the C. elegans gut.

Previous studies have assessed the natural C. elegans microbiota [360| by isolating
and cultivating nematodes in decaying organic matter, and have isolated native bacte-
rial strains by grinding the naturally colonized worms [364, 41, 365, 361]. We isolated
new bacterial strains from worms with a similar protocol (CR collection, Methods
2.4) and also utilized the MYb collection from Dirksen et al. (2016) [365, 365], which
contains some of the bacteria persistently found in the C. elegans gut. From these two
collections, we selected a phylogenetically diverse set of bacterial isolates, spanning
4 different phyla, to study the colonization patterns of native bacteria (Figure 2-4A,
12 MYDb, 15 CR).

To characterize the monoculture colonization ability of these 27 native bacterial
isolates, we fed them in monoculture to wild type C. elegans (N2, from where they
were isolated) along with 8 of the previous non-native bacteria (Figure 2-4B). We
found that the native and non-native bacteria colonize in a similar fashion. Regard-
less of the origin of the isolate, the Firmicutes colonized poorly and the Gammapro-
teobacteria often colonized well, resulting in monoculture population sizes that in
some cases exceeded 10 000 CFU/worm. By comparing 16S phylogenetic similarity
between each pair of bacteria (Figure 5-5A) against their fold-difference in monocul-
ture colonization (Figure 5-5B), we observed that similar bacteria colonize similarly,
and as phylogenetic distance increases, the difference in colonization ability tends to
increase as well (r;=.39, p=.003, Mantel test). This positive correlation is true re-
gardless of the native/non-native dichotomy, and can be observed within the genera
Bacillus, Microbacterium, Sphingobacterium, Serratia, Ochrobactrum, etc. (Figure
2-4A-B). Overall, these results show that monoculture colonization ability is similar
between native and non-native bacterial strains, and suggest that this metric depends

on evolutionary history rather than isolation origin.

The possible host-microbe adaptation of the native bacterial isolates to the worm

gut could have selected for stronger bacterial competitors, besides the selection for
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Figure 2-4: Experimental colonization of C. elegans by a wide range of na-
tive and non-native bacteria reveals that phylogeny rather than isolation
origin determines abundance in the gut microbiota. (A) Phylogenetic clas-
sification of previously shown laboratory species (non-native) and bacterial strains
isolated from C. elegans intestines (native; dark and light blue from MYb and CR
collections, respectively; Methods 2.4). Phylogenetic tree built with maximum likeli-
hood estimate utilizing alignment of full-length 16S gene sequences. The phylogenetic
tree is sorted at each internal node to have the higher monoculture colonizers at the
bottom. High level phylogenetic classification is given on the left side of the tree
for ease of interpretation. Stars indicate bacteria used in follow-up two-species mi-
crobiotas. (B) Bacterial population sizes in monoculture colonization of wild type
C. elegans (N2); error bars are s.e.m. of two to three replicates. (C) Left panels:
Fractional abundances in two-species microbiotas with native and non-native bacte-
ria in C. elegans intestine (AU37). Right panels: Null expectation for the fractional
abundances based on monoculture population sizes. ‘*’ and “**’ represent a statisti-
cally significant difference between measurement and null expectation at p-values of
.05 and .01, respectively (Welch’s T-test). (D) Although 2 native strains can reach
substantial colonization of the worm intestine in monoculture, these strains reach
low fractional abundances in two-species microbiotas. (E) Differences in competitive
ability correlate with phylogenetic distances regardless of the isolation origin of the
bacteria. Phylogenetic distances are the horizontal distances in the phylogenetic tree.
Differences in competitive ability are normalized by the maximum competitive ability
of the pair (i.e. competitive abilities 0.8 and 0.4 are as different as 0.2 and 0.1).
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health-promoting bacteria that has been previously reported [358]. To investigate
how the competitive ability of native bacteria compares to that of non-native bac-
teria, we performed further feeding experiments in C. elegans with all monocultures
and pairwise combinations of four native isolates and four non-native species (stars in
Figure 2-4A; Natives selected to cover the range of monoculture colonization, expand
our phylogenetic diversity, and display distinct colony morphologies: Achromobac-
ter MYb9, Acinetobacter MYb10, Arthrobacter MYb27, and Ochrobactrum MYb71;
Non-native: Fa, Pv, Pf, and Sm). The measured fractional abundances in immuno-
compromised AU37 worms showed that the composition of two-species microbiotas
once again often deviates from a null expectation based on monoculture colonization
(Figure 2-4C, 4/6 cases for between native pairs, and 8/16 for native cross non-
native pairs with p<.05). In this new set of experiments involving native isolates,
more interactions appear to be positive (in the form of parasitisms), with Fa, Sm,
and MYb10 being facilitated the most (Figure 5-5C-D). Moreover, we found that
non-natives reach higher mean fractional abundances than native bacteria in the two-
species microbiotas (Figure 2-4D). Ochrobactrum MYb71 and Achromobacter MYb9
had the largest monoculture population sizes yet low fractional abundances in two-
species microbiotas, indicating a low competitive ability, while Acinetobacter MYb10
showed the opposite characteristics. Further comparison of native and non-native
bacteria is warranted, but our two-species microbiotas indicate that native bacteria
also interact in the digestive tract of C. elegans to structure the microbiota compo-
sition (Figure 2-4C). These native isolates lack a clear competitive advantage over

non-native bacteria, particularly when co-cultured with strong competitors (Ea, Sm;

Figure 2-4D).

To test if phylogenetic differences are responsible for the observed differences in
competitive ability, we compared these two metrics using our set of native and non-
native bacteria (Figure 2-4E). We observed that the competitive abilities of a pair of
bacteria differ more as the bacteria diverge phylogenetically (16S gene), regardless of
the isolation origin. Controlling for phylogenetic distance, a bacterial strain native to

the C. elegans gut appears equally different from another native strain or a non-native
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strain (Figure 2-4E). Our data therefore suggest that the composition of two-species
microbiotas in C. elegans, as well as the more basic monoculture colonization, is
determined more by a species’ phylogenetic classification than by whether the species

was isolated from the worm microbiota.

2.2.5 Environmental filtering by C. elegans gut can alter pair-

wise outcomes

Previous detection of bacterial genera enriched in the C. elegans intestine compared
to the substrate where the worms were grown, such as Ochrobactrum, has suggested
an important role for environmental filtering by the C. elegans gut during microbiota
assembly [231]. Nevertheless, our results, showing that three-species microbiotas are
well predicted by in vitro pairwise outcomes (‘M’ Figure 2-3), suggests that envi-
ronmental filtering by the worm intestine is not the main determinant of community
assembly for this set of bacteria. To further characterize the effect of the C. ele-
gans gut environment on bacterial community assembly, we directly compared the
outcomes of 55 co-culture experiments between in vivo worm gut and in vitro liquid
media (Figure 2-5A and S4A, Methods 2.4). We found that competitive ability (Fig-
ure 2-5A, r=.84, p=.0005) and mean relative yield (Figure 5-4B-C, r=.81, p=.0018)
in the worm gut and liquid media are correlated, which suggests that the environ-
mental filtering that C. elegans provides is not strong enough to alter the hierarchical
ordering of these eleven bacterial strains. Although competitive ability is similar be-
tween the worm gut and in vitro liquid media, we found that 19 out of 55 bacterial
pairs displayed a significantly different outcome in these two environments (p<.05,
Figure 5-4A D). From these 19 bacterial pairs, we found nine displaying coexistence
in the worm yet competitive exclusion in the liquid media, while zero pairs displayed
the opposite trend, indicating that the worm intestine allows for more coexistence.
Our data therefore indicates that the C. elegans intestine doesn’t alter the compet-
itive hierarchy of its bacterial colonizers, but is capable of altering specific pairwise

outcomes.
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Figure 2-5: Bacterial interspecies interactions are similar between the in
vitro and in vivo environments, with some differences caused by the acidity
of the worm gut. (A) Black points are the mean fractional abundance in co-culture
experiments in C. elegans intestine and liquid media (1% AXN); error bars are the
propagated error from the s.e.m. of the underlying co-culture experiments. Blue
points are the outcomes of individual co-culture experiments in worms and media.
(B) S. marcescens and P. putida reach different fractional abundances in vivo worm
gut and in vitro liquid media on a coupled experiment, where worms and liquid media
from the same test tube are tested. (C) An acidic version of the media resembling
the average pH of the worm intestine (4.5) shifts back the pairwise outcome to a
worm-like state; error bars are the s.e.m. of at least 4 replicates.

In order to find the features that differentiate the worm gut and the liquid media,
we set off to investigate more closely one bacterial pair, S. marcescens-P. putida, in
these two environments. Sm is a majority of the in vitro community (76+12%) yet
is a minority in the worm gut (204+2%, Figure 2-5A). We first fed a population of
worms with a mixture of Sm-Pp, but instead of restoring the liquid feeding substrate
every day to maintain equal proportions of both species, we allowed the bacteria

to be carried over with the dilution step. In this coupled co-culture experiment,
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where strong migration occurs between worms and media, we still observed different
compositional states in the different environments (Figure 2-5B). This result shows
that the environmental filtering imposed by the worm intestine can be strong enough
to keep an internal bacterial community different from its surrounding environment.

Given the importance of pH to microbial growth and competition [367, 9, 218§],
we tested whether the low pH of the worm gut could cause the persistent difference
across environments for the Sm-Pp bacterial pair. We therefore repeated the co-
culture experiment in liquid media at its normal pH 6, and at lower pH 4.5, where
the latter approximates the conditions within the nematode intestine [317, 319]. For
this pair of species, lowering the pH of the media was sufficient to alter the pairwise
outcome in vitro, resulting in a community very similar to that observed in the worm
intestine (Figure 2-5C). Similar results were observed in the pair Lp-Bs (Figure 5-4E-
F). We conclude that C. elegans and its feeding substrate can reach different stable
states, and the acidic pH of the worm gut can be an important component of the

environmental filtering by this host during community assembly.

2.2.6 Innate immunity of C. elegans reduces bacterial loads,

but has little effect on microbiota composition

To further our understanding of the effect that C. elegans has in the assembly of its
microbiota via its immune system, we set off to compare equivalent one- and two-
species microbiotas in two C. elegans strains with different immunity levels (Figure
2-6). The C. elegans strain AU3T7 is susceptible to high bacterial colonization due to its
deleted sek-1 gene, which encodes for a kinase part of a signaling cascade homologous
to the human p38 MAPK (mitogen-activated protein kinase) pathway [108, 384].
The C. elegans p38 MAPK pathway activates the production of immune effector
molecules, such as lysozymes lys-2 and lys-8 [343]. The C. elegans strain SS104
has the same glp-4 mutation as AU37 that leads to sterility at room temperature,
allowing us to work with same-size, synchronized worms. While the strain SS104 is

not immunologically wild-type—this mutant shows up-regulation of the DAF-2/IGF
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pathway, presumably as a by-product of its reproductive sterility [361, 385, 386]—it
is the immunocompetent counterpart of AU37 in that it has its wild-type sek-1 gene
and therefore intact signaling through its p38 MAPK pathway. Comparison of the
gut microbiota communities in the worm strains SS104 and AU37 therefore allows us
to directly study the role of the worms’ p38 innate immunity pathway in structuring

its gut microbiota.

We first explored the monoculture colonization of the immunocompetent C. ele-
gans SS104 by feeding it with the 11 non-native and 4 native bacterial strains shown
before. We found that all bacterial species colonize the SS104 intestine, with mean
population sizes ranging from 30 CFU/worm in the case of Bs, to more than 10 000
CFU/worm for Pa (Figure 2-6A and S1C). On average, the bacterial population sizes
in the p38-immunocompetent C. elegans were approximately 4 times lower than in
the immunocompromised AU37 strain, but this reduction in bacterial load was un-
even across species. For example, Fa, Pa, and Acinetobacter MYb10 seemed to reach
similar carrying capacities regardless of p38 MAPK pathway activity, while the pop-
ulation sizes of Bs, Pv, and Achromobacter MYb9 were reduced by more than 90%
when this pathway was active. These results show that the innate immune system
of C. elegans via its p38 MAPK pathway reduces population sizes of most bacterial

strains, but some colonizers are less affected than others.

In order to test the effect of the C. elegans immune system via p38 MAPK on
the composition of two-species microbiotas, we fed immunocompetent SS104 with all
bacterial pairwise combinations previously studied in immunocompromised AU37 (55
pairs from 11 non-native bacteria, 6 pairs from 4 native bacteria, and 16 pairs from
4 native vs. 4 non-native bacteria; 77 pairs in total; Figure 5-6A-B). We found a
strong correlation between the mean fractional abundances in the two worm strains
(Figure 2-6B), with Fa and Sm as the best competitors, and Bs and Arthrobacter
MYb27 as the worst competitors in both worm mutants. We also observe a majority
of the two-species microbiomes displaying similar abundances in the two worm strains
(Figure 5-6A-C). These results show that the C. elegans immunity via its p38 MAPK

pathway has little effect on the composition of two-species microbiotas.
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Figure 2-6: Innate immunity of C. elegans via the p38 MAPK pathway
reduces bacterial population sizes, but has little influence on the compo-
sition of the two- and eight-species microbiotas. (A) Immune system of C.
elegans reduces bacterial monoculture population sizes unevenly for different bacte-
ria. Immunocompromised C. elegans (AU37) has larger bacterial population sizes
in its intestine than immunocompetent C. elegans (GLP4). (B) The mean fractional
abundances in co-cultures are similar between the two worm strains with different im-
mune activity. (C) Composition of an intestinal microbiota in immunocompromised
C. elegans AU37 and immunocompetent SS104, together with predictions based on
monoculture colonization and pairwise outcomes in the same worm strains. Three or
more batches of ~ 20 worms digested for each measurement. (D) Errors as the L1
norm (Manhattan distance) between measurement replicates and predictions. The
variability across different batches of digested worms generates a measurement error
of 9.3% and 14.2% for AU37 and SS104, respectively. The errors are normalized by
2, the maximum error. Confidence intervals of the prediction errors were calculated
by bootstrapping over the corresponding data.
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Moving into more complex microbiotas, we built, measured, and compared an
eight-species microbiota in our two worm strains AU37 and SS104. We utilized the
same set of native and non-native strains explored in pairwise combinations before
(Figure 2-4D). After four days of feeding, we measured the bacterial abundances in
the ensuing microbiotas (Figure 2-6C). The three most abundant bacterial species
were the same in both worm strains: Fa, Sm, and Acinetobacter MYb10. In accor-
dance with the results of two-species microbiotas, the two C. elegans strains with
different immunity levels displayed very similar average microbiota compositions (L1
norm distance=1.4%, lower than the L1 norm measurement error for AU37=9.3%
and SS104=14.2%, Figure 2-6D). These results show that the C. elegans immunity
via its p38 MAPK pathway also has little effect in the composition of microbiotas
with higher richness.

To test how predictable this eight-species microbiota is, we made predictions of it
based on monocultures and pairwise outcomes (Figure 2-6C-D). As before, we first
calculated a null expectation assuming that each species is able to reach the carrying
capacity that was measured in monoculture colonization. This prediction based solely
on monocultures reached a mean error of 70+5% in immunocompromised AU37, and
424+13% in the immunocompetent SS104. These high errors show once again that
information on monoculture colonization is insufficient to predict the assembly of
microbiotas, which highlights the importance in interspecies interactions. We then
utilized the two-species microbiotas to predict the eight-species microbiota in the two
C. elegans strains (Figure 2-6C-D). Only the bacterial strains that were not com-
petitively excluded in co-cultures should survive in the larger microbiota (assembly
rules), and then we predicted the abundance of each survivor as its mean fractional
abundance in co-culture experiments against the other survivors (arithmetic mean
prediction). This prediction based on pairs reached an error of 284+7% in immuno-
compromised AU37, and 28+11% in immunocompetent GLP4, smaller errors than
the predictions based on monocultures. Collectively, these data suggest that pairwise

interactions are useful estimators of larger microbiotas.
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2.3 Discussion

Here we characterized the bacterial colonization of the C. elegans intestine by na-
tive and non-native strains. We observed across three different environments (p38-
immunocompetent C. elegans SS104, p38-immunocompromised AU37, and in vitro
liquid media) a similar ordering of all the bacterial strains based on their competitive
ability, indicating that the environmental filtering by the C. elegans intestine and by
its immune system modify only a subset of the bacterial communities tested. Overall,
our results show that bacterial interspecies interactions strongly influence the compo-
sition of 2-, 3-, and 8-species microbiotas, while monoculture colonization, isolation
origin of bacteria, environmental filtering by the worm intestine, and immune system

of the worm play secondary roles in the assembly process.

The worm gut environment is capable of enriching for certain species from the
surrounding environment [365], and bacteria can evolve higher competitive abilities
after in vivo passages within C. elegans [358, 66| (similar results in zebrafish [387]
and tomato plants [388]), but our results suggest that strains isolated from the gut of
natural C. elegans are not adapted to form bigger populations or to be better com-
petitors than strains isolated elsewhere. A possibility for this discrepancy is that the
adaptation of the microbes is rather specific to the exact hosts from where they were
isolated, as it has been suggested for the bee microbiota |6, 389]. Other possibilities
are that host-microbe adaptation hasn’t occurred yet with the MYb bacteria that
we probe, or that the adaptation that occurred selected for a different trait instead
of stronger colonizers, such as healthy microbes for C. elegans [363, 361]. Further
experiments are warranted, but our results showing non-native F. aerogenes and S.
marcescens as the fittest bacteria for the C. elegans intestine, which align with previ-
ous results showing Enterobacteriaceae and Pseudomonadaceae as the most abundant
bacterial clades in the natural C. elegans microbiota [364, 41, 365, 111], suggest that

Gammaproteobacteria are intrinsically good at colonizing the worm intestine.

The use of non-native bacteria in the prediction of three-species microbiotas leaves

open the question of whether communities with native species can be predicted with in
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vitro outcomes. Recent work has indicated that native bacteria are potentially func-
tionally important for C. elegans [231] and induce specific transcriptional responses
in this host [346], providing grounds on which natural selection for host association
could occur. It is plausible that greater divergence between in vitro and in vivo com-
munity assembly would be seen in a co-evolved community of microbes. Future work
comparing bacteria native to C. elegans [390] and non-native bacteria will be useful to
elucidate the possible host-microbe adaptation occurring in hosts with large flexible

microbiotas [7, 360].

We found that most pairwise interactions among non-native species are competi-
tive, but some facilitative interactions appeared in the two-species microbiotas with
native species. Further studies should test if native species are indeed more prone
to facilitate each other instead of competing. Importantly, the ratio of positive and
negative interactions depends on the nutrients in the environment [231, 391], with
more nutrients allowing for more bacteria to grow in monoculture, which then leads
to more competition [259]. Due to the bacterivore diet of C. elegans, a complex mix-
ture of nutrients is perhaps the norm in the C. elegans gut, so a rich medium like the
one we used is perhaps a good starting point to investigate the C. elegans microbiota.
Interestingly, we do not observe any cases of strictly non-transitive pairwise interac-
tions (rock-paper-scissors) questioning once more [203] the practical significance of
this mechanism at stimulating coexistence and diversity in multispecies communities
[383].

The low pH of the gut environment is thought to be a critical factor in host-
microbe interactions, and recent work has explicitly demonstrated the importance of
pH in modulating the interactions between microbes and determining the structure
of synthetic and natural communities [218, 392]. Consistent with these results, we
observed that reducing the pH of a liquid medium to simulate the host intestine could
alter the outcomes of competition between species and in some cases substantially

reduce the difference between in vitro media and in vivo gut.

The antimicrobial defenses activated via p38 MAPK in C. elegans SS104, which

include lipases and saposin-like proteins, didn’t substantially shift the microbial com-
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position of two- and eight-species microbiotas in our experiments, which comes in
accordance with previous findings [111]. Other signaling pathways in the worm, such
as the TGF 8 homologue [111] and insulin-like signaling pathways [113], may be more
important in determining microbiota composition, directly and/or by the combined
action of multiple pathways.

The work presented here focuses on population averages rather than the composi-
tion of bacterial communities within individual worms. Recent results from our group
have demonstrated that variation between individuals can be informative—when the
feeding densities are lower than the ones used here, there can be an extreme bottle-
neck during colonization of the worm gut that leads to marked heterogeneity across
worms [32]. Similar results have recently been found in Drosophila [393], indicat-
ing that stochastic effects during colonization may be important in a wide range of
host species. At the level of worm populations’ averages, the competitive exclusion
observed could be the result of resource competition, including competition for the
limited space available within the C. elegans gut, or there could be more explicit
forms of antagonism such as toxin production [210]. In cases of coexistence, which
were the majority in our experiments, spatial partitioning within the host could play
an important role, such as was recently found for monoculture colonization of the
zebrafish gut [394, 395]. It will be important for future studies to determine the role
of stochasticity, priority effects, and spatial dynamics during assembly of multispecies
communities within C. elegans.

In this study, we have fed worms with defined combinations of bacterial species
to elucidate the role of interspecies interactions in the assembly of host-associated
microbial communities. These results add to our understanding of how interactions
between pairs of bacterial species shape more complex bacterial communities. Our
results show that experimental bottom-up microbial ecology is a tool for understand-
ing the dynamics of bacterial gut communities in a simple model organism, providing

insight into the forces that shape and control the structure of microbiotas.
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2.4 Materials and methods

Nematode culture

Nematodes were grown, maintained, and manipulated with standard techniques
[32, 396]. We utilized the C. elegans strains N2 (wild type), AU37 [glp-4(bn2) 1; sek-
1(kmy4) X], and SS104 [glp-4(bn2) I|. Worm strains were provided by the Caenorhabdi-
tis Genetic Center, which is funded by NIH Office of Research Infrastructure Programs
(P40 ODO010440). Synchronized C. elegans cultures were obtained using standard
protocols [32, 396], which rely on the reducing agent DTT and the detergent SDS to
break the C. elegans cuticle and harvest the unhatched eggs [397].

Bacteria

Non-native bacteria were obtained from ATCC: Bacillus subtilis (ATCC 23857)
(Bs), Enterobacter aerogenes (ATCC 13048) (Ea), Lactobacillus plantarum (ATCC
8014) (Lp), Pseudomonas aurantiaca (Pseudomonas chlororaphis subsp. aurantiaca)
(ATCC 33663) (Pa), Pseudomonas citronellolis (ATCC 13674) (Pc), Pseudomonas
fluorescens (ATCC 13525) (Pf), Pseudomonas putida (ATCC 12633) (Pp), Pseu-
domonas veronii (ATCC 700474) (Pv), Serratia marcescens (ATCC 13880) (Sm).
Bacillus cereus (Bc) was obtained from Ward’s Scientific Catalog. Escherichia coli
MC4100 (CGSC #6152) (Ec) was obtained from the E. coli Genetic Stock Center.

The microbiota strains native to C. elegans were isolated by growing C. elegans N2
for one week on individual types of rotten organic material (apples, celery, almonds,
and parsnip), followed by washing and sterilizing the worms on the outside, grinding
the worms, and plating the resulting bacterial suspension on agar plates (Supplemen-
tary). The species identity was analyzed by 16S Sanger sequencing (Genewiz, South
Plainfield, NJ, USA).

Bacterial colonization of C. elegans

To construct cultures to feed C. elegans, bacterial strains were grown to saturation
(24hrs, 30C, 2 mL LB [Difco]), and then washed in S medium [396] and resuspended
in 1% v/v Axenic Medium diluted in S medium (1%AXN). Undiluted Axenic Medium
was prepared by autoclaving 3g yeast extract and 3g soy peptone (Bacto) in 90 ml
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water, and subsequently adding with sterile technique 1g dextrose, 2001l cholesterol
(5 mg/ml in ethanol), and 10 ml of .5% w/v hemoglobin (Sigma-Aldrich) in 1 mM
NaOH. The bacterial cultures were standardized to ~ 10® CFU/ml based on CFU

counts.

Germ-free adult worms were re-suspended in 1%AXN to a concentration of ~1000
worms,/mL. Aliquots of 120 pL (~100 worms) were transferred into 96-deep-well cul-
ture plates (1 mL well volume, Eppendorf). Bacterial suspensions were added to
reach a concentration of ~ 107 CFU/mL per bacterial strain in all feeding experi-
ments. Plates were covered with Breathe-Easy (Sigma-Aldrich) sealing membranes
and incubated for four days with shaking at 400 RPM at 25°C. Every day the worm
samples were washed and the bacteria were replenished. Samples were washed with a
liquid handler (VIAFLO 96, Integra) by adding 500ul of M9 Buffer [396] + 0.1% v /v
Triton X-100 (Tx), pipetting 10 times, and removing the supernatant after worms
precipitated. The worms were then transferred to new 96-deep-well plates to leave
behind possible biofilms, and then washed in the same way two more times with

1%AXN. Fresh bacterial cultures were added as previously described.
Mechanical disruption of worms and quantification of bacteria

The worm samples were washed to remove most external bacteria and then incu-
bated in 100 pL S medium + 2X heat-killed OP50 at 25°C for one hour to allow the
worms to evacuate any non-adhered bacterial cells from the intestine. Worms were
then rinsed twice with M9 Buffer, cooled down 15 min at 4C to stop peristalsis, and
bleached for 6 minutes at 4C with 100 pL. M9 Buffer + 0.2% v/v bleach (Clorox).
Worms were then rinsed three times with cold M9 Buffer + 0.1%Tx to remove the
bleach.

Manual disruption with a motorized pestle and 96-deep-well plate disruption with
silicon carbide grit followed previously described protocols [32]. To guarantee the
background media was fully clean, the supernatant in each sample was also collected,
serially diluted, and plated onto Nutrient Agar (3g yeast extract, 5g peptone, and 15g

of agar |Bacto| in one liter of water). The plates were incubated at room temperature
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for two days to allow distinct colony morphologies to develop, and then the colonies

were counted with the aid of a stereo microscope (Leica MZ10 F).

Co-culture experiments in vitro

Utilizing the same 1%AXN medium, 96-deep-well culture plates, and 150pul vol-
ume per sample used to colonize C. elegans, pairs of bacterial species were mixed at
a concentration of 10> CFU/ml each. This inoculum concentration is lower than in
the worm colonization experiments to allow growth for all bacteria (Figure 5-1E). We
allowed the bacterial relative abundances to equilibrate with seven growth-dilution
cycles, where the bacteria are diluted 100-fold into fresh media each day. Bacterial
abundances were quantified by plating onto agar and distinguishing colony morpholo-
gies. To lower the pH of the S medium + 1%AXN, NaOH 1M was added while
measuring continuously the pH of the media with a microelectrode (N6000BNC, SI
Analytics). The media was filtered (Millex-SV 0.2 pm, MerckMillipore) afterwards.

Data analysis

Pairwise and trio outcomes were categorized as coexistence if the rare species was
present at an average abundance of more than 2%. This threshold is just above our
usual limit of detection of ~1%, which is inversely proportional to the number of
colonies counted. The pair Pf-Ea (1.7%-98.3%) was defined as coexisting since we
could reassure the presence of Pf with more than one biological replicate. Given that
we fed the worms with one initial composition, we cannot detect the possibility of
bistability, in which the final fractional abundance depends upon the starting ratio

of the two species.

The mean relative yield of a species in a co-culture, RYj);, was calculated by boot-
strapping (sampling with replacement) simultaneously over the pairwise and monocul-

ture CFU /worm data to obtain vectors V;; and NNV;, respectively, and then calculating

log(RYy;) = (log( it

(Ni+1)

)). We utilized logarithmic scales to have comparable calcula-
tions regardless of numerator/denominator choice, and we added 1 to avoid +infinite.
The null expectation based on monocultures is obtained by averaging the fractional

abundances of all possible combinations of the species’ monoculture information. The
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standard error of the mean (s.e.m.) is calculated with n as the least number of mono-
culture replicates. These mean and s.e.m. can also be obtained by bootstrapping
over the monoculture data. The hierarchy score of the fractional abundances’ matrix
was calculated as previously described [203].

For phylogeny reconstruction, sequences of the full 16S rRNA gene were obtained
from NCBI. Sulfolobus solfataricus, a thermophilic archaea, was used as an outgroup
species to root the tree. Clustal X with default parameters was used to align the se-
quences [398]. PhyML-SMS with default parameters was used to select GTR+G+1 as
the best model and to infer the tree [399]. The phylogenetic distances were calculated
directly from the phylogenetic tree.
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Chapter 3

Positive interactions are common

among culturable bacteria

In collaboration with Jared Kehe, Anthony Kulesa, Jonathan
Friedman, and Paul C. Blainey!

Interspecies interactions shape the structure and function of microbial communi-
ties [186, 210|. In particular, positive, growth-promoting interactions can significantly
affect the diversity and productivity of natural and engineered communities [401, 262].
However, the prevalence of positive interactions and the conditions in which they oc-
cur are not well understood. To address this knowledge gap, we used kChip [259],
an ultra-high throughput coculture platform, to measure 180,408 interactions among
20 soil bacteria across 40 carbon environments. We find that positive interactions,
often described to be rare, occur commonly, primarily as parasitisms between strains
that differ in their carbon consumption profiles. Notably, non-growing strains are al-
most always promoted by strongly growing strains (85%), suggesting a simple positive
interaction-mediated approach for cultivation, microbiome engineering, and microbial

consortium design.

'Kehe J, Ortiz A, Kulesa A, Gore J, Blainey P, Friedman J. Positive interactions are common
among culturable bacteria. bioRxiv. 2020 Jan 1.[400]
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3.1 Background

3.1.1 kChip screening identifies compositions that robustly

promote growth of Herbaspirillum frisingense

For our screen, we measured the yield of a GFP-expressing strain of Herbaspirillum
frisingense (Hf-GFP), an Alphaproteobacteria that can colonize the interior of cereal
plants’ roots and is regarded as a model plant symbiont [402, 403]. We collected
a diverse set of soil bacterial isolates (Figure 5-7) and measured the yield of Hf-
GFP across isolate combinations. These combinations were constructed across a
media library that included carbohydrate oligomers (sucrose, lactose, and raffinose)
and their monomeric constituents (glucose, galactose, and fructose). Hf-GFP grew
in monoculture to various extents on each of these carbon sources, with growth on

sucrose being indistinguishable from background (Figure 3-1).

Most of the isolate compositions had a significant effect on Hf-GFP yield, showing
both suppressive (decrease in yield) and facilitative (increase in yield) effects. We
measured HE-GFP yield at 24, 48, and 72 hrs and rank-ordered yield at 72 hr, the time
point when yields were highest [259]. On carbon sources where Hf-GFP monocultures
achieved high yield by 72 hours (glucose, galactose), the addition of other isolates
almost always attenuated its growth. By contrast, facilitative compositions were
common on carbon sources where Hf-GFP growth was low (fructose, raffinose, lactose)

and ubiquitous when undetectably low (sucrose).

For the majority of compositions, however, the facilitative effect did not persist
across different carbon sources or community contexts. For example, the composition
[Bacillus sp. I + Rahnella sp.| (|[BaT + Ral) (measured at k = 2 on each kChip)
facilitated HF-GFP growth on fructose, sucrose, and raffinose, but suppressed its
growth on the other carbon sources (Figure 5-8). Similarly, the facilitation imparted
by the composition [Enterobacter mori + Dyella sp.] ([En + Dy]) (measured at k =
2) in a medium containing galactose was not robust to community context [En + Dy

+ >1 additional unique isolates| (an s = 2 composition among all k > 3 communities
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Figure 3-1: Ranked Hf-GFP yield at 72 hr for all communities constructed.
Median calculated when community replicated >1 time; error bar = standard error
of the mean; dotted line represents the yield of Hf-GFP in monoculture.

on the same kChip) (Figure 5-8).

We sought to determine the facilitative compositions that were most robust to
both carbon source and community context. We scored each composition in two
ways: First, we computed the median Hf-GFP yield at 72 hr in co-culture with
the composition across all carbon sources (“Hf-GFP yield”). As a second score, we
computed the 10th percentile of Hf-GFP yield in co-culture with all communities
containing the given composition to detect whether the composition’s effect on Hf-
GFP was appreciably diminished by additional isolates across all carbon sources (“Hf-
GFP robustness”). Based on noise estimates of Hf-GFP growth data, we restricted
the analysis to instances where a given composition was represented >5 times on
average on a kChip (or >30 times in total), which occurred for about half of k =
3 compositions, a value consistent with a probabilistic model of combinatorial space

sampling [259].
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We uncovered two isolate compositions that were strongly facilitative and robust
to both carbon source and community context (Figure 5-8). While most facilitative
compositions showed robustness to community context for a given carbon source, few
showed robustness to both carbon source and community context. Interestingly, we
identified a particular isolate, Burkholderia sp. I (BuC), consistently present among
compositions where Hf-GFP yield was high across carbon source and community
context. We further identified the isolate composition [Bacillus sp. II + Rahnella
sp.] (|[BaL + Ral) that also enabled strong Hf-GFP yield across carbon source and
community context. We validated these two compositions’ facilitative effects on Hf-
GFP with the different carbon sources in 96-well plate bulk co-culture experiments

[259].

3.1.2 Facilitation increases with community richness and is

driven by a small number of strains

The datasets that kChip screening generates can be used to detect the ecological
trends that underpin particularly facilitative or robust compositions like BuC or [BaL
+ Ra|. Broadly, we found that Hf-GFP yield either increased or declined with commu-
nity richness depending on its baseline growth on each carbon source in monoculture.
In raffinose, lactose, and sucrose, the three carbon sources where it grew most poorly,
Hf-GFP yield increased and then plateaued with community richness (Figure 3-2A).
We observed a similar but weaker trend in fructose, where H-GFP grew to a limited
extent alone, and an isolate-agnostic suppressive effect in glucose and galactose where
Hf-GFP grew well in monoculture. Without restricting the analysis to communities
consisting of all unique isolates, we observe the same trend for k = 1-7 inputs and a

roughly equivalent yield of Hf-GFP for 7 and 19 inputs [259].

In co-culture with a single isolate (k = 1 microwells), we identified “primary facili-
tator” strains that facilitated Hf-GFP growth in a given carbon source (Figure 3-2D).
We further found that the inclusion of >1 primary facilitator strains was necessary

and almost always sufficient to facilitate HI-GFP growth regardless of the number of
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Figure 3-2: Facilitation increases with community richness and is driven by a
few species. (A) In a medium containing sucrose, lactose, or raffinose, Hf-GFP yield
increased with community richness. Colored distributions = median Hf-GFP yields
for all unique compositions at given k (i.e. all droplets in a given combination contain
different strains). Gray data point = median of distribution. Outlined distributions
= medians of 100 bootstrap-resampled datasets at each k, whereby the Hf-GFP yield
dataset for each k was resampled with replacement (with resampling sample size equal
to the actual sampling size), and a median of the resampled data was calculated each
time. (B) Primary facilitators (outlined in orange) were classified as the isolates
increasing H-GFP yield by >100 GFP counts (a.f.u.). (C) The presence of > 11
primary facilitator was necessary and typically sufficient to enable Hf growth and drive
facilitative effect when additional isolates were present. Colored distributions = Hf-
GFP growth in communities possessing > 1 primary facilitators. Gray distributions
= Hf-GFP yield in communities with no primary facilitators. (D) A resazurin assay
was conducted on a separate k = 2 Chip in parallel with the screen to measure growth
rate of each isolate. The subset of isolates that grew on a given carbon source (defined
at > 11 doubling of resorufin fluorescence by 36 hr) corresponded with the subsets of
isolates identified as primary facilitators.
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other strains present (calculated from k > 1 microwells) (Figure 3-2C). In conjunction
with the screen, we also assayed growth rates of the isolates on the different carbon
sources via the resazurin assay on a k = 2 Chip (Figure 5-7). For the raffinose, lac-
tose, and sucrose conditions, we found that the subset of isolates that could grow (>1
doubling by 36 hr) matched the subset of primary facilitators (Figure 3-2D). We con-
cluded that, for these conditions, isolate growth was sufficient for Hf-GFP facilitation.
To investigate why facilitation increased with community richness beyond the pres-
ence of one primary facilitator, we first considered the k = 2 level. We found many
instances where Hf-GFP yield in the presence of two isolates was greater than its
yield with either isolate individually, particularly when the carbon source was sucrose
[259]. With a single primary facilitator present, we observed that the largest Hf-GFP
yield increases were imparted by the addition of a second primary facilitator (Figure
3-2C). We also observe that modest increases may be imparted by the addition of a
non-|primary facilitator] when a primary facilitator is present.

These data highlight general design principles useful in constructing facilitative
consortia. Based on carbon source utilization as a criterion for primary facilitation
(Figure 3-2D), we might expect that certain “core” compositions of isolates facilitate
Hf-GFP across all carbon sources if at least one isolate within the composition is able
to grow on each carbon source. Further, based on the increase in Hf-GFP yield we
see with community richness (Figure 3-2A), we might expect improvements to the
facilitative effect size or its robustness with the incorporation of specific isolates to
the composition. Indeed, our two top-scoring compositions, BuC and [BaL. + Ral,

abide by these principles [259].

3.2 Introduction

Microbial communities are composed of multiple species that interact with one an-
other in a variety of ways as part of the “struggle for existence” [151]|. Interactions
between species can be negative, where a species inhibits another species’ growth

through nutrient exploitation and chemical warfare [210]; or positive, where a species
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promotes another species’ growth by increasing nutrient availability and creating new
niches [401|. The bidirectional interaction between two species is determined by the
two one-way interactions between the species. For example, a mutualism occurs when
two species positively affect each other. The overall distribution of positive and nega-
tive interactions within a microbial community profoundly impacts the community’s
structure, stability and productivity [186, 262, 167|. These properties, in turn, shape a
community’s ability to perform vital functions for the environment [404, 405, 406, 407]
and for host organisms [408, 409, 410, 411]. Despite the importance of the distribution
of microbial interactions, the relative prevalence of positive and negative interactions

in nature remains largely unknown.

Positive interactions are generally thought to be rare. Experimental evidence from
coculture studies points to a dominance of negative interactions [210]. For example,
evidence of positive interactions was found in <10% of pairs of bacteria isolated from
tree holes [232]. However, these results are subject to strong experimental biases, such
as the use of a single environment—even though microbial interactions can differ dra-
matically across environmental conditions [254, 412, 413] —and the use of strains
that each grow individually in the environmental conditions being tested. Metabolic
modeling, which can simulate millions of interactions across myriad environments, as
well as limited experimental evidence, suggest that positive interactions emerge via
environment-dependent secretions and can facilitate otherwise non-growing species
[254, 414, 415, 28|. Additionally, evolutionary theories like the Black Queen Hypoth-
esis argue that such secretion-mediated positive interactions are selected for [416].
Taken together, these findings suggest that positive interactions among microbes may
be common and play a significant role in shaping microbial communities, but such

theories have not yet been thoroughly tested experimentally.

Quantifying the prevalence of positive interactions and determining the condi-
tions in which they occur could significantly improve our ability to predict and con-
trol the ecology of microbial communities [417, 73]. Positive interactions are pre-
dicted to enhance a community’s diversity and productivity but decrease its stabil-

ity [186, 418, 419]. Therefore, a better understanding of these interactions would
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enhance our ability to manipulate and manage communities, with widespread ap-
plicability in environmental conservation [420], crop health [421], and human health
[422]. Nevertheless, the data required for quantifying the distribution of interactions
across environments is still lacking due to methodological limitations that frustrate
comprehensive sampling of interactions under many conditions [271]. Inferring inter-
actions from metagenomic sequencing remains an outstanding challenge [423, 424],
and directly measuring interactions at scale is difficult to perform using existing ex-

perimental paradigms.

To gain a broad understanding of how species interact across a wide range of envi-
ronments, we used a combinatorial screening platform called kChip [259, 275, 425] to
measure >150,000 bidirectional bacterial cocultures among 20 different soil bacterial
strains across 40 environments with differing carbon source identity or concentration.
The kChip generates cocultures at an ultra-high throughput scale by rapidly and ran-
domly combining droplets containing microbial cultures and /or medium components
within microwells (Figure 3-3A-D). Here, we paired unlabeled (wild-type) and GFP-
labeled versions of 20 Gammaproteobacteria isolated from soil (6 Enterobacterales
and 14 Pseudomonadales, Figure 5-9 and 5-10). We selected these bacterial strains
from our larger pool of fluorescently labeled soil isolates maximizing for phylogenetic
diversity (Table S1, Materials and Methods). We cocultured each strain pair in each
of 33 single carbon sources (0.5% w/v), a mix of these, five of the 33 at reduced
concentration (0.05% w/v), and a no-carbon control. Carbon sources were drawn
from several biochemical classes including carbohydrates, amino acids, and carboxy-
lates (Table S2). We measured the effect of each unlabeled strain on the growth
of each labeled strain in each carbon source, giving a total of 17,600 combinations
(20 labeled strains, [20 + 2 control| unlabeled strains, and [39 + 1 control| carbon
sources). Each combination appeared >10 times on average and only 3% appeared
<3 times and were excluded from further analysis [400]. Measured one-way interac-
tions were used to classify each bidirectional interaction qualitatively (Figure 3-3E)

and quantitatively (Figure 3-3F).

Our data provide direct experimental evidence that positive interactions are indeed
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Figure 3-3: High-throughput interaction assay and analysis. (A) Steps to assay
the effect of multiple unlabeled species on a single label species across carbon sources
on each kChip. Color-coded droplets, each containing either a labeled + unlabeled
coculture or a single carbon source, were generated (Step 1), pooled together (Step
2) and loaded onto a kChip (Step 3). Each kChip contained an array of microwells
that randomly paired coculture droplets with carbon source droplets. After imaging
the color codes to identify the inputs per microwell, droplet pairs were merged via
exposure to an electric field (Step 4), and the growth of the labeled strain was mea-
sured at 0, 24, and 72 hrs (Step 5). (B) Overall size of the kChip screen. (C) Using
data across kChips, bidirectional interactions were deduced by combining data where
each strain within a given pair was the labeled strain. D-F. Framework for kChip
data analysis. Each bidirectional interaction was described qualitatively (interaction
classification) and quantitatively (interaction strength, m and interaction type, ©).

common, and occur primarily as parasitisms, where one species’ growth is improved
at the expense of the other’s. More broadly, we found that interactions strongly de-
pend on the environment via differences in the carbon consumption preferences of
the interacting strains. Notably, we discovered that strongly growing partners consis-
tently enabled the growth of strains that were unable to grow in monoculture (85%),
suggesting a simple strategy for cultivation, microbiome engineering, and design of

microbial consortia.
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3.3 Results

3.3.1 Positive interactions occur frequently between twenty

Gammaproteobacteria isolates

The effect of each unlabeled strain on each fluorescently labeled strain was classified
as positive (yield increase compared to monoculture), negative (yield decrease com-
pared to monoculture), or 0 if there was no evidence for an effect (Figure 3-3C, D,
S5) (see Materials and Methods). The size of an effect was calculated as log2 of the
ratio of growth (fluorescence) in coculture to monoculture. Bidirectional interactions
were classified as mutualism (+,+), commensalism (0,+), parasitism (—,+), amensal-
ism (—,0), competition (—,—), or neutralism (0,0) (Figure 3-3, 5-12). We focused our
analysis on the 72 hr time point by which cultures reached saturation. Thus the mea-
sured interactions reflect changes in strains’ overall growth yield, rather than growth

rates.

Positive interactions were common overall (Figure 3-4A). Excluding cases when
neither strain within a pair grew detectably in monoculture, >40% of cocultures con-
tained at least one (>1) positive one-way interaction, with over half of these occur-
ring within a parasitism (22% parasitisms, 14% commensalisms, and 5% mutualisms).
There were also many cocultures that contained only negative interactions (35% com-
petitions and 18% amensalisms). Relatively few interactions were neutralisms (6%),

though neither strain grew in monoculture for 21% of pairs.

The extent to which interacting pairs influenced each other’s growth also varied
quantitatively across strain and carbon environments. For example, in a parasitism,
the facilitated strain may have increased in yield more than the inhibited strain
decreased or vice versa. To capture these quantitative differences, we measured the
magnitude m (strength) and angle © (type) of each bidirectional interaction in polar
coordinates (Figure 3-6-1F). © represented the relative effect of cocultured strains on
each other (with © = -90° indicating that both strains inhibited each other equally,

O = 0° indicating a balanced parasitism with equal and opposite effects, and © = 90°
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Figure 3-4: Positive interactions occurred commonly and depended on strain
pair and carbon source. (A) (Left) All bidirectional interactions on 33 distinct car-
bon sources. (Middle) Interaction classification of all data. The inner circle represents
one-way interactions classifications; the outer ring represents two-way interaction clas-
sifications. (Right) Interaction classification excluding cases in which both strains
comprising a coculture showed no detectable growth as monocultures on a given
carbon source. B-C. Interactions of two example cocultures on all carbon sources.
D-E. Interactions of all cocultures on two example carbon sources. Colors indicate
interaction classification. All data at 72 hr.

indicating both strains facilitated each other equally; no © is assigned to neutralisms).

The average interaction was a parasitism (© = -14.7° and m = 1.16) in which
one strain was facilitated at expense of the other strain whose growth was inhibited
(Figure 3-4A). On average, the inhibited strain was hurt (~ 50% growth compared
to monoculture) more than the facilitated strain was helped (150% growth compared
to monoculture). The results at 24 hr were similar and included even more positive
interactions, with 54% of cocultures containing >1 one-way positive interaction (20%
parasitisms, 25% commensalisms, and 9% mutualisms), although the average inter-
action, also a parasitism, favored the facilitated strain (~30% growth for one strain

and 170% for the other as compared to monocultures) (Figure 5-14).
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We have validated the kChip interaction assay by measuring a subset of the inter-
actions in microtiter plates (|7 strains + 1 control] and 4 carbon sources, generating
256 combinations, or <2% of the total combination constructed on kChip). Monocul-
ture fold-growth based on GFP and OD600 measurements in microtiter plates were
strongly correlated (Figure 3-5A). In addition, there was strong agreement between
monoculture growth based on GFP measurements in microtiter plates and kChip
(Figure 3-5B), as well as between one-way effects and interaction types calculated
from these measurements (Figure 3-5C-D). Finally, as expected, intra-strain inter-
actions measured on kChip (i.e. those between labeled strains and their unlabeled
counterparts) were typically competitions (90% when excluding non-growing strains)

that reduced the yield of the labeled strain by 50% on average [400].

3.3.2 The occurrence of positive interactions differs among

strain pairs and among carbon sources

The prevalence of positive interactions differed significantly among strain pairs: Pos-
itive interactions never occurred for some pairs, while for others they occurred in a
large fraction of the tested environments (Figure 3-4B-C). Many pairs were capable
of producing all six interaction types across the carbon source library (Figure 3-4C),
indicating that it can be challenging to predict the interaction of a particular pair in
a given environment based on the pair’s interaction in a different environment.

Positive interactions were also more common on certain carbon sources than oth-
ers. In galactose, for example, a majority of bidirectional interactions were compe-
titions (53%), with only 20% containing >1 positive interaction (Figure 3-4D). In
uridine, however, competitions were relatively rare (11%), with 56% of bidirectional
interactions containing >1 positive interaction (Figure 3-4E). Several carbon sources
were capable of producing all interaction classes across our strain set [400].

The strong dependence of the interaction type on strain identity and carbon source
indicated a need to examine our dataset broadly in order to detect patterns governing

the occurrence of positive interactions. We therefore tested whether characteristics
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Figure 3-5: Growth and interaction measurements in 96-well plates validate
kChip measurements. (A) Fold-growth of seven bacterial species in monoculture
(RP1, KA, PAg2, LA, PP, PR2, and PK) calculated with optical density (OD600) and
fluorescence intensity (GFP) in 96-well plates. Points are the mean of 6 replicates,
and error bars are the standard error of the mean (s.e.m.). The colors denote the four
different carbon sources (Uridine, Fumarate, Proline, and Sucrose). (B) Monoculture
fold-growth in 96-well plates and on kChip. kChip GFP yields were normalized
by subtracting the 20th percentile yield at 0 hrs. (C) Unidirectional pairwise effects
among seven bacterial species in 96-well plates. The effects via colony counts and GFP
measurements are calculated from two and three coculture replicates, respectively.
(D) Unidirectional effects calculated from GFP data from kChip and 96-well plates.
(E) Interaction type () calculated from kChip and 96-well plates data. The color of
the points is the mean magnitude effect from both platforms. All Pearson correlation
tests were calculated with a two-sided alternative hypothesis.

of the environmental conditions or the strain pairs could explain the interactions we

observed.
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3.3.3 Positive interactions increase with strain dissimilarity,
yet they hardly correlate with carbon source biochemical

class

Broad environmental characteristics, including carbon source biochemical class and
number of carbon atoms, did not appear to dictate the occurrence of positive in-
teractions. We found that the variation in interaction classification between carbon
sources within a class was not significantly different than variation between classes
(Figure 3-6A) (pairwise PERMANOVA, p > 0.05). We hierarchically clustered all
interactions for all strain pairs and carbon sources and found that carbon sources did
not group by biochemical class (though TCA cycle carboxylate ions grouped more
adjacently) [400]. We further found that the occurrence of positive interactions was
only weakly correlated to the number of carbon atoms each carbon source possessed
(Figure 3-6B) (Spearman correlation = 0.32, p = 0.07). For example, serine, a com-
pound with only 3 carbon atoms, enabled more positive interactions than all other
carbon sources except uridine. We found that positive interactions were more com-
mon among taxonomically dissimilar strains. We compared interactions within and
between the two taxonomic orders represented in our set, Enterobacterales (En) and
Pseudomonadales (Ps), since pairwise phylogenetic distances, calculated from full-
length 16S rRNA gene sequences, distributed bimodally (Figure 5-11). More positive
interactions occurred among inter-order pairs (En+Ps) than intra-order pairs (En+En
and Ps+Ps) (Figure 3-6C): 26% of En+En pairs and 20% of Ps+Ps pairs contained
>1 positive interaction, compared to 47% for En+Ps pairs. The average interaction
type was negative for intra-order cocultures (-32° for En+En and -45° for Ps+Ps) but
positive for inter-order cocultures (4.5° for En+Ps) (Figure 3-6D) without significant

differences in interaction strength.

The fraction of positive interactions, especially parasitisms, increased with the
metabolic distance between the interacting species (Figure 3-6E). Metabolic differ-
ences between strains were calculated as the Euclidean distances between strains’

carbon source utilization profiles, given by each strain’s ability to grow on each car-
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Figure 3-6: Positive interactions depended strongly on strain properties. (A)
Interaction classification by carbon source organized into biochemical categories. Bar
colors indicate interaction classification (legend provided in Figure 3-4A). (B) Average
interaction type by number of carbon atoms. Dot color indicates biochemical class.
(C) Interaction classification by phylogenetic relatedness of the taxonomic pairs. En
— Enterobacterales. Ps = Pseudomonadales. (D) Interaction type by phylogenetic
relatedness of the taxonomic pairs, averaged across all carbon sources. (E) Interaction
classification by pairwise Euclidean metabolic distance (binned). Bin 0 represents
with-self interactions. Bins 1-8 each contain roughly equal numbers of bidirectional
interactions. (F) Interaction type by metabolic distance. All data at 72 hr.

bon source in monoculture (Figure 5-10). The distribution of metabolic distances
between all strains was a continuous bell-shaped distribution (Figure 5-11), which
captured more finely graded functional differences among strains than bimodal phy-
logenetic distances. Intra-strain mutualisms (i.e. those between labeled strains and
their unlabeled counterparts) occurred in a small fraction of strains (3.7%), which
we hypothesize was caused by higher starting density (Allee effect [36]). Interactions
between metabolically similar strains were also typically competitions (68% for the
most metabolically similar but non-identical strains) (Figure 3-6E). As metabolic dis-
tance increased, the fraction of pairs that exhibited >1 positive interaction increased

monotonically from 0.2% to 61%, with a growing fraction of these positive interac-
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tions occurring within parasitisms. This result indicated a strong and directional
dependence of positive interaction frequency on the functional dissimilarity of strain
pairs.

As metabolic distance increased, the average interaction type © also became in-
creasingly positive (Spearman correlation = 0.75, p « 0.01) (Figure 3-6F). This trend
reflects both shifts in the frequency of interaction classes and quantitative changes in
the relative strength of interactions’ components. Notably, among parasitisms, the
average © within each metabolic distance bin increased, indicating an increasingly
large facilitative effect relative to the reciprocal inhibitory effect. Since the preva-
lence of interaction types was correlated with strains’ metabolic capabilities, we next
tested whether interactions in a given environment were dependent on the interacting

strains’ abilities to grow in monoculture in that environment.

3.3.4 Monoculture yields shape occurrence of positive inter-

actions in co-culture

Interaction networks for each carbon source suggested that monoculture yield indeed
related to interactions (examples in Figure 3-TA and all networks in [400]). Re-
gardless of the carbon source or strain pair, positive interactions (often in the form of
parasitisms) commonly occurred between strong and weak growers and sometimes oc-
curred between weak growers; competition commonly occurred between strong grow-
ers (Figure 3-7B). These patterns were found to be robust in a systematic analysis
of interactions as a function of monoculture yield (Figure 3-7B-C). The frequencies
of mutualisms, commensalisms, and parasitisms all increased with the difference be-
tween the monoculture yields of interacting strains (individually normalized to the
maximum observed growth of each strain across all carbon sources; off-diagonal of
Figure 3-7C). By contrast, for interactions of strain pairs able to grow on a car-
bon source equally well (diagonal of Figure 3-7C), competitions were consistently
prevalent and increased in frequency with monoculture yield. Among interactions

between the strongest growers, 77% were competitions where both species were in-
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Figure 3-7: Carbon source utilization capabilities shape interactions. (A)
Example interaction networks for two carbon sources, each with different subsets of
strains that could utilize it. The size of the circular nodes represent each strain’s
growth in monoculture (normalized to each strain’s maximum monoculture yield
across all carbon sources). Edge color represents interaction classification. Edge
thickness represents interaction strength (m). (B) Interaction types (color) by the
monocultures yields of both strains in each coculture. Gray lines indicate monocul-
ture growth bins. (C) Interaction classification for each pair of monoculture growth
bins. (D) Fractions of non-growers that are obligately facilitated by strains with
different monoculture yields. Line colors represent the interaction classifications in
which the facilitation occurs (Mut. = mutualism; Comm. = commensalism; Para. =
parasitism; Total = total fraction of non-growers facilitated). (E) The total number
of carbon sources on which each strain can grow in monoculture and in at least one
coculture. Each line represents one strain. All data at 72 hr.

hibited compared to their monoculture growth. Moreover, in 99% of pairs of the
strongest growers at least one species was inhibited (77% competitions, 18% amen-
salisms, and 4% parasitisms). Interaction at 24 hr followed the same trend, with
the overall increased prevalence of positive interactions (Figure 5-14) likely reflecting
the lack of high monoculture yield values. Overall, interactions appeared to depend
heavily on the two interacting strains’ individual abilities to grow in a specific environ-

ment, and this dependence explained the interaction variability exhibited by certain

97



strain pairs and certain carbon sources.

These results were also consistent with the fact that there were far fewer posi-
tive interactions on low-concentration carbon sources (11% with >1 positive interac-
tion, as opposed to 35% for their high-concentration counterparts) [400]. The low-
concentration carbon sources supported low-to-mid-range monoculture yields that
were similar among the strains (Figure 5-10). There were few instances of strong
growers paired with weak growers, the regime where positive interactions otherwise
emerged [400]. Consequently, the interaction classifications on low-concentration
carbon sources were nearly as different to their high-concentration counterparts as
the high-concentration carbon sources were to each other [400]. Unlike these low-
concentration carbon sources, a mix of 33 carbon sources produced consistently high
monoculture yields (most similar to glucose) [400]. As a result, interactions occurred
only between strong growers and were consequently highly negative (85% competi-
tions, with 99% containing >1 inhibition) [400]. Indeed, for each strain pair, the
interaction type © on the mixed carbon source condition was, with a single exception
(PR1+PAr), always lower than its average interaction across all carbon sources [400].
Altogether, differences in monoculture yields provided a common statistical explana-
tion for differences in the interaction distributions across timepoints, carbon source

types, and carbon source concentrations.

3.3.5 Non-growing strains are typically facilitated by strongly

growing strains

To quantify the prevalence of obligate facilitation, where a non-growing strain required
a facilitating partner to grow on a given carbon source, we examined interactions be-
tween strains that could grow strongly on a carbon source and those that could not
(bottom row of Figure 3-7C). As the yield of the growing strain increased, the fre-
quency of facilitation of the non-grower increased markedly. When paired with the
strongest growers, non-growers were facilitated 85% of the time. Moreover, the rela-

tive fraction of these positive interactions that occurred as parasitisms also increased
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(Figure 3-7D), making up 55% of obligate facilitations between the strongest growers
and non-growers. Among these parasitisms, the average interaction type also be-
came increasingly positive [400]: The magnitude of the positive interaction increased
monotonically without the inhibited strain experiencing the same degree of yield loss
[400].

At least one coculture partner could usually be found to support the growth of
otherwise non-growing strains on almost any carbon source. We observed a total of
125 cases where a given carbon source did not support detectable growth of a given
strain in monoculture (Figure 3-7E). By contrast, we found only 21 instances of a given
carbon source never supporting the growth of a given strain despite its coculture with
any partner strain. This common obligate facilitation provides a potential explanation
for how biodiversity can be supported when few carbon sources are available or when

only a subset of strains can utilize available carbon sources.

3.4 Discussion

In this study, we performed comprehensive pairwise coculturing of 20 culturable soil
microbes across 40 different carbon source environments. By measuring interactions
across many environments, our study produced many instances in which at least one
of the two cocultured strains grew poorly or not at all in monoculture, a regime in
which we found positive interactions were far more likely to occur than previously
measured [210, 232]. The study also produced instances where both strains grew well
and antagonism was common, a result consistent with previous large-scale studies of
bacterial interactions [160, 161].

Our study unearthed the wealth of positive interactions that occur in our system.
While mutualisms were relatively rare (5%), commensalisms (12%) and parasitisms
(18%) were common, and accounted for the majority of cases where total coculture
yield was greater than the sum of monocultures (24%)—a criterion previously used to
classify cooperative interactions [232]. The prevalence of these positive interactions

corroborates predictions from large-scale metabolic models [415, 28, 426]. Our results
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are also consistent with the predictions of theories like the Black Queen Hypothesis,
which asserts that interspecies cross-feeding of “leaky” public goods are evolutionarily
selected for [416, 239]. Finally, our results generalize smaller scale demonstrations that
cocultured strains41 and spent media [427] can induce growth of fastidious bacteria.
Altogether, positive interactions increasingly appear to play a dominant role in driving
community properties, such as resistance to invasion and productivity [401], and in

supporting microbial biodiversity [428].

Interactions in our system varied significantly across environments and timepoints
(Figure 3-4, 5-14), suggesting that properties of natural communities can display con-
siderable spatial and temporal variability. While interactions did not appear to sig-
nificantly depend on properties intrinsic to the environment itself, they nonetheless
strongly depended on the environment via the ability of each strain to individually
grow in it: Negative interactions were frequent between strong growers, while pos-
itive interactions occurred commonly between strong and weak growers across all
timepoints and environments. Given the widespread differences in growth that occur
among bacteria, these results suggest that positive interactions may occur commonly

in nature.

A variety of mechanisms could explain the prevalence of positive interactions in
our system. First, facilitated strains might have grown on components of accumulat-
ing dead cells, though this is unlikely given the timescale of the coculture experiment
[429]. Second, the facilitator might have secreted carbon source-degrading enzymes
that increased overall carbon availability. This mechanism is consistent with the gen-
eral prevalence of positive interactions in dimeric and trimeric sugars (Figure 3-6A)
but may not explain positive interactions in simple carbon sources like monomeric
sugars and TCA cycle intermediates (Figure 3-6A, B). Third, the facilitator may have
excreted incompletely oxidized metabolites that were utilized by the facilitated strain
[415, 239, 430]. Such “overflow metabolism” would allow strains to indirectly benefit
from the biochemical transformation capabilities of their facilitators. Exploitation
of newly created niches could explain the positive interactions we observed on sim-

ple carbon sources (e.g. the excretion of short-chain fatty acids as a byproduct of
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incomplete monosaccharide oxidation). It may also explain the rarity of positive in-
teractions on lower carbon source concentrations, since respiration is known to be
favored over fermentation under such conditions and overflow is less likely to occur
[430].

Despite the high throughput of our experiment, our system did not capture real-
world bacterial diversity or environmental complexity. Our strain library was limited
to two taxonomic orders isolated from topsoil. We only chose strains that grew on
a minimal medium as part of our culturing protocol, possibly biasing our dataset in
a variety of ways, e.g. against obligate facilitations for interactions involving amino
acid or vitamin auxotrophies, which are known to be common [431]. Strains were also
pre-grown on glucose as the sole carbon source prior to construction coculture/carbon
source combinations, imposing glucose consumption as a requisite for inclusion in our
strain library and potentially affecting bacterial physiology (e.g. lag phase) and in-
teractions. Moreover, while our carbon source library represented a variety of carbon
source types, it was limited to soluble compounds, excluding many polymers on which
metabolically-driven positive interactions may be more common. Whether our results
extend across additional phylogenetic groups (i.e. those occurring within soil and in
other microbial ecosystems) and nutrient environments (i.e. across different and/or
multiple carbon sources, concentrations thereof, and non-carbon nutrient require-
ments) should be investigated in follow-up studies to generalize trends observed in

our system.

Our results indicate that knowledge of how strains grow individually in an en-
vironment can be strongly predictive of how they interact in that environment. In
contrast, knowing how the same strains interact in a different environment or how
different strains interact in the same environment do not appear to be very informa-
tive. Finally, our results suggest that a potential strategy for inducing the growth of
a non-growing or weakly growing strain, independent of growth medium, is to cocul-
ture it with a strongly growing strain. Here we uncovered several general, statistical
rules governing microbial community structure and function. Such rules deepen our

understanding of microbial community ecology and are crucial to enable the efficient
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design and control of beneficial microbial communities.

3.5 Materials and methods

Strain isolation from soil samples

Soil samples (two 12cm columns of topsoil, 4cm in diameter) were collected from
multiple locations in greater Boston on November 12, 2017 (5.6°C) (specific locations
listed in Table S1). Each sample was diluted in PBS within a few hours of collection (5
g soil vortexed in 40 mL PBS). Single strains were first isolated by streaking 70 pL of
dilutions of this mixture (107!, 1072, 1073, and 10~) on 20 different solid (agar) media
[Tryptic Soy Broth (T'SB) (Bacto), 1% v/v TSB, Lysogeny Broth (LB), 1%v/v LB,
Nutrient Broth (NB), 1%v/v NB, M9 salts (Sigma-Aldrich) + 0.5%w /v glucose, M9
salts + 0.005%w /v glucose, M9 salts + 0.005%w /v glucose + 0.2%w /v casamino acids,
M9 salts + 0.005%w/v glucose + 0.002%w /v casamino acids, M9 salts + 0.5%w /v
glucose + 0.2%w /v casamino acids at pH = 4 and 5, M9 salts + 0.005%w /v glucose +
0.002%w /v casamino acids at pH = 4 and 5, Actinomycete Isolation Agar (Teknova),
Brucella Agar, Streptomyces Medium, Campylobacter Medium, Bordetella Medium,
and ATCC Medium 1111].

Strains were selected based on the following criteria: growth in LB liquid medium
of transferred colony (25°C), frozen glycerol stock revival in LB (OD600 > 0.1) (30°C),
and subsequent growth on M9 + 0.5%w /v glucose (OD600 > 0.1) (30°C). We kept
96-well plates of isolates (LB, 25%v /v glycerol) at -80°C. Isolates included in the
coculture experiment (Table S1) were selected based on robust revival from glycerol
stocks and in subsequent culturing steps and the ability to label the strains via con-

stitutive expression of GFP.

Strain labeling

The soil bacterial isolates were fluorescently labeled with the commercially avail-
able plasmid pMRE132 containing GFP2 [432]. pMRE132 is a broad-host range plas-
mid used to constitutively express fluorescent protein genes in bacteria. First, the

soil isolates and the E. coli carrying pMRE132 (Ec-pMRE) were grown to saturation
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(5 mL of LB media [Bacto| in 50 mL Falcon tubes, loose caps, 30°C, 24 hrs, 15mg/L
Chloramphenicol [Sigma-Aldrich| for Ec-pMRE). Second, the saturated culture (SC)
of each soil isolate was mixed with the SC of Ec-pMRE (500 pL of each). This and
subsequent steps were done in 2 mIL 96 deep-well plates (Eppendorf) with a Viaflo 96
liquid handler (Integra) to increase throughput. The mixed SCs were concentrated to
10X by centrifuging (1 min, 7,000 RCF), discarding 900 pL of the supernatant, and
re-suspending. Immediately after, 10 ul. of each SC was spotted, in three replicates,
onto nutrient agar (5 g peptone, 3 g yeast extract, 15 g agar [Bacto| in 1L water).
The agar plates were incubated (24 hrs, 30°C) to allow for conjugation and transfer of
the plasmid from Ec-pMRE to the soil isolates. The bacterial lawns were picked with
sterile wooden applicators (Puritan), suspended in phosphate buffered saline (Corn-
ing), and mixed by pipetting 30 times with Viaflo. The suspensions were then serially
diluted (100, 10-1 and 10-2) and spotted onto minimal media agar to select for the
transconjugants (1X M9 minimal salts [Teknoval, 5 g/L Glucose, 15 mg/L Chloram-
phenicol [Sigma-Aldrich|, 15 g agar |[Bacto|). Fluorescent colonies were picked and
streaked onto minimal media agar to counterselect Ec-pMRE. Finally, SC from single

colonies were frozen with 50%glycerol and stored at -80°C.

Multichoose kChip set-up

We generated droplets that each contained the following: (1) H-GFP (starting
OD600 = 0.02); (2) one isolate (starting OD600 = 0.02, chosen among 14 isolates + 1
no-isolate control + 1 negative control) such that the synthetic communities contained
the same initial [Hf-GFP]|:[total isolate| ratio if no control droplets were present; and
(3) one carbon source. All droplets that received the same carbon source were loaded
onto the same kChip such that droplet grouping produced combinations of k = 1,
2, ..., 7, or 19 inputs with the carbon source type and concentration held constant
(Figure 5-7). Here we also differentiate between “composition” as a given isolate
subset of size s, e.g. the pair [A + B| (s = 2), and a “community” as a larger set
of size k that contains the given composition and >1 additional isolates, e.g. all
communities [A + B + X + ... 4+ Y] (k > 3). Overall, we produced ~100,000 assay

points (which were evenly divided among the carbon sources).
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Strain identification and calculation of phylogenetic distance

Each bacterium isolated from soil was classified phylogenetically with its 16S
rRNA gene sequence. The full 16S gene sequences ( 1500bp) were obtained via
Sanger sequencing (Quintara Biosciences), quality threshold-trimmed, and classified
with Seqmatch 48. Sulfolobus solfataricus, a thermophilic archaeon, was used in the
phylogenetic reconstruction as an outgroup species to root the tree. MUSCLE 49
with default parameters was used to align the sequences. PhyML-SMS 50,51 with
default parameters was used to select GTR+G+I as the best model and to infer the
tree. The inferred branching order and branch lengths in the phylogenetic tree are
the maximum likelihood estimate given the sequence alignment. The pairwise phylo-
genetic distances between strains were calculated directly from the phylogenetic tree

with R (Phytools).

Microbial culturing

All labeled and unlabeled monocultures initially underwent two pre-experiment
regrowth cycles (“starter phase” in a rich medium and “preculture phase” in minimal
medium) and, at the onset of the experiment (“experiment phase”), were normalized

to a starting density of OD600 = 0.02 in carbon-less minimal medium.

In the starter phase, glycerol stocks of the unlabeled and labeled strains were
inoculated into 525 pl (0.8-mL-deep 96-well plate) of Lysogeny broth (LB) medium
(25°C, 220 RPM, 16 hr). Inoculations from glycerol stocks were conducted via pin
replicator (sterilized via 70% v/v ethanol bath and flame treatment between inocula-
tions). In the preculture phase, all cultures were washed in carbon-less M9 medium
two times and then diluting cultures (1/50) into 1 mL M9 medium with 0.5% w/v
glucose (25°C, 220 RPM, 24 hr). Finally, the experimental phase began by washing
cells three times in a carbon-less M9 medium to remove residual glucose and normal-

izing to a starting OD600 of 0.02 (or ~20 cells/droplet depending on the strain).

Validation experiment in microtiter plates

To validate the interactions measured on the kChip, we cultured in 96-well plates

all possible monocultures and cocultures from 7 bacterial strains in 4 different carbon
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sources. The resulting 84 conditions represent 2% of the conditions measured on
kChip. Each coculture condition in this follow-up experiment was grown in triplicate,
and each monoculture in six replicates. The bacterial strains (RP1, KA, PAg2, LA,
PP, PR2, PK, and a No-Strain control) were selected to cover a wide range of resource
utilization profiles, and the carbon sources (Uridine, Proline, Sucrose, Fumarate, and
a No-Carbon control) were selected to cover a wide range of bidirectional interaction
types (Figure 3-6A).

The labeled and unlabeled bacterial strains were grown in monoculture in a starter
phase (rich medium) and preculture phase (minimal medium) as described above. Af-
ter washing the precultures with carbon-less M9 medium, and normalizing to a start-
ing OD600 of 0.44 (22X), we mixed the labeled vs unlabeled bacteria in a matrix-like
format in a 96-deepwell plate (100 pL each, 11X concentration each). Extra replicates
of monocultures and intra-strain cocultures were added to the remaining columns of
the same 96-deepwell plate. The four carbon sources were prepared in M9 media as
described above, but to a concentration of 0.55% w/v. The experiment was initialized
by mixing in triplicates (black-walled 96-well plates, Invitrogen) 136.4 ul of carbon
source and 13.6 ul of bacterial mix (bringing the carbon and bacterial concentration
to 0.5% w/v and 1X OD600 = 0.02, respectively). The plates were covered with gas-
permeable AeraSeal membranes, and incubated for 72 hrs with shaking (220 rpm)
and at room temperature (22-25°C). Measurements of OD600 and GFP (ex. 480,
em. 515, Optimal Gain, Z-Pos. 20 mm) were taken at 0, 24, 48, and 72hrs with a
microplate reader (Infinite 200 Pro, Tecan). Before the 72hr time point, each well
in the plates was mixed 20 times with a liquid handler (Viaflo 96, Integra) to break
up accumulated biofilms. After the 72hr time point, one plate-replicate of Proline
and Sucrose were serially diluted, and the dilutions 10-4, 10-5, and 10-6 were plated
onto Nutrient Agar (3g yeast extract, bg peptone, and 15g agar, Bacto, in one liter of
water) with and without 15mg/L Chloramphenicol (plasmid pMRE132 confers resis-
tance). The agar plates were incubated at room temperature for two days, and then

the colonies were counted with the aid of a stereo microscope (Leica MZ10 F).

The OD600 values were normalized by subtracting the media-only control. The
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GFP values were normalized by dividing by the value of the media-only control from
the corresponding time point, since each time point was measured using a differ-
ent optical gain. Monoculture fold-growth calculated using GFP and ODG600 values
strongly agreed (Figure 3-5), indicating that bacterial growth can be well-quantified
using GFP measurements. To compare the monoculture fold-growth in 96-well plates
and on the kChip (Figure 3-5B), the kChip GFP signal of each bacterial strain was
normalized by subtracting the 0.2 percentile signal at Ohrs. This subtraction corrects
for the background fluorescence of the kChip wells with zero or very few cells ( 580
arbitrary units of fluorescence), allowing for an estimation of the GFP signal at Ohr
due to cells. To calculate the bacterial pairwise effects with GFP data from 96-well
plates (Figure 3-5C-D), we utilized the same formula and made the same background
normalization as before (Figure 5-12, 5-13), accounting for the inoculum effects on
a per-replicate basis and for possible growth on media without carbon. For the De-
tection Limit (DL) in GFP measurements, we utilized the mean yield of strain A in
coculture with strain B with no carbon source. No DL or background subtraction was
used for the calculation of effects based on colony counts. Bidirectional interaction
(Figure 3-5E) types (0) and magnitudes (m) were calculated from the corresponding

unidirectional interactions as described for the kChip measurements (Figure 3-3F).
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Chapter 4

Conclusion

This thesis shows evidence of bacterial interspecies interactions regulating community
assembly in the C. elegans intestine and in nanoliter droplets. In both experimental
systems, we measured interactions between bacterial species at larger scales than what
is usually performed in the field of microbiome sciences. These higher throughput
experiments allowed us not only to show that interspecies interactions occur, but
also to assess their prevalence in microbial systems. In C. elegans, competitive and
hierarchical interspecies interactions altered the composition of at least half of the
two-species intestinal microbiotas we built and measured. Interspecies interactions
were also influential on the assembly of more biodiverse microbiotas, on different
worm mutants with different immune activity levels, and on bacteria isolated from
worms’ intestines or without previous exposure to them. Meanwhile, in the kChip,
strongly growing bacteria consistently enabled the growth of strains unable to grow in
monoculture, demonstrating a wide occurrence of positive interspecies interactions,
mainly in the form of commensalisms and parasitisms. In conclusion, interspecies
interactions are a prevalent driver for microbial community assembly.

This thesis contains two microbial ecology projects, each one with a core cen-
tral idea and also a more innovative, forward-looking proposition. On the C. elegans
microbiota project, the central theme is the experimental demonstration of the impor-
tance of bacterial competition for the assembly of an intestinal microbiota. Such idea

is not only thoroughly supported by our data, but it is also widely congruent with the
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current view on the microbiome sciences’ field. Apart from this, our results on the C.
elegans microbiota propose that bacteria native to (isolated from) the worm gut are
not necessarily more fit to colonize such environment. This forward-looking propo-
sition does not fully align with the developing ideas of phylosymbiosis in the field,
which argue that most organisms in natural biological systems are fully co-adapted
and co-evolved to live with one another [433]. The central idea of the kChip project,
which also aligns well with the field, is that overflow metabolism (cross-feeding) occurs
frequently in microbial systems; while the more innovative idea we set forward is that
for any poor-growing bacterial species in a given carbon source, there is likely another
bacteria capable of benefiting the growth of the former. In conclusion, I expect the
central ideas in this thesis to be readily integrated in our current understanding of
microbial systems, while the secondary propositions will perhaps incentivize further

discussion and better studies in the field.

This thesis has also delved into how the bacterial community context plays a
fundamental role in the survival outcome of a bacterial species. Bacteria and other
microorganisms are important, among other reasons, due to their capacity to infect
and sicken humans. Such dysbiotic states sometimes occur due to uncontrolled bac-
terial proliferation, which pushes the fractional abundances of a resident microbiota
out of equilibrium. The results presented in this thesis hint at the possibility of har-
nessing the competitive ability of resident bacterial members to prevent the human
microflora from being infected. Interspecies interactions are prevalent in microbial
communities built in-vitro and in the gut of C. elegans, and our all-vs-all pairwise
experiments show that the abundance of all bacterial species can be affected by the
presence of other community members. Moreover, in this thesis I have illustrated
how simple linear forecasts based on feasible experiments have good predictive power
of the fractional abundances of bacterial communities of up to 8 species. Future mi-
crobial ecology studies of important human ecosystems, as well as the development
of infection prevention therapeutics, might benefit from the gain in understanding
of bacterial interspecies interactions and microbial community assembly presented in

this thesis.
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4.1 Follow up experiments and future directions

I provide here some possible follow up experiments that could help to extend the
results presented throughout this thesis. Among the many paths to move forward, I
believe these specific ones would be appropriate to fill the conceptual gaps in the field
and consolidate our understanding of bacterial interspecies interactions and microbial
community assembly.

Developing a comprehensive set of fluorescent microbes, beyond Gamaproteobac-

teria, would help to assess the generality of the positive pairwise interspecies inter-
actions that we measured. This will help to verify that the bacterial bias to not
easily receive a fluorescent tag is not also a bias towards different interspecies inter-
actions. The distribution of bidirectional interactions explored in Chapter 3 (Figure
3-4) utilize bacteria from the orders Pseudomonadales and Enterobacterales, both
of which belong to the Gammaproteobacteria class (Proteobacteria phylum). Al-
though normal isolation protocols serve well to isolate bacteria from other classes and
phyla, such as Firmicutes, Cyanobacteria, Bacteoridetes, and Actinobacteria, it is
less straightforward to fluorescently label bacteria from such clades. The protocol we
utilize to label bacteria (pMRE plasmids [432], Methods 3.5) is described as a broad
host-range insertion protocol that can be implemented as a transposon chromosomal
insertion or as a simpler plasmid conjugation. Our labeling efforts with such protocol
so far have resulted in a diverse set of fluorescent Pseudomonadales and Enterobac-
terales. To enlarge this set of bacteria, further labeling attempts could incorporate
1) an electroporation step, 2) an osmotic shock, and/or 3) a temperature shock when
co-culturing the tag-donor E. coli and the recipient bacteria. With a larger set of
fluorescent microbes in hand, a new round of kChip screening experiments! could
be performed to measure bidirectional interactions and assess if the distribution of
positive and negative interactions that we observed before is conserved beyond the
Gammaproteobacteria.

Utilizing the conditioned (leftover) media of one bacteria to grow other species

! Concerto Biosciences, a novel enterprise implementing the kChip technology, could serve as an
alternative to run such experiments.
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in the kChip could reveal bacterial inhibition patterns at larger scales than before.
Although these conditioned media experiments have been explored multiple times
before, it would be reasonable to utilize the kChip, together with a comprehensive
set of fluorescent microbes, to scale-up such results. Specifically, having multiple
species from the same genus, together with multiple phyla represented in the same
screen could allow to reconcile previous studies reporting increasing [159, 160] and
decreasing [161]| probabilities of bacterial inhibition as a function of phylogenetic
distances. These conditioned media experiments would test for bacterial inhibition
by means of excreted compounds into the environment, which is a common form of

interspecies interactions [210].

A long-term co-culturing experiment, where a small set of pairs of bacterial species

are grown across successive passages, could serve as a test for evolutionary patterns
in simple microbial communities. Two specific hypothesis to test with such long-term
co-culturing experiment are: 1) if there is a decrease in the frequency and magnitude
of bacterial pairwise inhibition, and 2) if there is an increase in the productivity and
yield of the co-cultured strains to grow in the metabolic byproducts of the partners. A
recent study by Meroz et al. (2021) [434] explores a similar experimental framework
of evolution in microbial communities, where they co-culture bacterial species known
to coexist, and they keep track of the changes in community composition. Instead
of propagating coexisting species, I propose to introduce de novo one of the partners
at each dilution passage-this would lead to one bacterial partner staying virtually
unchanged, while the other partner would perhaps accumulate mutations and evolve.
On the order of 5-10 species, conditioned with each of the other ones, would lead to
25-100 different evolved pairs, which is a feasible number of conditions to grow over
approximately 400 generations. The original interaction between species A and B

would serve as the comparison control for the novel interaction between Ag and B.

Other ideas for further experiments are: 1) Building more complex microbiotas

by using very low nutrients, longer timescales and/or porous solid environments.

2) Select for a bacterium that does not leak byproducts by co-culturing a handful

of high-growing bacteria with a non-grower in a spatially defined medium. Uti-
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lizing a non-grower species that is highly competitive by means of producing tox-
ins or other compounds capable of killing at local scales could cause the growing
bacterial species to be inhibited if they leak byproducts and enable the growth of
the non-grower. 3) Extend the comparisons in the C. elegans microbiota between

MYb strains and phylogenetically similar non-native strains. If there is still little dif-

ference in competitive ability between native and non-native strains, figure out why

the MYb haven’t evolved higher fitness for the worm gut environment.
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Chapter 5

Appendix

5.1 Bacterial competition in the C. elegans gut

5.1.1 Extended materials and methods

A synchronous adult population of C. elegans was obtained by: 1) Collecting gravid
worms from 8 to 10 plates and extracting eggs with the standard egg prep protocol
[396]. 2) Letting the eggs hatch on M9 Worm Buffer (WB) (3 g KH2PO4, 6 ¢
Na2HPO4, 5 g NaCl, H20 to 1 liter. Sterilize by autoclaving and then add 1 mL
1 M MgSO4. Sigma-Aldrich for all chemicals, unless otherwise specified) overnight
to arrest development of L1 larvae. 3) Transfer larvae to NGM plates with lawns of
E. coli OP50 and incubate at room temperature for 2 days. The synchronized adult
worms were then transferred and kept for 24 hours in 50 mL Falcon tubes (Corning)
with 5 mL S medium, 100 pg/mL gentamicin, and 5X heat-killed E. coli OP50 to kill
any bacteria inhabiting the intestine, resulting in germ-free worms. S Medium: 1 liter
S Basal, 10 mL 1 M potassium citrate pH 6, 10 mL trace metals solution (Teknova),
3mL 1M CaCl2, 3 mL 1 M MgSO4. Add components using sterile technique; do not
autoclave. S Basal: 5.85 ¢ NaCl, 1 g K2HPO4, 6 g KH2PO4, H20 to 1 liter. Sterilize
by autoclaving and then add 1 mL cholesterol (5 mg/mL in ethanol). Heat-killed
OP50 was prepared by concentrating 50x a saturated culture of E. coli OP50, and

it was used to trigger feeding behavior in the worms. The adult worms were washed
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via sucrose flotation to remove debris before bacterial colonization.

The natural microbiota strains of C. elegans were isolated by growing C. elegans
on different types of rotten organic material, followed by washing and sterilizing the
worms on the outside, grinding the worms, and plating the resulting bacterial sus-
pension on agar plates. Different types of compost and rotten fruits and vegetables
were fed to the worms. Rotten apples were directly collected from the outside. Other
fruits like apples, celery, almonds and parsnip were placed on local soil from Boston,
MA in a household plastic box (Sterilite) with semi-open lid and incubated at room
temperature until the fruits were strongly decayed ( 3 weeks). The compost sam-
ples were taken from two local compost piles in Boston, MA, that mostly contained
kitchen and garden waste. Some amount of PBS and glass beads were added to the
samples. The samples were homogenized by vortexing at high speeds. The resulting
solution was filtered (Millex-SV 5 nm, MerckMillipore) to remove bigger particles.
The resulting emulsion was spread on S media agar plates without citrate. C. elegans
N2 were first grown on OP50 lawn on NGM plates, sterilized with antibiotics (5 mL
S medium, 100 pg/mL gentamicin, 5X heat-killed E. coli OP50) and added to the
plates with rotten organic material for approximately one week. After that time, the
worms were washed off the plates with M9 + 0.1% Tx. The worms were washed
twice with 1 mL WB + 0.1% Tx (centrifugation at 2K RCF, 10s). Afterwards the
worms were re-suspended in 1 mL ice-cold WB + 0.1% Tx and incubated on ice for
10 mins. 2 pL bleach (Clorox) were added and the worms were incubated for 6 mins
on ice. Afterwards the worms were washed 3x with ice-cold WB + 0.1% Tx. Single
worms were transferred into 0.6 mL reaction tubes (Eppendorf) and ground with a
motorized pestle (Kimble Kontes Pellet Pestle, Fisher Scientific) for at least 1 min.
The resulting solution was plated onto a tryptic soy broth (Teknova) agar plate (2%
agar, 150mm petri dish). From the resulting colonies, physiological unique colonies
were picked, and streaked-out again on tryptic soy broth agar to isolate the strain.
Finally, the bacteria were grown in tryptic soy broth at 30°C and stored as glycerol

stocks. The species identity was analyzed by 16S Sanger sequencing (Genewiz).

The hierarchy score of a matrix with fractional abundances is calculated by: 1)
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Ordering its rows and columns ascendingly based on the mean fractional abundance;
and 2) Taking the mean value of the half-matrix under the diagonal. In a perfectly
hierarchical matrix, each competitor will drive to extinction every other species with
a lower rank, reaching a hierarchy score of 1. Random matrices were generated to
calculate the significance of the observed high hierarchy score. We conserved the
distribution of fractional abundances by: 1) Sampling with replacement 55 values of
the original matrix; 2) Assigning these random fractional abundances to the lower
triangle of a new matrix; and 3) Assigning to the upper triangle of the matrix the
values of 1-transpose. For each random matrix generated, a new hierarchy score is

calculated as previously described.

5.1.2 Supplementary figures
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Figure 5-1: Monoculture colonization of C. elegans intestine is variable. (A) To con-
struct and measure simple microbiotas in C. elegans, a defined number of bacterial
species are fed in liquid culture to a same-age adult population of worms raised on
E. coli OP50 and sterilized with antibiotics. The liquid feeding substrate is restored
every day to maintain equal bacterial concentrations during the four days of colo-
nization. After four days of feeding, worms are mechanically disrupted in batches of
20, plated onto nutrient agar in triplicates, and the added counts of colony forming
units (CFUs) are used to determine bacterial population sizes in the worm gut. (B)
Photograph of bacterial CFUs of six selected species used in this article, plated onto
Nutrient Agar and grown at 25°C for 2 days (P. fluorescens, P. veronii, S. marcescens,
Achromobacter MYb9, Acinetobacter MYb10, Arthrobacter MYb27). (C-D) Different
bacterial species reach widely different average population sizes (black points) during
monoculture colonization of the C. elegans intestine. Each species also reaches widely
different population sizes across biological replicates. Each blue cross is a different
mechanical disruption of a batch of 20 worms, and error bars are the standard error
of the mean (s.e.m.). (E) Bacterial carrying capacities in the liquid media used as
feeding substrate (1%AXN, Methods) were measured by plating the saturated batch
cultures (24hrs at 25°C, OD600 in stationary phase) onto Nutrient Agar and counting
CFUs afterwards. The blue crosses show the five biological replicates per species, and
the error bars are the s.e.m. (F-G) Comparison of the carrying capacities in the liquid
media and the population sizes in the intestine of C. elegans AU37 (F) and SS104 (G).
The three Firmicutes (Lp, Bs, Bc) reach low population sizes in the worm gut and
low carrying capacities in the liquid media, but the carrying capacities in the liquid
medium don’t explain the variation in monoculture colonization (Pearson correlation
coefficients and p-values in the upper left corners). Bars are the s.e.m.
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Figure 5-2 (previous page): (A) LEFT: Fractional abundances of 55 different two-
species microbiotas constructed from 11 non-native bacterial species in an immuno-
compromised worm. Points are the replicates and error bars are the s.e.m. Most
conditions had four or more biological replicates. RIGHT: Null expectation based
on monoculture colonization. The underlying points, from where the mean null ex-
pectation was calculated, are the fractions obtained from combining the monoculture
replicates of the two bacterial species, and the error bars are the s.e.m. * and ** rep-
resent a statistically significant difference between left and right panels at p-values
of .05 and .01, respectively (Welch’s T-test). Bacterial species are ordered from left
to right by their mean fraction across the 10 different two-species microbiotas. (B)
Histogram of the fractional abundances in the two-species microbiotas show that only
a minority of the pairs displayed competitive exclusion (14/55 25%). From a pair of
bacteria reaching fractions 57%-43%, only the lower quantity, 43%, was plotted. (C)
Distribution of the differences between the left and right panels in (A). Across all
pairs, the measured fraction deviates from the null expectation by a mean distance
of 20%, with a peak at low distance and a long tail corresponding to cases where the
interspecies interactions are particularly important (Figure S2C). (D) Relative yields
(RY) less than one in two-species microbiotas are indicative of competition. The
RY of a bacterial strain is calculated by dividing its population size in a co-culture
experiment by its monoculture population size. Each point is the mean RY from
1000 bootstrap replicates sampling simultancously over the pairwise data and the
monoculture data. Error bars are the standard deviation of this bootstrap replicates
(or the s.e.m. RY). The points were colored red, or black if the total abundance in
co-culture (A+B) is lower or higher than the higher of the monoculture population
sizes plus its s.e.m., respectively. Some points were labeled, error bars were colored,
and dotted lines were added to improve clarity. The points above the diagonal are
equivalent to the points below the diagonal. (E) Box plots of the RY of each bacterial
species. Partner species is denoted by the colored symbols.
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Figure 5-3 (previous page): (A) Each set of bar graphs and the triangle (simplex) to
the right displays the measured fractional abundances and predictions of one three-
species microbiota. These 20 different three-species microbiotas are all the possible
combinations with the species Be, Lp, Pf, Pv, Ea, and Sm. The edges in the simplexes
depict the fractional abundances in the two-species microbiotas. ‘N’: Null expectation
based on monocultures, where each bacterial species reaches its population size in
monoculture colonization. ‘W’: predictions based on two species microbiotas in worm
gut (normalized arithmetic mean with or without assembly rules). ‘M’: predictions
based on pairwise outcomes in vitro liquid media. The error bars on the measurement
are the s.e.m. of 4 biological replicates, and the clouds of points around predictions
are 100 bootstrap replicates (‘N’s sampling the monoculture data, and ‘W’s and ‘M’s
sampling the pairwise data). (B) The mean fractional abundance in three-species
microbiotas correlates mildly with monoculture population size. Error bars in Y-
axis are the propagated error from the s.e.m. of the trios that include the given
species. (C) Cumulative distribution of the error of the predictions of three-species
microbiotas with and without assembly rules. The error of the predictions based on
pairs can be reduced by removing a bacterial species from the trio prediction when it
cannot survive all co-culture experiments—assembly rules. Errors calculated as the
linear distance (L2 norm) between the fractional abundances in the prediction and
measurement (normalized by the maximal distance, v/2). The dashed line represents
the mean distance between the measured mean and the biological replicates of each
trio, and it is an upper bound for the error. The gray line is the error of an uninformed
prediction of ‘1/3, 1/3, 1/3’, and it is a lower bound for the error.

120



>

When co-cultured with:

Bs Be Lp Pp Ec Pf Pc Pa Pv Ea
. 1 ARAA] ARAA] ARAA] AAAA AARA vy AA AA
5 £, 01 i i | T\ W i
5 0 Mﬂ\‘!'¢ T ?T ’4
g L‘E ;I TT‘V\ I TT‘V\ I TT‘V\ * TTAA &TAA TTN\ y l TT
[T . v
Il? M
? ARAA ARAA ARRA AA
AN AA AAA] AA
> |||||||| it III
- ]
A 2t vy
i ARAA] ARAA] ARAA] AAAA AN AN
,5_“_5I i I i I i WI i " I i
? ARAA AN B
ANAA] AR T -
g_sl i In III ||| Wl '
? VVVV TA VVVY ﬁ FT s A
ARAR ARAA ARAA v 1V ;- 3
E'SI i I i I i | I A 3 o
oy :§EL‘—PC
? A AV ARNAA AAAA] i'; :
& s N1 I I s ]
Y M g -
? ARAA ARAA AAAA e 2 .05
= Ec-B:
g_sl i I i I i D : -
20
Q? & 15 - <.01
\|.SI I II % 10 4 <
? VVVV VVVV LSI:) 5
ARAA C
8-5" 07\ 1 T 1 T = 1 g =
0 02 4 6 8 1 § I gs
Worm-Media Difference (‘?‘) ac gm
€ '
1 - —— E - i o F g a5 F*vép }
3 6 P O
3 2 ] |
= B [} e
& [} ] L
o T 005 :
o7 — Q é . . p.;/e:!uef1so1-z§
gy 2 83 4 s v;@ B 8 £ prree—SPeaman Conelation - &1 4
Time after Inoculum &N RN .005 05 A 5 1
‘Y\o “0 Coupled < Q\e\ Mean Relative Yield in Liquid Media

Figure 5-4: Co-culture experiments in vitro liquid media reveal the cases where the
worm gut environment determines microbiota composition.
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Figure 5-4 (previous page): (A) Fractional abundances in co-culture experiments in
the liquid medium used as feeding substrate (rich medium with peptone, yeast extract,
etc., Methods), with each subpanel representing one bacterial pairwise combination,
and each arrow representing a replicate. The beginning and the end of each arrow are
the starting fraction of each replicate (95-5%, 50-50%, and 5-95%), and the measured
fraction after 7 cycles of 100x daily dilution, respectively. Orange lines are the mean
across replicates. Green-pink bar-plot on the left of each subpanel is the fractional
abundance of the two-species microbiota in AU37 (Figure S2A). * and ** represent
a statistically significant difference between worm and liquid media at p-values of
.05 (19 cases) and .01, respectively (Welch’s T-test). (B) Low relative yields in lig-
uid media experiments indicate that competition is also the norm in this in vitro
environment. Each point is the mean RY from 1000 bootstrap replicates sampling
simultaneously over the pairwise data and the monoculture data; error bars are the
standard deviation of this bootstrap replicates (or the s.e.m. RY). (C) Mean relative
yield of each bacteria in vitro liquid media and in vivo worm gut are correlated. (D)
Distribution of differences between co-culture experiments in vitro liquid media and
in vivo worm intestine. (E) L. plantarum and B. subtilis reach different fractional
abundances in vivo worm gut and in vitro liquid media on a coupled experiment. (F)
An acidic version of the media resembling the average pH of the worm intestine (4.5)
shifts back the pairwise outcome to a worm-like state; error bars are the s.e.m. of at
least 4 replicates.
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Figure 5-5: Bacteria isolated from C. elegans intestine show more facilitative inter-
actions in two-species microbiotas.
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Figure 5-5 (previous page): (A) Heat-map of phylogenetic distances between native
and non-native bacteria in substitutions per base-pair. The distances were calcu-
lated directly from the phylogenetic tree (Figure 4A) that was inferred with maxi-
mum likelihood from the multiple sequence alignment of the of full-length 16S gene
of the bacterial species. Both axis are clustered into 7 bins for ease of interpreta-
tion. The phylogenetic tree matches the nomenclature of all bacteria, except for
Stenotrophomonas MYb57, which fell outside the split between Gamma- and Beta-
proteobacteria instead of being inside the Gamma class. More genomic information
might be needed to correctly classify MYb57 [435]. (B) Similar bacteria reach similar
population sizes, and as phylogenetic distance increases, the difference in colonization
ability tends to increase as well (rs=.39, p<<10-15). Fold differences in population sizes
calculated as the ratio of better colonizer over worse colonizer (1 added to each popu-
lation size to avoid dividing by zero). The phylum Actinobacteria showed the highest
variation in colonization (e.g. Arthrobacter and Rhodococcus), which suggests that
genomic differences between members of the Actinobacteria might set them apart
when colonizing the worm gut. Pseudomonas CR55 is also especially different from
its close relatives. (C) RY>1 in two-species microbiotas are indicative of facilitation.
Each point is the mean RY from 1000 bootstrap replicates sampling simultaneously
over the pairwise data and the monoculture data; error bars are the standard de-
viation of this bootstrap replicates (or the s.e.m. RY). (D) Box plots of the RY of
each bacterial species. Partner species is denoted by the colored symbols. FE. aero-
genes, S. marcescens, and Acinetobacter MYb10 reach a RY >1 in repeated occasions,
especially with native isolates as the co-culture partners.
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Figure 5-6: Two-species microbiotas in p38-immunocompetent C. elegans reveal the
cases where the immune system determines microbiota composition. (A-B) The pink-
green bar-plots display the fractional abundances of two-species microbiotas in im-
munocompromised C. elegans AU37 (previously shown in Figures 2A and 4C). The
aqua-beige bar-plots display the equivalent two-species microbiotas and the null ex-
pectation based on monocultures for immunocompetent worm SS104. * and ** rep-
resent a statistically significant difference at p-values of .05 and .01, respectively
(Welch’s T-test). (C) 9 out of 77 two-species microbiotas are significantly different
between immunocompetent and immunocompromised worms. (D) 15 out of 77 two-
species microbiotas in immunocompetent worm are significantly different from the
null expectation based on monocultures.
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5.2 Massively parallel screening of synthetic micro-

bial communities

5.2.1 Growth of labeled and unlabeled strains can be profiled

across environmental conditions

kChip screening allows for rapid functional profiling of both fluorescently labeled and
unlabeled strains across libraries of environmental conditions, e.g. antibiotics, natural
products, and carbon sources, with desired temporal resolution (limited only by kChip
scan time, <15 minutes at 2X magnification). Carbon utilization profiles, i.e. growth
curves for each strain across different single carbon sources in a minimal medium (SI
Appendix, Section S2), were attained for a panel of droplet monocultures as well as
conventional 96-well plate monocultures for comparison (SpectraMax plate reader).
We pooled a library of microbe-containing droplets with a library of carbon source-
containing droplets and loaded the droplets onto a k = 2 Chip (i.e. all microwells
on the kChip grouped 2 droplets). From microwells that received one droplet from
each library (~ 1/2 the total microwells on the k = 2 Chip, ~17,000), we profiled the

growth of each strain on each carbon source.

To track growth on each carbon source, we used one of two assays: (1) measure-
ment of a constitutively expressed fluorescent protein (GFP or YFP) (Figure 5-7A-
C); or (2) reduction of resazurin dye to its fluorescent product resorufin by cellular
metabolism (proportional to cell density), a label-less assay that can be used with
unlabeled or genetically-intractable strains (Figure 5-7E-G). We selected 10 fluores-
cently labeled strains, and first confirmed that glucose utilization was recapitulated on
a k = 1 Chip. We then crossed this panel with 13 carbon sources. Carbon utilization
profiles produced from GFP or YFP signal on a k = 2 Chip and 96-well plates agreed
strongly (Pearson r = 0.868) (Figure 5-7C) with on-chip consistency between tech-
nical replicates (R? = 0.968). To assay growth of unlabeled bacteria, the resazurin
assay, which has previously been used to quantify cell viability in droplets [436], was

used by incorporating resazurin in all carbon source-containing droplets. For a panel
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of three strains profiled across four carbon sources, growth curves produced via re-
sorufin fluorescence measurements on a k = 2 Chip and OD600 measurements on a

96-well plate agreed strongly (Pearson r = 0.969) (Figure 5-7).

5.2.2 Outlook and perspective for the kChip screening plat-

form

Droplet microfluidics have recently been applied across a diverse range of assay types
in single-cell transcriptomics, drug discovery, and microbiology (279, 437]. The kChip
platform expands upon these technologies to enable the rapid construction and high-
throughput screening of beyond-pairwise species combinations. Here [259] we have
demonstrated that the kChip screening paradigm is compatible with fluorescently
labeled species, diverse environmental isolates (14 tested, Table S3), and environ-
mental conditions (16 tested, Table S2). We showed that the platform enables phe-
notypic screening of fluorescently labeled species across combinations of biotic (iso-
late) and abiotic (carbon source) settings, as well as growth profiling of unlabeled
isolate libraries via the resazurin assay. Demonstrating the utility of kChip screening,
we discovered and validated compositions that facilitate the model plant symbiont
Herbaspirillum frisingense in a manner robust to carbon source environment and
community background. We further extrapolated ecological trends in the data, gen-
erated hypotheses about consortia design principles, and demonstrated consistency
with these principles for top-scoring compositions identified in the screen.

Data generated through kChip screening is a valuable resource to explore the
underlying ecology of cellular interactions among microorganisms (bacterial, algal,
and/or fungal) and their environmental dependencies. Taking the carbon sources
glucose and galactose, for which conserved glycolytic pathways are used ubiquitously
by the bacterial kingdom, we observed pervasive competition that we expect is at-
tributable to nutrient competition. Taking the more complex oligomers (sucrose,
lactose, and raffinose) on which Hf-GFP monocultures grew poorly in monoculture,

a possible explanation for the common facilitation we observed (Figure 3-2A) is the
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secretion of enzymes that increase carbon availability to Hf-GFP [438|. In the case
of sucrose, for example, we can speculate that extracellular enzymes produced by
facilitating strains cleave sucrose into glucose and fructose, monomers that are then
utilized by Hf-GFP. We found that these facilitative effects were typically robust to
community context, suggesting that this facilitation is driven by key interactions and
agnostic to the presence of additional strains. Improvement to the median yield of
Hf-GFP with community richness (Figure 3-2A) could be explained by the probability
of sampling primary facilitator strains that individually facilitate Hf-GFP. In the case
of sucrose, we observed that the effect of a primary facilitator could be bolstered by
additional strains, suggesting additive and/or higher-order effects. Finally, the rarity
of robustness to both carbon source and community context (Figure 5-8E) suggests
that facilitative mechanisms depend highly on the environment and indicates a need
for testing under many conditions to identify mechanisms and interactions robust to

carbon source variation.

The kChip has numerous applications in elucidating microbial community ecology,
namely the phenotypic characterization of a given species or cell type across an array
of biotic and/or abiotic settings. Datasets can be used to parameterize or assess
mathematical models of growth or interactions as well as to determine of how biotic
metrics (e.g. the genetic and metabolic diversity of co-cultured species) and abiotic
factors (e.g. the complexity, concentration, or ratio of carbon substrates provided)
drive metabolic decision making and interactions. Screens can also be used to detect
when higher-order interactions emerge that are unpredictable from measured pairwise
interactions [263, 266, 267, 245, 168] and to produce hypotheses about community
design principles [439, 440| and the environments that induce desirable interactions

[441, 413, 442).

Beyond basic ecology, kChip screens could be used to identify promising compo-
sitions for development into probiotics. Inspired by the success of microbiota trans-
plantation to counter ecological dysbiosis in animal and plant hosts [443, 444], stan-
dardized interventions remain difficult to develop for a variety of reasons including

a lack of mechanistic understanding and the explosion of possible strain combina-
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tions. Analogous to in vitro compound screening to generate therapeutic candidates,
kChip screens can generate short lists of “hit” microbial cocktails that are also ro-
bust to relevant biotic and abiotic perturbations and constitute attractive candidates
for validation and follow-up studies. For example, combinations of soil species can
be identified that robustly facilitate plant growth-promoting rhizobacteria (PGPR),
which have been shown to improve crop yields substantially [410, 445] by provid-
ing the plant with nutrients and resisting pathogen colonization [446|. On the other
hand, screens to identify combinations that robustly suppress the growth of pathogens
may be particularly useful in the context of dysbiotic human microbiomes. Indeed,
defined probiotics are under development to address infections like Clostridium diffi-
cile [447], Salmonella [448|, vancomycin-resistant enterococci [449|, and Staphylococ-
cus aureus [450]. Screening combinations of species from healthy, pathogen-resistant
microbiomes may expedite probiotic discovery or identify higher-performing formu-
lations. More broadly, any optically detectable community-wide phenotype can be
screened, e.g. the degradation of a fluorescently labeled recalcitrant organic com-
pound (or the growth of a fluorescently labeled species that consumes one of its
byproducts); community-induced changes in gene expression (via promoter-GFP re-
porter fusions); and the production of cryptic, interaction-mediated metabolites that

impact growth, such as antimicrobials [451].

5.2.3 Extended materials and methods

Microbial Culture Input Preparation.

All bacterial cultures underwent an initial “starter phase,” whereby glycerol stocks
of environmental isolates and fluorescently labeled strains were inoculated into 525 nL
of lysogeny broth (LB) medium (2 mL deep, 96-well plate via pin replicator) and 4 mL
of LB (15 mL culture Falcon tube), respectively (30 °C, 220 rpm, 16 h). A subsequent
“preculture phase” (30 °C, 220 rpm, 24 h) consisted of washing cells and resuspending
them in M9 minimal medium (MM) with 0.5% (wt/vol) glucose at an initial OD600 of
0.01. The “experimental phase” consisted of washing and resuspending cells typically

to a starting OD600 of 0.02 in MM (or ~20 cells per droplet).
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kChip Input Preprocessing.

For the screen described in Figure 3-1, each droplet contained Hf-GFP, a single
cocultured isolate, and a single carbon source. Every input received a “color code,”
a unique ratio of three fluorescent dyes (1 pM or 10 pM) before generating droplets.
Every input received 0.05% (wt/vol) bovine serum albumin to aid in retention of

hydrophobic small molecules during droplet pooling and loading (32, 45).

Droplet Making and kChip Loading.

Droplets were produced on a Bio-Rad QX200 Droplet Generator in a fluorocarbon
oil (3M Novec 7500). Droplets were pooled to prepare a total of 200 uL of droplet
suspension (~5 min) and injected into a custom-built kChip loading apparatus [259].
Each microwell randomly sampled k droplets (~5-10 min). The kChip was scanned
at 2x magnification to identify the droplets in each microwell from their color codes
(~12-15 min). Droplets were merged within their microwells via ~10 s of exposure
to an alternating-current electric field (4.5 MHz, 10,000-45,000 volts; Electro-Technic

Products corona treater).

Fluorescence Microscopy.

All fluorescence microscopy was performed using a Nikon Ti-E inverted fluores-
cence microscope with fluorescence excitation by a Lumencor Sola light-emitting diode
illuminator. Images were collected by means of a Hamamatsu ORCA-Flash 4.0 CMOS

camera.

5.2.4 Supplementary figures
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Figure 5-7: Carbon utilization profiles of labeled and unlabeled strains were mea-
sured on k = 2 Chips. (A) Droplet libraries can be made from a library of fluores-
cently labeled strains and a set of carbon sources. The ability of each strain to grow
on each carbon source can be measured by monitoring microwells that receive one
microbe-containing droplet and one carbon source-containing droplet. (B) To mea-
sure growth of unlabeled strains, the dye resazurin is added to carbon source inputs
before droplet production (postmerge concentration of 40 pM). Resazurin is reduced
to the fluorescent product resorufin in the presence of metabolically active cells. (C)
We measured fluorescence for a panel of 10 fluorescent strains (starting OD600 =
0.02) across 15 conditions |13 carbon sources at 0.5% (wt/vol), one additional glucose
replicate control, and one negative control (no carbon)| in k = 2 Chip microwells
(21 °C, no shaking) as well as 200-pL cultures in 96-well plates (21 °C, 220 rpm).
Heatmaps show the relative signal at 50 h, with interleaved columns corresponding to
the kChip and 96-well plates (Pearson r = 0.868) (full time course is shown in [259]
SI Appendix, Figure S6). (D) We measured the resazurin signal (fluorescence due to
resorufin accumulation) for three strains (starting OD600 = 0.005) across four carbon
source conditions in k = 2 Chip microwells (21 °C, no shaking) and compared those
signals with OD600 measurements from 200-pL cultures in 96-well plates (21 °C, 220
rpm). Heatmaps show signal at 22 h (Pearson r = 0.969). In C and D, the relative
signal for each row is obtained by normalizing to the maximum across all carbon
sources and time points after background subtraction. Ec, FEscherichia coli; Gle-
NAc, N-acetylglucosamine; Hf, Herbaspirillum frisingense; Pae, Pseudomonas aerug-
wmosa; Pau, Pseudomonas aurantiaca; Pch, Pseudomonas chlororaphis; Pci, Pseu-
domonas citronellolis; Pf, Pseudomonas fluorescens; Pp, Pseudomonas putida; Ps,
Pseudomonas syringae; Pv, Pseudomonas veronii; Rep, replicate.
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Figure 5-8: High-throughput kChip screening identifies H. frisingense-promoting
compositions that are robust to carbon source and community context.
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Figure 5-8 (previous page): (A) Screen schematic to identify Hf-GFP—promoting com-
positions. Assays are constructed whereby Hf-GFP represents half of the starting
biomass (starting HI-GFP OD600 = 0.02) and the other half is divided evenly among
one to seven or 19 soil isolate inputs (starting total isolate OD600 = 0.02 if no control
droplets are present). Each of these communities is constructed in one of six media
that each contain a single carbon source. Each carbon source enables a different Hf-
GFP monoculture yield. Droplets containing the same carbon source are pooled and
loaded onto the same kChip (six kChips in total, 21 °C, no shaking). After droplet
merging, Hi-GFP yield is measured (24 h, 48 h, and 72 h) in each community/carbon
source environment. (B) Total number of assay points collected for different values
of k (about evenly divided among the six kChips; [259] Dataset S2). (C) Ranked
Hf-GFP yield at 72 h for all constructed compositions. A median is represented
when a composition is replicated more than one time (with a mean calculated in
instances of two replicates), error bar = s.e.m., and dotted line = Hf-GFP yield in
monoculture. (D) Effect of each s-sized composition on Hf-GFP was analyzed in two
ways to identify the most facilitative and robust compositions. Here, the composition
[BaLL + Ra + Ps] is used as an example. (Top) First, all instances of [Bal. + Ra +
Ps| appearing in k = 3 microwells were identified across all carbon sources, and the
median Hf-GFP yield for these was calculated (“Hf-GFP median yield”). (Bottom)
Second, all instances of [Bal. + Ra + Ps + one or more additional isolate| in k >
4 microwells were identified across all carbon sources, and the 10th percentile of Hf-
GFP yield for these was calculated (“Hf-GFP robustness”). The color of each data
point indicates the carbon source. Gray dotted line = minimal viable Hf-GFP yield
(1,500 GFP counts, or 1 SD above Hf-GFP monoculture yield in sucrose medium).
(E) For compositions represented 30 or more times across all carbon sources (only k
=1,k = 2, and k = 3 compositions met this criterion), Hf-GFP median yield and
Hf-GFP robustness were calculated as described in D. Dark blue points indicate a
composition contains at least BuC. Dark green points indicate a composition contains
at least [BaL. + Ral|. The diagonal line is the x = y line. a.f.u., arbitrary fluorescence
units; Av, Averyella dalhousiensis; Ch, Chryseobacterium sp.; Co, Collimonas sp.;
Ew, Fwingella americana; Ps, Pseudomonas fluorescens.
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5.3 Positive interactions are common among cultur-

able bacteria

5.3.1 Extended materials and methods

Medium construction

The medium used in the coculture experiment was an M9 minimal medium con-
sisting of 1X M9 salts (Teknova), 1X trace metals (Teknova), 0.1 mM calcium chloride,
and 2 mM magnesium sulfate. We additionally added 0.05% w /v bovine serum al-
bumin (BSA) to the medium to improve the retention of fluorescent dyes used in the
droplet color codes 5 (see section “Input color coding”) and, presumably, other small
molecules 52. We previously showed that addition of BSA does not affect bacterial
growth 5.

A bank of kChip-deployable carbon source growth substrates was developed from
which libraries could be readily created. Carbon compounds in this bank met the fol-
lowing criteria: the compounds were soluble at 2% w/v in water; the solutions were
emusifiable using Bio-rad QX200 cartridges; the integrity of the color code dye sig-
nals were maintained despite the presence of the carbon compound (see section “Input
color coding”). A total of 33 carbon compounds were chosen that passed these criteria,
representing a diversity of growth substrates including monosaccharides, oligosaccha-
rides, polysaccharides, carboxylate ions, amino acids, sugar alcohols, and a nucleic
acid (Figure 5-10).

In the coculture experiment, a total of 40 environmental conditions were used.
These included the 33 chosen compounds at 0.5% w/v; five of these compounds
(glucose, glycerol, pyruvate, proline, and sucrose) at 0.05% w/v; an even mix of all
33 compounds (totaling 0.5% w/v); and a no-carbon control.

Carbon source plates consisting of the 40 carbon source conditions in water (4X
experiment concentration) were frozen at -20°C and thawed at the onset of each
round of the experiment (see section “kChip coculture construction”). We previously

demonstrated preservation of the frozen carbon substrate plates by showing tight cor-
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respondence in the growth of Escherichia coli K-12 MG1655 on the freshly prepared
carbon substrate plate and plates stored in -20C for 3 days and 15 days 5.

Input color coding Every unique input to the coculture screen (e.g. a bacterial
culture or environmental condition) received a “color code”, or unique ratio of three
fluorescent dyes (standardized to a total final dye concentration of 2.5 uM), prior
to generating droplets [400]. Each set of three dyes collectively labeled each specific
input. The dyes included Alexa Fluor 555, Alexa Fluor 594, and Alexa Fluor 647,
all of which have distinct excitation and emission spectra and dyes did not interfere
with GFP. We previously showed that the color coding dyes do not affect bacterial
growth 5.

Droplet preparation and pooling Each 1-nL droplet contained either a labeled /unlabeled
pair or a single carbon source (Figure 3-3A). The labeled strain was projected to each
unlabeled strain (1:1 ratio) just before making droplets. Droplets were produced on
a Bio-Rad QX200 Droplet Generator (which generated roughly 20,000 1-nL emul-
sifications prepared per 20 uli input for eight inputs at a time; three minutes per
8-input cartridge). The continuous phase was a fluorocarbon oil (3M Novec 7500).
For droplet making, 2% w/w fluorosurfactant (RAN Biotech 008 FluoroSurfactant)

was added to stabilize droplets.

For each kChip loading (see section “kChip coculture construction”), about 5,000
droplets per each of the labeled /unlabeled inputs (22 + 2 empty controls, or a total
of 24 x 5,000 = 120,000 droplets) and about 3,000 droplets per carbon source (39 -+
1 empty control, or a total of 40 x 3,000 = 120,000 droplets) were pooled, generating
a total of about 240,000 droplets where half contained cultures and the other half
contained carbon sources. As a result, about a half of randomly generated pairwise
droplet combinations on the kChip contained one labeled /unlabeled pair (premerge
OD600 = 0.04 for each strain; post-merge OD600 = 0.02 for each strain, or 20
cells/droplet) and one carbon source droplet (final concentration = 0.5% w/v or

0.05% w/v).
kChip coculture construction
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The following steps were performed for each kChip, with 6 kChips run in sequence
per day (for a total of 24 kChip run over 4 days, with 2 kChips repeated due to poor
droplet loading). As previously described, a single labeled strain was projected to all
unlabeled strains, each labeled /unlabeled input and each carbon source input received
a unique color code, droplets were made from all inputs, and all droplets were pooled
together (Figure 3-3A, Steps 1-2). With the assistance of a loading apparatus, the
droplets were loaded onto a kChip in one pipetting step (Figure 3-3A, Step 3).

A kChip loading apparatus, which was required to load droplets into microwells,
consisted of a “loader top” and “loader base” [400]. The loader base held in place
a piece of custom-cut glass (Brain Research Laboratories; 1.2 mm thickness) made
hydrophobic via pretreatment with Aquapel. The top side of the kChip, which was
not coated with parylene, spontaneously formed a seal with the loader top. Four
neodymium magnet pairs were oriented such that the two acrylic pieces repelled each
other. Working against this repulsive force, the loader top was lowered toward the
loader base via tightening nuts until the desired standoff between the glass and kChip
was attained ( 500-700 pm) to create a space for flow under the microwells. Via an
open slot passing through the loader top and kChip, the flow space was pre-wetted
with an injection of oil ( 3 mL to fill the entirety of the flow space) followed by the
pooled droplets. Each kChip consisted of an array of microwells, each designed to
randomly group a specific number of droplets. Here we used only k = 2 microwells
that each group two droplets. Buoyant in the surrounding oil, the droplets were
distributed around the flow space via tilting the loading apparatus. After the droplets
had passed through the flow space and entered the k = 2 microwells, additional oil
(no fluorosurfactant) was flushed through the device to wash away excess droplets
and fluorosurfactant. The kChip, coupled to the top piece, was removed, and sealed
with a transparent PCR film 35, limiting inter-microwell crosstalk 34. The edges of
the film were trimmed off. A second set of four neodymium magnets were used to

couple to the top piece/kChip to a microscope stage adapter.
Fluorescence imaging

136



All fluorescence microscopy was performed using a Nikon Ti-E inverted fluores-
cence microscope with fluorescence excitation by a Lumencor Sola light emitting
diode illuminator (100% power setting). Images were taken across four fluorescence
channels—three for the color codes and one additional channel for fluorescence-based
assays. Each dye and the assay signal was detected with a different excitation wave-
length generated by a collection of excitation filters: GFP by Semrock GFP-1828A
(blue excitation); Alexa Fluor 555 dye by Semrock SpGold-B (green excitation); Alexa
Fluor 594 dye by Semrock FF03-575/25-25 |excitation filter| + FF01-615/24-25 [emis-
sion filter| (yellow excitation); and Alexa Fluor 647 dye by Semrock LF635-B (red
excitation). The emission signals corresponding to each dye channel were used to
identify the contents of a given droplet within each droplet grouping prior to droplet
merging (Figure 3-6B). The final channel was used post-merge and at subsequent
time points to quantify the assay signal (Figure 3-6B). The camera possessed 16-bit
depth (total pixel intensity range of 0-65,535 counts). Exposure times were chosen

such that all assay signals and dye signals did not saturate (<20,000 counts).

Bootstrap resampling and interaction classification

To measure EB— A the effect of unlabeled strain B on labeled strain A for a given
carbon source environment, the log2 of the ratio of its yield of A in coculture (me-
dian of A+ B replicates) to monoculture (median of A,,,,, replicates) was calculated
(Figure 3-3D, Figure 5-12A). In instances where either of these values fell below the
detection limit (DL), they were replaced with DL, which was calculated as the 90%
percentile of the distribution of A+B when no carbon source was present. Several
examples of this calculation are provided in Figure 5-12B. Positive values indicated

facilitation, negative values indicated inhibition, and 0 indicated no detected effect.

The coordinate (EB—A, EA—B) represented both sides of an interaction. To
qualitatively classify this interaction, this point was plotted on a Cartesian plane
(and, as necessary, reflected to the left of the identity line y = x). Uncertainty
was calculated via bootstrapping: 1000 calculations were performed for EB—A and

EA—B via resampling A+B, Amono, B+A, and Bmono. The 25th and 75th per-
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centiles of the resulting distributions were plotted (Figure 3-3E, Figure 5-13A). An
interaction was classified as mutualism (+,+) if both sets of uncertainty bars fell
within the first quadrant; as a parasitism if they both fell within the second quadrant
(+,-); and as a competition if they both fell within the third quadrant (——). Error
bars passing over quadrants indicated that a classification for at least one of the two
effects did not adequately separate from no effect. If an uncertainty bar passed over
the y-axis, an interaction was classified as a commensalism (+,0); if an uncertainty
bar passed over the x-axis, the interaction was classified as an amensalism (—,0); if
both uncertainty bars passed over the x- and y-axes, the interaction was classified
as a neutralism (0,0). Examples of these pairwise classifications are shown in Figure

5-13A.

The point (EB—A, EA—B) occupied a radial continuum of possible pairwise
interactions, with the magnitude m and the angle © of this point in polar coordinates
providing a quantitative description of the interaction strength and type, respectively
(Figure 3-3F). The value © specifically represented the relative size of the effects
of two strains on each other. To determine ©, the line y = —x was assigned to
0° (representing a balanced parasitism of equal and opposite effects). Values —90°
< © < —45° quantified competition, with —90° indicating that two strains inhibited
each other equally; —45° indicated amensalism; —45° < © < 0° quantified parasitism
where the inhibitory effect outweighed the facilitative effect; 0° < © < 45° quantified
parasitism where the facilitative effect outweighed the inhibitory effect; 45° indicated
commensalism; and 45° < © < 90° quantified mutualism, with 90° indicating that
two strains facilitated each other equally. The distribution of m and © are given in
[400].

For a given set of interactions (e.g. all pairs among a phylogenetic group) the
mean interaction [u(EB—A), un(EA—B)| was sometimes calculated (Figure 5-12B).
The average interaction magnitude m and average interaction type © of this average
interaction were also calculated. The variance in a set of interactions can also be
calculated as an interaction diversity metric. This analytical framework was applied

to the entire dataset (Figure 3-4, Figure 5-14) and to subsets of the data organized by
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properties of the environments, such as biochemical classification (Figure 3-6B), or
properties of strains, such or phylogenetic distances (Figure 3-6D). The distribution
of the average m and average © for interactions grouped by coculture pair and by

carbon source are given in [400].
Binning interactions by metabolic distance or monoculture growth

Using measured resource utilization profiles (monoculture growth values across
all carbon sources normalized to the maximum growth per strain, per time point)
(Figure 5-10), the Euclidean distance between each resource utilization profile was
computed for each strain pair (Figure 5-11C) as a measure of metabolic similarity.
Whereas the phylogenetic distances among pairs produced a bimodal distribution
that reflected the two taxonomic orders, the metabolic distance values produced a

continuous bell-shaped distribution [400].

We binned the 190 possible cocultures into 8 discrete metabolic distance bins of
increasing dissimilarity and counted interaction types in each bin across all carbon
sources (Figure 3-6E). (Cocultures of a labeled strains cocultured with their unlabeled
counterparts, for which the metabolic distance was 0, were grouped as Bin #0.) In
the center of the metabolic distance distribution (Bins #3, #4, #5, and #6), each bin
spanned 0.25 Fuclidean distance units. Because there were fewer data points nearer
the tails of the distribution, Bins #2 and #7 each spanned 0.5 Euclidean distance
units, and Bins #1 and #8 spanned 1 Euclidean distance unit. The resulting bins

each had roughly equal numbers of data points.

Unlike binning by metabolic distance, binning by monoculture growth disregarded
any larger interaction patterns within a given strain pair, i.e. each interaction gener-
ated among a pair across each carbon source was independently binned only by the
degree to which each strain grew on the given carbon source. Normalized monoculture
yields (Figure 5-10) were placed into one of seven bins (cutoffs: 0, 0.005, 0.05, 0.1, 0.2,
0.3, 0.5, 1). The first bin, [0 0.005), represented undetectable growth (within back-
ground noise) as qualified as “no growth” in analyses of obligate facilitation (Figure

3-6D). With the exception of the second bin, [0.005 0.05), which spanned a decade,
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bins cutoffs were roughly based on exponential doublings.

Interaction networks and binning

Interaction networks were constructed for all pairwise interactions occurring per
carbon source (examples in Figure 3-6A and all networks in [400]). The nodes, each
representing a strain, were arranged concentrically by carbon utilization similarity
(same order as in Figure 5-10). The size of the node corresponded linearly to the
normalized monoculture growth (Figure 5-10). Edges between nodes, each represent-
ing a pairwise interaction, were colored by interaction classification (with neutralisms

not shown). The thickness of the edge corresponded to interaction strength m.

5.3.2 Supplementary figures

BI

100 ym
Figure 5-9: Images of labeled strains in example cocultures (with arbitrary unlabeled
strain and carbon source) (10X magnification). Full strain names are provided in

Table S1
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Figure 5-11: Strain pairwise comparison metrics. (A) Phylogenetic tree built with
maximum likelihood estimate, utilizing alignment of full 16S sequences. Sequences of
the full 16S rRNA gene ( 1500bp) were obtained via sanger sequencing. Sequences
were trimmed to quality threshold >20 before merging the forward and reverse reads
of each bacterial 16S. The sequence for E. coli K12 was obtained directly from NCBI.
Sulfolobus solfataricus, a thermophilic archaeon, was used in the phylogenetic recon-
struction as an outgroup species to root the tree. MUSCLE with default parameters
was used to align the sequences. PhyML-SMS with default parameters was used to
select GTR+G++1 as the best model and to infer the tree. Units are ‘Substitutions per
base pair of the 16S gene. (B) Pairwise phylogenetic distances between strains were
calculated directly from the phylogenetic tree with R (Library Phytools, command
‘drop.tip’). (C) Metabolic distances ordered by carbon source utilization similarity.
These distances were calculated as the Euclidean distance between two carbon source
utilization profiles (Figure 5-10). Red line = separation of two taxonomic families.
Orange font = strains of the order Enterobacterales. Green font = strains of the order
Pseudomonadales.
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Figure 5-12: Interaction effect calculation. (A) Formula for calculating effect of un-
labeled strain B on yield of labeled strain A. (B) Effect calculations for example co-
culture [Enterobacter ludwigii (EL) and Pseudomonas rhodesiae #2 (PR2)| on four
example carbon sources.
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Figure 5-13: Pairwise interaction classification and quantitative metrics. (A) Method
for assigning pairwise interaction classification (commensalism, mutualism, para-
sitism, competition, amensalism, or neutralism). Confidence intervals for all one-way
effects were generated by bootstrap resampling the effect calculation (Figure 5-12).
One-way interactions (facilitation, inhibition or no effect) were classified by the ef-
fect size and the fraction of the confidence interval that fell within the effect size’s
quadrant. Two-way interactions were classified by combining two one-way classifica-
tions. (B) Quantitative metrics used to describe pairwise interactions. These include
metrics for type, strength, and diversity (with diversity only applying to a set of
interactions). The type metric was also used to subset of interactions belonging to

specific interaction classifications.
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Figure 5-14: Interaction distributions for full dataset at 24 hr. (Left) All pairwise
interactions at 24 hr on 33 distinct carbon sources. (Middle) Interaction classification
of all data. (Right) Interaction classification excluding cases in which both strains
comprising a coculture showed no detectable growth as monocultures on a given
carbon source.
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5.4 Role of phylogenetic classification after account-

ing for metabolic capabilities

Does phylogeny contain extra information to predict bacterial pairwise effects after

accounting for metabolic capabilities?! I have shown previously that the measure-

GFPy)y

W) depend on how much the affected bacteria ‘X’ and

ments of bacterial effects (
the effector ‘Y’ can grow on the medium. If X can grow well in monoculture, the
presence of a partner Y will lower its yield in most cases, but if X can’t grow on its
own, the presence of a good growing partner will often times facilitate it. Taking into
account these growth capabilities of the bacteria, we want to know if the bacterial

16S phylogenetic classification provides further understanding into when do positive

interactions occur.

The twenty bacterial isolates utilized in this study fall into two orders: Pseu-
domonadales and Enterobacterales. The phylogenetic distances between pairs of iso-
lates within an order (intra-order) are between 0 and .3 substitutions per site, while
the distances across orders are between .55 and .75 subs/site. This bimodal distribu-
tion of phylogenetic distances allows us to simplify the metric into high (inter-order)
and low (intra-order) distances. The question then becomes: does monoculture fold
growth relate to bacterial effects in the same way for high and low phylogenetic dis-

tances?

In the three graphs of Figure 5-15, we are plotting the bacterial effects as a func-
tion of the effector’s monoculture growth. We are only focusing on the effects that
poor growing bacteria receive because these are the only effects that are quantita-
tively predictable based on the effector’s monoculture growth. Each graph considers
a different subset of the data based on phylogeny, and each graph displays a linear
regression of the effects as a function of the effector’s growth. The similarity in the
parameters of the linear regressions show that the estimated relationship between

monoculture growth and bacterial effects is not statistically different across phyloge-

!This question came up during the second meeting I had with my Thesis Committee, Otto
Cordero and Tami Lieberman.

146



Effect on poor growing partners
0
1
Effect on poor growing partners
Effect on poor growing partners

§  Slopessiden=1.597 +-0.064

g“ Slope+-Std.err= 1.6 +- 0.067
Jo Adjusted RA2= 0.468

- ¥ Adjusted RA2= 0.499

Slope+-Std.err= 1.327 +- 0.174
- & Adjusted R"2= 0.275

T T T T T T T T T T T T
0 2 4 6 0 2 4 6 [ 2 4 6

Fold growth of effector in monoculture (log2[t3/t0]) Fold growth of effector in monoculture (log2[t3/t0]) Fold growth of effector in monoculture (log2[t3/t0])

Figure 5-15: Linear regressions show that bacterial effects vary with mono-
culture growth similarly across different phylogenetic distances. Monocul-
ture growth was calculates as the fold change in GFP fluorescence intensity after
72hrs of growth. Calculation of bacterial interaction effects is explained in Figure
5-12.

netic distances. Also, as shown in Figure 5-16, the percentage of positive bacterial
effects changes significantly with the effector’s fold growth for all phylogenetic bins
(error bars are + one std. dev.). The expected percentage of positive interactions
appears to be lower for pairs of Pseudomonas, but the few 20 conditions where a
high growing Pseudomonas was paired with a poor growing Pseudomonas give us
low confidence on such trend.

To further test if phylogenetics adds value to the prediction of bacterial effects, we
compared different multiple linear regressions with and without phylogenetic distance

in the model. Here we are considering all bacterial effects instead of focusing only on

100%

All
Pseudomonadales
Enterobacterales
Inter-order

90% —|

oopE@E

80% —

70% —
60% —
50% —
40% —
30% —
20% —

Positive effects on poor growers

10% —

0% —

Low (<0.5 division) High

Growth of effector in monoculture

Figure 5-16: Percentage of positive interactions on poor growers as a func-
tion of taxonomy and the effector’s monoculture growth.
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H Coefficients MFGs  +PhylDist H

R? of Model  0.30415  0.31703
Intercept -2.3711  -2.83869
Std. error 0.05197  0.06826

MFG effector  1.1437 1.26945
Std. error 0.02257 0.0314

MFG affected 0.24394 0.21055
Std. error 0.02159 0.02893

Phyl. Distance 1.65113
Std. error 0.153481

Table 5.1: Coeflicients for multiple linear regressions.

poor growing bacteria. Table 5.1 shows the R? and the estimated coefficients for the
best two models: ‘MFGs’ uses the monoculture fold growth of both strains and their
two-term product to predict all the significant bacterial effects, while ‘+PhylDist’
also uses phylogeny and the two other two-term products. Although the inclusion of
every variable was statistically significant (p<.05), the quality of the predictions (R?)
increased merely 1.2% with the addition of phylogenetic distances. In other words, if
we don’t break the dataset into low/medium /high monoculture growers and instead
we try to predict all of the bacterial effects based on monoculture fold growths, this
prediction is almost as good as a prediction that also includes phylogenetic distances.
In conclusion, these results show that phylogeny adds little value after accounting for

MFGs.
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5.5 Pairing off: a bottom-up approach to the human
gut microbiome

2The human gut microbiome has been implicated in a variety of health outcomes, and
extensive research has aimed to understand its composition and function, primarily
via metagenomic analyses. An examination of how the microbiome develops and
interacts through interspecies competition and cooperation has been lacking so far.
In their recent work, Venturelli et al (2018) [273]? build a synthetic gut community
and accurately predict its dynamics with a simple network of pairwise interactions.
Imagine if a single organ of the human body was proposed to be implicated in a
wide variety of diseases and disorders, including Parkinson’s disease, autism, depres-
sion, obesity, ulcerative colitis, cardiovascular disease, diabetes, and multiple cancer
types. The gut microbiome, a microbial ecosystem inhabiting the digestive tract of
humans and other animals, is frequently referred to as an additional organ since its
weight (~1 kg) is comparable to that of a small organ, and its role in physiology and
disease has become evident in the recent years. In fact, the gut microbiome has been
linked to all the conditions listed above as well as further pathologies [296]. While
several of the proposed links between the microbiome and human diseases remain
to be further investigated and might after all prove to be overblown, they neverthe-
less have drawn tremendous attention to the gut microbiome, and research continues
at a fever pitch to link the microbiome to health outcomes. Metagenomic analyses
have facilitated a “top-down” look at gut community composition |7], but “bottom-
up” approaches can be instrumental for understanding how these complex bacterial
communities form, interact, and affect the health of their host. In their recent study,
Venturelli et al (2018) use a bottom-up approach to community assembly by perform-
ing experiments with a synthetic gut microbial community and analyze the data using

a predictive dynamic computational model. They find that pairwise interactions are

2Abreu C, Ortiz Lopez A, Gore J. Pairing off: a bottom-up approach to the human gut micro-
biome. Molecular systems biology. 2018 Jun;14(6):e8425.

3Venturelli OS, Carr AV, Fisher G, Hsu RH, Lau R, Bowen BP, Hromada S, Northen T, Arkin
AP. Deciphering microbial interactions in synthetic human gut microbiome communities. Molecular
systems biology. 2018 Jun;14(6):e8157.
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Figure 5-17: Interaction network of microbiome constructed from pairwise dynamics

sufficient to model multispecies community assembly and that certain pairwise motifs
may be key to making a healthy microbiome resilient over time.

Although the authors’ model community is less complex and diverse than real gut
microbiome communities, its 12 species span the major phyla of human-associated
intestinal bacteria. Venturelli et al (2018) performed all possible two-species combi-
nation experiments and tracked the relative abundances across time with multiplexed
16S sequencing and the total biomass with OD600 measurements. By fitting the pair-
wise dynamics to a generalized Lotka—Volterra model, they estimated the network of
interactions 5-17 and were able to accurately predict the majority of temporal changes
in 11-species (single-species dropout communities) and 12-species (full communities)
communities. The predictions from pairwise experiments were significantly better
compared to predictions based on single-species growth. This finding agrees with
work from our group [27] and others [245] showing that pairwise outcomes are ade-
quate for predicting multispecies community assembly and community-level metabolic
rates. In contrast to some theoretical work and empirical evidence (207, 452, 266,
these results suggest that higher-order interactions may play a relatively minor role
in driving community assembly and that a network of pairwise interactions is an
adequate description of the system.

The temporal dynamics of two-species bacterial communities were used by Ven-
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turelli et al. [273] to estimate the parameters of a Lotka—Volterra model. The pa-
rameters of this model represent growth rates, intra- and interspecies interactions,
and the interspecies interaction coefficients can be used to visualize the microbial

ecological network.

The types of links that connect pairs of bacteria in the network influence the
ecological dynamics of the communities in which they are embedded. The authors
found that approximately half of the interactions are negative (56 vs. 21% posi-
tive) and note that, generally, negative interactions introduce stabilizing feedbacks to
networks. Negative interactions are generally thought to arise from competition for
resources or direct conflict involving toxin production, while positive interactions can
occur when one species secretes a metabolite utilized by another species, a process
known as “cross-feeding.” However, even net-negative interactions could contain some
cross-feeding, a concept similar to a casino offering free drinks to gamblers, making
a negative interaction less negative. The prevalence of negative interactions in the

network is in line with previous results from studies of culturable microbes [232].

Studying pairwise dynamics may be useful for predicting the survival of an in-
vading pathogen or probiotic, or on the other hand, the effects of removing a species
from a community. The authors found that several of the analyzed species, which
happened to be the strongly interacting and abundant ones, had a dramatic effect
on the structure of the 11- and 12-species communities. These results suggest that
pairwise interactions are important in understanding how a gut community would
respond to a species invasion or removal. Unhealthy gut microbiota states have been
shown to be less stable to perturbations [453]. The authors noted that the prevalence
of negative interactions in the network could be a stabilizing force and, more specif-
ically, they highlighted a particular pairwise motif that appeared frequently. The
positive /negative interaction motif was associated with stable coexistence in exper-
iments and simulations and is one potential mechanism that may lead to emergent

stability of a community.

The advantage of analyzing synthetic communities is that they are experimentally

tractable. However, the tradeoff of this controllability is the uncertainty of how well
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the findings apply to real, complex gut communities. Experiments performed in liquid
cultures have less spatial structure than natural intestinal systems, and such spatial
separation has been shown to promote coexistence. Additionally, serial transfer ex-
periments use a dilution rate to model colonic transit time, but this approximation
might err in its simplicity. Notwithstanding these differences, the relative abundance
of species appearing in both experiments and real human guts was found to be cor-
related.

The work of Venturelli et al. contributes to the ongoing effort to understand
the ecology of the human microbiome. The insightful results from a synthetic model
community highlight the merits of applying a “bottom-up” approach to the analysis of
the gut microbiome. Nontrivial patterns emerge from the 12-species network, built by
simple two-species competition experiments. The use of a simple phenomenological
model was also validated by its accurate predictions of community assembly and
dynamics. While such models are considered to be context-dependent in comparison
with mechanistic models, which incorporate more information such as metabolomics
data, in this case the authors reported that fewer predictive insights were gained from
metabolite measurements. Future experiments may reveal why some communities are
more easily perturbed than others and whether the “healthy state” of a microbiome
community can be explained by its pairwise network. Such experiments could test the
predictions of Venturelli and colleagues, bridging synthetic and natural communities

[454].
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