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Lateral gene transfer, the ability of organisms to acquire genetic material from another,

non-parent organism, has changed the fundamental evolutionary framework of microbiol-

ogy. Greater appreciation for its impact on microbial evolution has led to debates about

how evolutionary novelty arises in microbial lineages, the usefulness of phylogenetics to

understand their evolution, and the nature or even existence of species. All of these changes

to evolutionary theory governing microbes are dependent on the rate and phylogenetic

scale of factors enabling and limiting genetic exchange. In this dissertation I investigate the

dynamics and evolutionary consequences of genetic exchange in bacterial lineages across

large, intermediate, and small phylogenetic distances. In Chapter 1 I argue the importance

of explicitly addressing the scale of evolutionary patterns and processes in microbiology.

The scale of ecology and evolution makes them challenging to study, from their small

size and rapid evolution to their vast diversity that evolved over the entire history of life

on Earth. Experimental design, theoretical development, and data interpretation can all

benefit from a deeper understanding of these scales. Chapter 2 provides an overview of

long-term evolutionary dynamics in microbes, demonstrating the impact of contingency

on the evolutionary trajectory of bacterial phyla. Genomes of these bacteria cluster by both

metabolic potential and genome content dedicated to niche-specific functions, suggesting

that barriers to LGT prevent disruption of overall phylum-specific genome characteristics.
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In Chapter 3 I investigate the rate of lateral gene transfer in the genus Streptomyces, showing

that the rate of successful gene acquisition and retention is low over evolutionary time.

By placing these events in a temporal context via a molecular clock, I suggest a different

interpretation of lateral gene transfer through the use of a scale-conscious approach. I also

show that the observed rate of transfer is negatively correlated to the phylogenetic distance

encompassed by a lineage. This is indicative of high neutral turnover of transferred genes, a

key observation for both comparative analyses between lineages and inferring the potential

evolutionary impact of lateral gene transfer. At a small phylogenetic scale, chapter 4 investi-

gates the diversity of very closely related Pseudonocardia isolated from fungus growing ants.

Here I show geographical and phylogenetic structuring of overall genome content, SNP

diversity, and natural product biosynthesis potential. The distribution of these genes is

likely impacted by vertical inheritance and selective pressure from the pathogenic fungus

Escovopsis. I also show a limited amount of gene content diversity within these very closely

related bacteria, despite the theoretical potential of lateral gene transfer to continuously

introduce new gene families. Together, these studies provide insight into the impact of

lateral gene transfer over a range of temporal scales in diverse microbial lineages.
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Chapter 1

The Problem of Scale in Microbial Ecology and Evolution

Bradon R. McDonald and Cameron R. Currie.

1.1 Introduction

The astonishing diversity of microbial life on Earth has fascinated and perplexed biolo-

gists for hundreds of years. They play critical roles in large scale processes that affect all

organisms on earth. Their activity drives global nutrient cycles, including the oxygena-

tion of Earth’s atmosphere. This byproduct of photosynthesis dramatically changed the

evolutionary trajectory of life on earth, leading to a major shift in gene abundance from

fermentative to oxidative phosphorylation related functions (David and Alm, 2011). The

release of carbon dioxide by plant biomass degrading microbes (Book et al., 2016) plays a

major role in the carbon cycle. Microbes are also intimately involved with the evolution and

ecology of animals and plants. Multicellular organisms evolved in the constant presence of

microbes, and their diverse interactions with microbes form a critical part of their biology

(McFall-Ngai, 2015). These interactions range from the mutualisms found in sap feeding

insects (Moran et al., 2008) and gut communities that enable herbivory (Hess, 2011) to

devastating pathogens that have changed the course of human history (Bos et al., 2011). The
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ubiquitous presence of microbes on and in eukaryotes means that even pathogens interact

with both their eukaryotic host and its associated microbes as a community (Ahmer and

Gunn, 2011).

Small ribosomal subunit RNA (16S) sequencing enabled taxonomic surveys of envi-

ronmental microbes with unprecedented depth. This technique led to sequencing of

environmental DNA from a wide range of habitats, from deep sea thermal vents (Moyer

et al., 1994) and volcanic hot springs (Ferris et al., 1996; Hugenholtz et al., 1998) to agricul-

tural soil (Jansen et al., 1996) and human skin (Gao et al., 2007; Grice et al., 2009). These

studies revealed an entire new domain of life, the Archaea (Woese and Fox, 1977). It also

enabled the first DNA-based phylogenetic trees encompassing all of life on Earth, including

many micrbial phyla that had not been successfully cultured.

The rapid decrease in sequencing cost led to the sequencing of the first complete bacterial

genome in 1995 (Fleischmann et al., 1995), enabling deeper analysis of microbial diversity

than had been possible by laboratory experiments alone. Comparative studies between

both closely and distantly related bacterial genomes greatly expanded the knowledge of

evolutionary patterns in microbes. Genomic diversity within microbial species was found

to be significantly higher than in eukaryotic species, which was attributed to frequent lateral

gene transfer (LGT). Greater appreciation for the impact of LGT on microbial evolution has

altered the entire evolutionary framework in microbes (Doolittle and Zhaxybayeva, 2009;

Achtman and Wagner, 2008). Metagenomics has revolutionized the study of microbial

communities, enabling investigation of community-level patterns of diversity and function

across numerous environments (Handelsman, 2004). The massive amount of sequencing

data currently being generated is used to infer a wide range of ecological and evolutionary
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processes.

With rapidly growing datasets and investigation of a wide array of environmental

functions and processes performed by microbial communities, there have been increasing

efforts to integrate ecological and evolutionary theory into our understanding of microbes.

16S surveys and metagenomic sequencing have revealed biogeographical patterns in the

distribution of taxonomic groups (Martiny et al., 2006), functions (Green et al., 2008), and the

co-occurrence of microbial taxa (Ma et al., 2016). Seasonal variation in both marine (Gilbert

et al., 2012) and soil (Copeland et al., 2015) systems provide insight into the dynamics

of microbial communities during environmental fluctuations. Further experiments have

assessed key properties of microbial communities, including resilience to disturbance and

functional redundancy of community members (Allison and Martiny, 2008). These studies

also inform crucial aspects of human health. Large scale surveys of human microbiome

diversity in healthy (Huttenhower et al., 2012) and unhealthy (Turnbaugh et al., 2009)

individuals has led to the development of models linking microbial community dynamics

to human disease (Gilbert et al., 2016). Here, I discuss the influence of different temporal,

spatial, and organizational scales on our understanding of biological processes.

1.2 Pattern, Process, and Scale in Ecology and Evolution

Ecological and evolutionary processes occur at different scales, as do the patterns that

emerge due to these processes. In a seminal publication, Simon Levy provided a clear

synthesis of the promise and challenges inherent in addressing ecological questions through

an appreciation of scale (Levy, 1992). At the heart of this synthesis is the idea of "patchiness":
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the distribution of organisms, resources, or interactions is often uneven. The degree of

patchiness observed is heavily dependent on the scale of observation. At very small scales,

the distribution of organisms or resources may appear stochastic. As the observation scale

increases, consistent patterns often emerge. Finally, at the largest scales, smaller scale

patches may no longer be visible, leading to the appearance of a uniform distribution.

The ideal scale of observation for a particular phenomenon is therefore dependent on the

question a study tries to answer and the nature of the phenomenon. The meaning of small,

intermediate, and large scales is dependent on both the pattern being investigated and

the process that generates it. Patterns often appear at larger scales than the processes that

generate them.

As with all complex adaptive systems, biological entities are characterized by multiple

levels of interaction with new emergent properties at progressively larger scales. At the

local, population scale, genotypic diversity within populations provides the potential

for natural selection. Population expansions and bottlenecks have significant impact on

this standing diversity. Local interactions between organisms shape the evolutionary

trajectory of all interacting partners, either directly through co-evolutionary interactions

or indirectly via competition for resources. At the higher scale of species-level processes,

niche specialization between related organisms and the evolutionary impact of sustained

interactions drive adaptation and dictate longer term species divergence and diversification.

By studying groups of species in a genus, the impacts of these longer term dynamics can be

observed. These impacts include the rate of diversification, the diversity of ecological roles

performed by closely related species, and the quantity and characteristics of interspecies

interactions. With ever-increasing scale comes long term extinction and diversification
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dynamics, evolutionary contingency of broader lineages, and the collective ecosystem

properties generated by the interactions of many diverse organisms with their environment.

Our ability to disentangle ecological patterns is greatly enhanced by posing questions,

planning experiments, and interpreting data with a conscious appreciation of scale.

In microbial systems, the complexities resulting from differences in physical, temporal,

and organizational scales play an even larger role. Understanding processes that occur at

scales dramatically different from our normal experience always poses a challenge, and

microbes interact and evolve at the smallest and largest extremes of any organisms on

Earth. The evolutionary history of microbes spans the entire history of life, while multi-

cellular organisms encompass only a small part. Microbes can reproduce, and therefore

evolve, many times faster than macroorganisms. They can interact and disperse across

extremely small physical scales (Vos et al., 2013), enabling them to exploit diverse niches in

what appears to be uniform environments at the human scale. All of these factors make

considerations of scale critical in microbial ecology and evolution.

The following sections provide several examples of approaching microbial ecology and

evolution with an explicit focus on scale. Section 1.3 discusses the challenge of linking

microbial taxonomic classification to their evolutionary diversity, while section 1.4 examines

the issues surrounding species concepts in microbies. Section 1.5 describes the physical

scale of microbial ecology and the complexities it causes, followed by a discussion of

microbial communities in section 1.6. I conclude with a survey of emerging experimental

and computational approaches that will enable more detailed examination of microbial

ecology and evolution at extreme scales in section 1.7.
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1.3 The history of microbial life - Phylogenetic diversity
of microbes

The diversity of multicellular life spans approximately 600 million years of evolutionary

history. Animals arose approximately 540 million years ago, followed 100 million years

later by land plants. While staggering in its many forms, the diversity of multicellular life

is dwarfed by microbes by orders of magnitude. Many of the major culturable bacterial

phyla are estimated to have diverged over two billion years ago (Battistuzzi et al., 2004),

and phyla entirely composed of microbes that have not been cultured make up the majority

of bacterial lineages (Rinke et al., 2013). Each new technique for identifying microbial

taxa has revealed greater and greater diversity. Classifying this incredible diversity, and

placing the evolution of all life on earth in a single consistent framework, requires a clear

appreciation of evolutionary timescale and a consistent way of classifying microbial and

eukaryotic life.

Before the era of DNA sequencing, microbial diversity was often classified using the

phenotypic characteristics available to microbiologists: morphology, cell wall structure,

metabolic capabilities that could be tested in a laboratory, and interactions (generally

pathogenic) with macro organisms. The characteristics for different microbes and their

higher taxonomic groupings described in the classic Bergey’s Manual of Systematic Bacteri-

ology (Bergey, 1923) became the standard for identifying bacteria based on these properties.

The combination of these phenotypic characterization techniques led to the delineation of

approximately 5,000 bacterial species. The advent of DNA sequencing enabled the use of

16S sequencing, first developed by Carl Woese and colleagues, as a DNA based classifica-



7

tion method (Woese, 1987). This was found to largely recapitulate the taxonomic groups

identified phenotypically if 97% 16S identity was used as the cutoff to determine whether

two organisms were of the same species. Further DNA sequencing technology advances

allowed the use of average nucleotide identity of sequenced genomes (ANI), which was

found to largely recapitulate existing taxonomy with a cutoff of 94% ANI (Konstantinidis

and Tiedje, 2005). Similar approaches, often using ANI of conserved housekeeping genes

at various sequence thresholds, are the most frequently used metrics for assigning bacterial

sequences into so-called "operational taxonomic units", or OTUs.

Our intuitive understanding of what a species or genus means in terms of diversity,

and the processes and patterns we can expect to observe and study at this taxonomic scale,

is largely based on what we see in animals and plants. These taxa can serve as useful

benchmarks for understanding the scale of microbial diversity, as the relationship between

macro-organism phylogenetic scale and the scale of eco-evolutionary processes that affect

them is better understood. A large study of speciation rate across all plants and animals

found that lineages split approximately every 2 million years, and suggested that this

divergence occurs as a neutral process independent of ecological adaptations (Hedges

et al., 2015). Although some evolutionary mechanisms differ in microbes, especially genetic

exchange (discussed below), it is reasonable to use macro-organims species diversity within

a given sequence similarity cutoff as an initial approximation for what we would expect to

find in microbes as well.

However, trying to use the microbial taxonomy methods for drawing taxonomic bound-

aries in eukaryotes proves problematic. For example, applying the 97% identity cutoff

to 18S sequences from animals results in the classification of humans and frogs as the
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same species (McCallum and Maden, 1985). Although investigating tetrapods as a whole

reveals a wealth of conserved characteristics, similar to what one would find in a micro-

bial "species" delineated using the same metric, there are approximately 30,000 species of

tetrapods. Because the phenotypic classification methods used for microbes were unable

to differentiate subtle but ecologically relevant phenotypic differences, and the cutoffs

for subsequent sequence-based metrics were chosen based on the existing taxonomy, a

microbial species as currently defined taxonomically is not equivalent to an animal or plant

species. This provides a clear example of the challenge posed by evolutionary scale in

microbes.

The scale of microbial taxonomy does not align with that of macro-organisms, and

therefore interpreting patterns of microbial diversity through the lens of equivalent macro-

organism taxonomy can be misleading. Indeed, the amount of phylogenetic diversity

that is grouped into a single species in bacteria would often be classified as an order or

subphylum in animals. Even the stricter sequence identity cutoffs often used to identify

OTUs in metagenomics studies still group organisms more broadly than most eukaryotic

species. One percent divergence in core genes seems small relative to the diversity of

microbial life on Earth, but actually indicates large absolute evolutionary distances due

to their slow rate of evolution. For example, all mammals fall within 1% 18S identitiy of

humans (Gonzalez and Schmickel, 1986). Therefore, eco-evolutionary processes or patterns

that are expected to occur at the species or population level in eukaryotes may occur at

finer phylogenetic scale than these sequenced-based approaches are able to distinguish in

microbes.

Without a full appreciation for the huge evolutionary scale of even high percent identity
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OTUs, our interpretation of microbial diversity and evolution can be easily misled. A recent

commentary on 16S OTU diversity across many environments (Amann and Rosselló-Móra,

2016) suggested that the number of bacterial species may only be in the millions based

on rarefaction analysis of OTU discovery (Schloss et al., 2016). For comparison, all of the

estimated 5-60 million species of animals, from humans to sponges, would be one OTU

at 92% 18S identity. The microbial diversity survey found 15,743 microbial clusters at

90% identity. Thus, if microbial lineages diversify approximately at the same rate per

small ribosomal subunit RNA divergence as animals, one would predict between 78-944

billion species of microbes. In order for the number of microbial species to be in the

millions, microbes would have to diversify more than four orders of magnitude more

slowly than animals. Although sequence divergence metrics are the only available tool to

assess the majority of microbial diversity, this diversity should be placed in context with

better characterized groups of organisms to avoid over-interpretation. Many metagenomic

analyses use the ANI whole genome identity approach to identify OTUs instead of 16S

divergence. Even at this finer scale, organisms grouped into a single OTU via strict sequence

identity cutoffs have been show to be paraphyletic and ecologically heterogeneous (Koeppel

and Wu, 2013).

The disconnect between our intuitive understanding of the amount of diversity at a

particular taxonomic level and the breadth of diversity encompassed in microbial groups at

that level becomes even greater when looking at broader taxonomic groups. For example,

molecular clock analysis of the genus Streptomyces suggests it is approximately 380 million

years old, as old as land vertebrates (See Chapter 3). The estimated divergence time of

Escherichia and Salmonella, considered to be very closely related microbial genera, is 100
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million years (Ochman and Wilson, 1987). This divergence date indicates these genera are

significantly older than placental mammals, an animal group containing 4,000 species. They

also display 98% 16S identity, meaning that 1% 16S sequence divergence translates to 50

million years of time for these organisms. Statements about organisms like Salmonella and

Escherichia with high core gene percent identity being very closely related need to be put in

proper context. They are relatively closely related given the diversity of bacteria, but they

are very distantly related in terms of generations or years. Few researchers would use the

terms "very closely related" to describe two eukaryotic organisms separated by 100 million

years. Additionally, microbial groups at a single taxonomic level can vary significantly

from each other in terms of age or diversity. Without taking this into account, evolutionary

patterns that vary between groups of the same taxonomic level may be attributed to

biological differences rather than differences in scale. Streptomyces are estimated to be

nearly four times older than the divergence of Salmonella and Escherichia for example. A

direct comparison between genera may show more gene content diversity in Streptomyces,

due to their greater age alone. If age is not taken into account however, a study could

easily conclude that greater diversity in Streptomyces is due to more freqent gene acquisition

rather than simply a difference in evolutionary timespan.

Understanding the rate of evolutionary processes in microbes, including phenotypic

evolution, gene content differences and genetic exchange, lineage diversification and ex-

tinction, depends on a clear appreciation for the evolutionary scale at which we measure

processes and patterns. For example the calculated rate of point mutations, even in syn-

onymous sites, is influenced by the phylogenetic distance between organisms in a dataset

(see Chapter 3). Mutations that are selected against are lost over evolutionary time, such
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that older microbial groups may have lower observed mutation rates. Normalization of ob-

served mutation rate by phylogenetic distance will enable better quantitative comparisons

of mutation rates between microbial groups of different ages.

1.4 Units of evolution - Concepts and definitions of
species and populations

One of the most contentious issues in microbial ecology and evolution revolves around

the smallest but arguably most important phylogenetic levels: species and populations

(Doolittle and Zhaxybayeva, 2009; Gogarten et al., 2002; Achtman and Wagner, 2008). It

is critically important to understand what diversity of organisms comprise these units,

because they are not merely taxonomic levels. Populations are the unit of natural selec-

tion and species are the smallest evolutionarily independent lineages (de Queiroz, 2005).

Therefore, labeling a particular group of organisms as a population or species is making a

statement about the biological processes they undergo, not just their taxonomy. Further,

accurately identifying them is important for investigating the processes that affect them

and the patterns that these processes create at the proper scale. One process in particular

has generated the most controversy related to species and populations: genetic exchange

(Nowell et al., 2014; Cordero and Hogeweg, 2009; Ge et al., 2005). This process includes

both exchange and recombination of homologous sequences, analogous to what occurs in

sexually reproducing eukaryotes (homologous recombination), and acquisition of novel

DNA fragments from other organisms (lateral gene transfer, or LGT).

Both of these processes are distinct from what generally occurs in eukaryotes. Homolo-
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gous recombination in microbes occurs not across whole genomes but in fragments, so that

two organisms may recombine across only one part of their genome while being genetically

isolated in another (Shapiro et al., 2012; Vetsigian and Goldenfeld, 2005). Lateral gene

transfer, baring a few exceptions (Keeling and Palmer, 2008), does not occur in eukaryotes.

The comparison of the first three sequenced E. coli genomes revealed that only 40% of genes

where shared by all the genomes (Welch et al., 2002). This vast gene content diversity within

the same taxonomic species revolutionized evolutionary microbiology. Is implications have

led some to challenge fundamental aspects of microbial evolution, including the validity

of evolutionary trees of organisms and the existence of species or populations in microbes

(Syvanen, 2012).

This interpretation of genetic exchange and its impact on microbial evolution is largely

based on the impression that it occurs very frequently with limited phylogenetic boundaries.

Both of these observations are dependent on the scale of analysis, and further research has

revealed a much more nuanced picture of genetic exchange. Homologous recombination

is more promiscuous in microbes than in sexually reproducing eukaryotes, in large part

because it is easier for exogenous DNA to interact with a microbial genome. The likelihood

of successful recombination depends on the percent nucleotide similarity between donor

and recipient, such that homologous recombination rate decreases logarithmically as

sequence similarity decreases (Vulić et al., 1997). Some microbial taxa undergo homologous

recombination much more than others (Vos and Didelot, 2008). Indeed, analysis of the

two widespread lineages of Listeria monocytogenes found that the observed recombination

rate in one lineage was six times higher than the other (Bakker et al., 2008). A number

of large scale analyses have compared recombination rates across a range of bacterial
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groups, but they generally treat different taxonomic groups of bacteria as equal in terms of

phylogenetic depth. In general this would lead to under-estimates of recombination rate for

older lineages due to loss of acquired alleles, either due to selection against recombinants

or neutral processes.

Although barriers to genetic exchange are often seen as the gold standard for distin-

guishing species in multicellular eukaryotes, the difficulty of defining species boundaries

remains a continuing issue in these organisms as well (de Queiroz, 2005, 2007). Many other

criteria have been advocated as metrics for defining species boundaries including morphol-

ogy, ecological differences, and phylogenetic clustering. The preferred metric often varies

due to the limits of data available in different fields: for example an archeologist cannot

determine the potential for inbreeding between specimens. In an attempt to bridge the gap

between disparate species definitions, de Quieroz made a key distinction between a species

concept, which is the evolutionary properties a group of organisms in a species are to have,

and a species definition, which are the empirical properties used to distinguish organisms

in one species versus another. He argues that the many disagreements over ways of classi-

fying species in eukaryotes are debates over a preferred definition, all of which are trying

to identify organisms that fit under the same theoretical species concept. He states this

unifying species concept as "independently evolving metapopulation lineages"; a species is

comprised of a group of populations that evolve independent of other populations through

time. Divergence of one species into two is a gradual process, and different definitions

are able to distinguish newly independent lineages at different time points as this process

unfolds. Ecological differences due to changes in behavior may be apparent earlier in the

divergence process for example, with morphological differences appearing later. Because
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of this, the use of different species definitions may lead to disagreements about species

boundaries for newly diverged lineages, but the majority of definitions attempt to identify

groups of organisms that fit the same species concept.

There are several key aspects that determine how disruptive the effects of genetic

exchange would be to the independently evolving metapopulation species concept in

microbes. They largely revolve around the evolutionary and temporal scales of genetic

exchange and divergence. Unlike sexually reproducing eukaryotes, even microbes with

"frequent" homologous recombination are unlikely to recombine in every generation, and

recombination does not encompass the entire genome. Therefore, the rate of recombination

in microbes is more akin to migration of alleles from a distant population than sexual

reproduction within a population. The rate of allelic migration per generation and the

selective effect (positive, negative, or neutral) of the incoming genetic material are critical

parameters that determine whether the evolutionary trajectory of a population will be

altered by genetic exchange from another source (Cohan, 1994). Epistasis and differences

in selective pressures for different populations may often lead to microbes with hybrid

genotypes having lower fitness. This is analogous to eukaryotic hybrid sterility. Such

microbial populations could continue to evolve independently despite gene flow between

them at loci not under positive selection in either population. Due to this, they would still

fit the de Quieroz species concept.

Lateral gene transfer represents an even larger departure from normal evolutionary

dynamics in eukaryotes, because it involves the acquisition of completely novel genetic

material and can occur across much longer phylogenetic distances. Although there are

some examples of LGT occurring between distantly related organisms (Boucher et al., 2003),
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indeed between bacteria and archaea or eukaryotes (Hilario and Gogarten, 1993), LGT

events do not occur at random. So-called highways of LGT were identified relatively early in

the genomics era, with some taxa more likely to acquire genes from specific groups (Beiko

et al., 2005). Further research has demonstrated that organisms in the same environment

(Smillie et al., 2011), or from the same phylogenetic group (Andam and Gogarten, 2011), are

more likely to exchange genes. Intensive study of LGT in E. coli has shown high toxicity of

many genes engineered into E. coli regardless of phylogenetic distance to the donor (Sorek

et al., 2007). Combined analysis of protein production and gene expression in E. coli found

that genes thought to be laterally acquired were rarely translated, despite being transcribed

as much as vertically inherited genes (Taoka et al., 2004). This indicates that there are

multiple potential barriers to successful acquisition and utilization of genes through LGT,

and that the presence of a laterally acquired gene in a genome does not indicate selective

benefit. Epistasis also plays a role in structuring LGT, as some genes are unlikely to be

acquired unless the recipient genome already contains particular metabolic functions (Press

et al., 2016). These patterns of bias appears at a wide range of phylogenetic scales, but

further sampling is needed to identify the smaller scales at which LGT may occur in an

unbiased manner. Unbiased LGT may serve as an indicator of species or population level

grouping of microbes.

The frequency and selective effect of LGT also determines its impact on aspects of

evolutionary theory, particularly evolutionary independence and the validity phylogenetic

trees. Although the absolute number of LGT events identified in microbial genera may

number in the thousands, the evolutionary impact of these transfers is predicated on their

frequency relative to the generation time of the microbes and their phenotypic effect on
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the recipient. As demonstrated above, percent sequence divergence of core genes is a very

coarse metric for measuring evolutionary distance, and a single percent divergence may

represent millions of years of evolution. Unfortunately, LGT is more difficult to study

under realistic conditions in the lab than homologous recombination or point mutations.

Naturally competent organisms may take up DNA in culture, but the amount of this DNA

in the environment is unclear. The diversity of plasmids, phages, and other mobile genetic

elements that facilitate LGT in nature is very difficult to replicate in the lab. Thus, transfer

rates are generally calculated using comparative genomic approaches, often using sequence

divergence rather than time or generations as the metric of evolutionary distance (Vos

et al., 2015). Comparative approaches face an additional challenge, in that the high rate

of turnover for laterally acquired genes makes it difficult to get accurate estimates of the

neutral transfer rate (Lerat et al., 2005; Hao and Brian Golding, 2006). A better estimate of

neutral gene acquisition and turnover rate would provide a basis for comparing observed

gene distributions against a null model.

1.5 The world through a microbe’s eye - Biogeography and
environmental complexity

The influence of spatial distribution on the ecology and evolution of organisms has been a

central pillar of ecology for decades, but it is perhaps the least understood aspect of micro-

bial ecology (Martiny et al., 2006; Green and Bohannan, 2006; Green et al., 2008). Part of

the difficulty in describing biogeography in microbes has its roots in the phylogenetic scale

challenges mentioned above. Observed biogeographical patterns for groups of organisms
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are highly dependent on both the geographic scale of observation and the phylogenetic

scale of the organisms under study. For example, while individual species of mice may

have patchy distributions across a continent, the distribution of rodents is much more

uniform. Therefore characterizing the distribution of a microbial species must take into

account both the size of the geographic area and the fact that microbial species are defined

very broadly relative to their eukaryotic counterparts. Biogeographical patterns are likely

to emerge at smaller phylogenetic scales.

A recent biogeography study of Streptomyces illustrates how changing phylogenetic

scale can reveal previously obscured patterns (Andam et al., 2016). Isolates of these bac-

teria can be found across a wide geographic range, without a clear pattern of spatial

distribution. Detailed analysis of many isolates from this species in the northern United

States demonstrated a clear biogeographical pattern, including evidence of a migration

northward following the retreating glaciers during the last ice age. Thus, not only do new

patterns emerge, but they provide insight into the influence of large scale global change

on the diversity of soil microbes. The other major challenge for studying biogeography

in microbes is their most obvious trait: their small physical size. Because of their small

size, what appears to be a homogenous environment at the scale observable through con-

ventional methods can be a heterogeneous environment at the micro scale with patchy

distributions of nutrients, moisture, and other organisms (Vos et al., 2013). This micro-scale,

spatially structured environmental heterogeneity can support a vast diversity of microbes

(MacLean, 2005). Classic studies using media left stationary on a benchtop have shown

that a gradient of a single resource, oxygen, can lead to phenotypic divergence and the

evolution of multiple ecological strategies on short timescales in Pseudomonas (Rainey and
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Travisano, 1998). These same patterns are repeated on a vastly more complex scale in real

world environments such as soil or marine environments.

The complex, heterogeneous structure of an environment such as soil has significant

impacts on the microbial community living there. Using microscopy to inform further

mathematical modeling, Raynaud and Nunan argued that individual bacterial cells are

actually relatively isolated (Raynaud and Nunan, 2014). The average bacterium in their

model only has, on average, 120 other bacteria within a 20um radius, which is 10 times

the length of an E.coli cell. Therefore, despite the high estimated number of microbial cells

per gram of soil (108), a particular organism only interacts with a fraction of this diversity

directly. They also note that cell density and inter-cell distance is highly variable, such that

some bacteria may have many interacting partners and others very few. Two organisms

may be found in the same environment and sequenced in the same metagenome, and yet

very rarely interact in nature. Interactions with more distant bacteria can occur indirectly

through diffusion, but these interactions are also governed by spatial structure. At the

bacterial scale, soil is a vast network of individual soil particles linked together by small

water pockets and films (beautifully illustrated in Figure 2 of Vos et al. (2013)). Nutrients,

migrating bacteria, phage, and predators all travel along these water films. Therefore,

soil hydration becomes a critical component for driving interactions between bacterial

microcolonies. Both modeling (Long and Or, 2005, 2009) and experimental soil microcosms

(Treves et al., 2003) have shown that drier soils, i.e. soils where the soil particles and

their associated microbes are more isolated from each other (Or et al., 2007), sustain more

diversity by preventing direct competition between organisms. Limited diffusion also

reduces potential competitors for public goods, facilitates quorum sensing, and leads to
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hiFgher concentrations of excreted compounds and toxins than would be predicted if

soil were a well-mixed environment. Even on a 2D surface, spatial structure of antibiotic

producers and degraders combined with diffusion can lead to high microbial diversity

(Kelsic et al., 2015).

Treating soil as a vast collection of individual particles linked by water films provides

a direct analogy between these environments and aquatic ones. Marine and fresh water

environments, from a microbe’s perspective, are essentially the opposite extreme from dry

soils: many widely dispersed particles linked by nearly universal water film connections.

Some microbes spend most of their time swimming or floating in the large spaces between

particles, while others colonize the particles directly and disperse through the water. The

heterogeneity of these environments also enables closely related organisms to use different

ecological strategies. In a series of papers, incipient speciation driven by ecological spe-

cialization has been identified in the marine bacterium Vibrio cyclitrophicus (Shapiro et al.,

2012; Yawata et al., 2014). While one lineage is predominantly found on very small particles

or free floating, the other is primarily found attached to particles. After many experiments

showed no phenotypic difference between the two lineages, experiments utilizing microflu-

idic devices showed that the particle-associated strains were much slower to detach from a

surface and chemotax towards a new nutrient source, but better at colonizing and forming

biofilms on a surface once attached. Micro-scale heterogeneity enables the maintenance

of ecological diversity in marine environments as well as terrestrial soil. Being able to

investigate environmental at this small scale will increase our understanding of the forces

driving and sustaining microbial diversity.
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1.6 Microbiomes - Community ecology and interspecies
interactions

Ultimately, the objective of many microbial ecology research programs is to understand

the factors influencing the structure of microbial communities, and the effect that com-

munity structure has on community function. Addressing these questions requires a

scale-conscious perspective on interactions between species and their broader effects on

the community. All three of the previously mentioned aspects of microbial ecology and

evolution are important components in these interactions.

Many of the interactions between microbes that mediate competition and competitive

exclusion are driven by phenotypic traits that differ at small phylogenetic scales. These

include the production of secondary metabolites that can have diverse effects from growth

inhibition and signaling to protection from osmotic stress and iron sequestration. Predators

such as phages also generally have narrow host ranges (Paez-Espino et al., 2016), sometimes

at the sub-strain level. Polymorphic toxins (Zhang et al., 2012) and bacteriocins (Cotter

et al., 2013) generally act to inhibit the growth of bacteria that are closely related to the

organism that carries them. Since many of these functions are of interest for therapeutic

purposes, understanding their evolution and diversification among closely related bacteria

can provide new opportunities for drug discovery.

Research into the human gut microbiome provides an excellent example of the bene-

fits of studying community interactions at a smaller scale. TMA, a byproduct of choline

metabolism produced by some bacteria, is converted to TMAO by the liver. TMAO con-

centrations in the blood are correlated with atherosclerosis risk. Romano et al. (2015)
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found strains from both the Firmicutes and Proteobacteria that are capable of metabo-

lizing choline, but that strains from the same species vary in this trait. They also found

a significant increase in TMAO levels in the blood even when TMA producing bacteria

make up a very small proportion of the gut microbial community. Genus or even species

level classification of microbial community composition would therefore be uninformative

for this medically important microbial trait. Further, finding very low abundance of the

relevant metabolic pathway would not indicate that the effect on the host is inconsequential.

By investigating the variation in activity of very closely related bacteria and their effect

on the host in the lab, studies such as this can inform metagenomic analyses and greatly

improve our ability to infer biology from sequencing data.

One of the most cited correlations in human gut microbiome studies is the correlation

between the relative amount of Firmicutes and Bacteriodes and obesity. However, more

recent meta-analyses of raised questions about the statistical significance of this correlation.

By reanalyzing ten studies and applying a variety of statistical tests, Sze and Schloss

(2016) found no correlation between obesity and the relative abundance of Firmicutes,

Bacteroidetes, or the ratio of the two. Although they did find some correlations with

overall community diversity, they show that few studies had significant statistical power to

identify such weak effect sizes. In fact the authors point out that many ecologists question

the relevance of correlating broad diversity metrics with ecosystem-level attributes, given

how little we understand the processes that generate these patterns. As one alternative

explanation, they suggest that 16S-based taxonomic information may not provide sufficient

information to understand microbiome involvement in obesity. Instead they suggest gene

expression or metabolite production may signal microbe-host interactions related to obesity,
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both of which are finer scale measures of microbial community activity.

1.7 Approaches for addressing scale in microbiology

Just as emerging sequencing technologies have enabled the explosion of microbial ecol-

ogy research, the continued development of both computational and laboratory tools

provide new opportunities for overcoming the challenges posed by scale in microbes.

Single-cell sequencing (Blainey, 2013; Gawad et al., 2016) can provide information on the

genes contained in a single genome in an environment, which is critical information lost

using metagenomics approaches. Bacteria with very high core gene similarity can have

different genome content or particular mutations, such that the full complement of genes

found in composite genomes from metagenomics data may not exist in any actual microbe.

Single cell sequencing can provide a wealth of information about the genomic potential of

individual microbes in a community. It also enables the use of population genetic tools for

assigning organisms to clusters and investigating processes that occur at the population

scale, including changes in population size and selection on particular genes. This infor-

mation presents a clearer picture of both a single organism’s functional capabilities and

fine scale diversity within a community.

Other methods will enable researchers to go beyond genomic potential and investigate

the activity of microbes in a particular environment. Imaging mass-spectrometry can reveal

the suite of molecules present in a sample at very small scale (Stubbendieck et al., 2016).

This technique has a wide range of applications, from protein detection (Stoeckli et al., 2001)

to studying pairwise interactions and microbial communities.(Watrous and Dorrestein,
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2011). By providing an image of the sample with detected chemical species, it provides

spatial as well as concentration data. This enables detection and quantification of protein

or small molecule production by individual cells in a community without requiring genetic

manipulation to add antibody-detectible tags or the creation of monoclonal antibodies to a

particular molecule.

Single-cell transcriptomics also provides the opportunity to analyze microbial activity in

real time. Organisms with the genomic potential for particular functions may nevertheless

fail to perform these functions under many conditions, with important consequences for

a microbial community. Several examples include the unknown conditions required to

induce expression of most secondary metabolism biosynthetic clusters (Scherlach and

Hertweck, 2009) and the lack of transcriptional response to the presence of cellulose in

many strains of Streptomyces despite the presence of cellulases in their genome (Book et al.,

2016). By assessing gene expression in individual cells which may experience different

conditions in a patchy environment, we can gain a deeper understanding of phenotypic

variation of microbes with similar genomic potential.

Perhaps the greatest potential for understanding the microbial world rests in the ability

to perform experiments and manipulations at their scale. Microfluidics devices allow

control of physical structure and chemical concentration gradients at the scale of individual

cells or microcolonies, and these tools have already revealed new insights into a wide range

of bacterial properties, from basic cell growth and physiology to motility and interspecies

interactions. It has also been shown that E.coli are chemotactically sensitive to nanomolar

concentrations of amino acids, a thousand times more sensitive than previously thought

(Mao et al., 2003). Analyses of marine microbes have shown that they are able to respond
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an order of magnitude faster than E.coli to chemoattracants, perhaps due to the selective

pressure for pursuing short lived resource patches in the ocean (Stocker et al., 2008). Using

microfluidics devices as tiny chemostats, E.coli have been shown to self-organize into

multicell arrangements that enhance nutrient access, and therefore enable dense cell growth

(Cho et al., 2007). Quorum sensing has been shown to occur with only a few cells in confined

spaces, prompting reconsideration of its function in natural environments that contain

small pockets with low diffusion rates (Boedicker et al., 2009). Further experiments have

investigated nutrient competition between colonies (Keymer et al., 2008), predation (Park

et al., 2011), bacterial cell aging (Stewart et al., 2005), and the evolution of antibiotic resistant

persisters (Vega et al., 2012). In all of these studies, the ability to investigate microbial

activity at the individual cell or small colony scale reveals new dynamics that are not

apparent at larger scales.

The extremes of scale inherent in microbial ecology and evolution present an additional

barrier to understanding their complex interactions and the patterns that these create,

at both large and small scales. At large scales, putting the vast evolutionary history and

diversity of microbes in clearer context is important for interpretation of evolutionary

patterns and ecological diversity within an environment. Since evolutionary processes

occur over time measured in generations, it is critical to connect our evolutionary distance

metrics to some approximate sense of generations. One percent sequence divergence

sounds small, but in fact often represents thousands of generations or more in microbes. At

the small scale, greater appreciation for the heterogeneity of environments at a microbe’s

scale and phenotypic differences at very fine phylogenetic scales is also important. This

appreciation will provide opportunities for addressing outstanding questions the evolution
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and maintenance of diversity in seemingly simple environments. Understanding both

small and large scale processes and patterns has great promise for investigating some of

the most important questions facing microbiologists, from climate change to human health.

The long history of ecological and evolutionary research in macro organisms provides a

path for microbial research to follow.

Ultimately, the sequencing technologies that have enabled the revolution in microbial

ecology and evolution over the past four decades are limited by our understanding of

processes at the microbial scale. Sequencing provides a wealth of patterns, but we can only

infer the processes that generate them. New technological tools and theoretical frameworks

have great potential to unravel both the mechanisms unique to microbes and the guiding

principles that structure microbial ecology and evolution.

In the following chapters of this dissertation, I investigate aspects of bacterial evolution

and diveristy at a variety of phylogenetic scales. At a very large scale, Chapter 2 presents

an assesment of the relative impact of evolutionary contingency and lateral gene transfer

across bacterial phyla. In Chapter 3, I investigate the rate of lateral gene transfer and point

mutation per million years in the genus Streptomyces. I show that the rate of transfer is

low relative to the age of the lineage, and that observed point mutation and LGT rates are

dependant on the evolutionary distance covered by the dataset. Chapter 4 analyzes a set

of very closely related defensive mutualist Pseudonocardia, isolated from fungus-growing

ants. I identify variable population dynamics and natural product biosynthetic potential in

isolates from different geographic locations at kilometer scales. These studies demonstrate

the importance of considering both the evolutioanry scale of genomic datasets and the

timescales over which processes effecting their evolution occur.
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Chapter 2

The Impact of Contingency on Fundamental Genomic
Properties of Bacterial Phyla

Bradon R. McDonald, Garret Suen, and Cameron R. Currie

2.1 Abstract

Historical contingency, the limits placed on an organisms evolutionary potential due to

inherited characteristics, is a critical factor impacting the diversification of life on earth.

Its influence over large evolutionary timespans is still poorly understood, particularly

in bacteria. Their ability to acquire new genetic material through lateral gene transfer

may significantly reduce the impact of contingency. Here we investigate the influence

of contingency on basic genomic characteristics across the history of life in bacteria. We

find that global metabolic capabilities are more dependent on phylum classification than

isolation environment. We also find that organisms from different phyla vary in their

likelihood to gain specific gene classes as their genomes expand. Genomes with high 16S

copy number, an indicator of rapid growth ecological strategies, are significantly clustered

within two subclades of the Gammaproteobacteria and Firmicutes, and are rarely found

in other phyla. Our analysis demonstrates the power of historical contingency to shape
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the trajectory of lineages across billions of years of evolution despite continuing genetic

exchange.

2.2 Introduction

Bacteria span an astonishing range of metabolic, ecological, and phylogenetic diversity.

Beyond the thousands of microbes that have been characterized, recent research into the

dozens of not yet cultured bacterial phyla suggests an even greater amount of microbial

diversity previously unknown to science (Rinke et al., 2013). Characterizing this diversity

and understanding the evolutionary processes that generate it has important implications

for understanding the forces that determine the structure of microbial communities and

interactions. The evolutionary history of each lineage is a combination of vertical inheri-

tance, lateral gene transfer (LGT), and selection due to physical and ecological forces. This

history shapes and constrains the evolutionary trajectory of extant lineages.

Growing appreciation for the role of LGT in bacterial evolution has raised questions

about the phylogenetic structure of phenotypic and genomic diversity (Keeling, 2009). The

ability of bacteria to acquire genes from distantly related organisms, if frequent enough over

evolutionary time, could lead to a complete decoupling between metabolic or phenotypic

traits and deep phylogenetic relationships. However, a number of studies have demon-

strated strong effects of evolutionary contingency on the distribution of successful LGT

events. Press et al. (2016) found a strong effect of epistasis between genes that influenced

the ability of particular genes to be successfully acquired and retained. Other studies have

found that many genes are toxic if artificially transferred into E. coli (Sorek et al., 2007), and
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that most genes in E. coli suspected to have been acquired through LGT are not translated,

even though they are transcribed (Taoka et al., 2004). These acquired genes also have high

turnover rates (Lerat et al., 2005), due to either detrimental effects on the recipient or neutral

gene loss. The impact of LGT over evolutionary time is therefore dependent on a range

of processes limiting successful integration of acquired genes, in addition to the absolute

transfer rate.

Here we investigate the degree to which several large scale metrics of bacterial diversity

are structured by deep phylogenetic relationships. Using complete bacterial genomes

from the KEGG database (Moriya et al., 2007; Kanehisa et al., 2014), we investigate overall

metabolic capabilities, genome content bias, and 16S copy number distribution in eight

phyla and subphyla. We identify a strong phylogenetic signal for each of these metrics,

despite the billions of years of evolution and LGT that have affected these lineages.

2.3 Results

Our dataset consisted of 1,206 genomes from across the bacterial domain. Focusing on

phyla with at least 40 genomes, we analyzed the Alpha, Beta, Gamma, and Delta Proteobac-

teria, Firmicutes, Actinobacteria, Bacteroidetes, and Cyanobacteria. We first sought to

characterize overall metabolic diversity across this vast bacterial diversity and compare

metabolic similarity between organisms in the same phylum versus those isolated from

the same environment (Figure 2.1). We generated a metabolic similarity network, linking

genomes in the network if they shared high similarity in enzymatic reaction substrate and

product distributions. This clustering shows a clear pattern of clustering based on phylo-
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genetic assignment. The three proteobacteria subphyla cluster together, and within that

large network component bacteria from each subphylum are more likely to cluster together.

Genomes from the gammaproteobacterial genera Coxiella, Buchnera, Francisella, and Xylella

form their own small components. A range of strictly host-associated alphaproteobacteria

form their own component, including Wolbachia, Erlichia, Bartonella, and Liberibacter. The

Bacteroides show the best overall clustering by environment, with three components that

are predominantly composed of strains biased by environment. Two of the components

contain mostly host-associated strains, including the genera Bacteroides, Porphyromonas,

Odoribacter, and Prevotella. The other host-associated component contains genomes of the

obligate intracellular mutualist Sulcia.

The Actinobacteria form two components (Figure 2.2). The largest component is com-

posed of two main clusters, connected by similarity between a few sets of genomes. Mi-

cromonospora sp. L5 and Frankia sp. EAN1pec share an edge, and Micrococcus luteus,

Corynebacterium urealyticum DSM7109, and Corynebacterium jeikeium are each linked to My-

cobacterium leprae Br4923 by an edge. The smaller component contains genomes from the

Bifidobacteria, along with Corynebacterium glutamicum and efficiens strains. The Firmicutes

show the most metabolic diversity, with 10 separate components. These components are

consistent with subdivisions within the firmicutes.

Another key aspect that drives genome content is genome size; larger genomes tend

to have a higher proportion of genes dedicated to signaling, membrane transport, and

secondary metabolism (Konstantinidis and Tiedje, 2004). We therefore investigated the

change in genomic proportion devoted to a range of biological functions as genome size

increases in phyla/subphyla from our dataset. The analyzed phyla showed significant
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differences in correlation between genome size and gene content in several KEGG functional

categories (Figure 2.3, Supplemental figured A.1 and A.2). The Gammaproteobacteria and

Firmicutes each diverge significantly from trends in gene content for all bacteria in a few

KEGG categories. Each of these phyla lack correlations between genome size and Xenobiotic

Biodegradation and Metabolism. Gene content in the Gammaproteobacteria does not

correlate with genome size for the category Amino Acid Metabolism (R2: 0.083), in contrast

to the positive correlations observed for this category in the other four phyla (Figure 2.3).

The Firmicutes have a weak negative correlation for Carbohydrate Metabolism (R2: 0.122),

whereas positive correlations are observed for the other four phyla. This may be explained

by the specialized physiology of many Firmicutes with smaller genomes (1,500 - 3,000

genes), which lack the capacity for oxidative phosphorylation and instead use fermentation

to generate ATP. This leads to a larger proportion of genes in the Carbohydrate Metabolism

category for these genomes, and a lower proportion of genes in Energy Metabolism. Smaller

Firmicute genomes are also enriched in Membrane Transport and deficient in Metabolism

of Cofactors and Vitamins.

We found that the Alpha, Beta, and Gamma proteobacteria showed weak negative

correlations with gene content in the categories Energy Metabolism (R2: 0.193, 0.157, and

0.393 respectively) and weak or insignificant correlations with Transcription (R2: 0.072,

0.008, 0.1506), whereas these were found to be positively correlated with genome size for

both Firmicutes (R2: 0.107 and 0.365) and Actinobacteria (R2: 0.279 and 0.373). Genome

size in the proteobacterial subphyla also correlated positively with gene content in the

category Membrane Transport (R2: 0.331, 0.469, 0.260 respectively) and negatively with

gene content in the category Cofactor/Vitamin Metabolism (R2: 0.304, 0.656, and 0.605
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respectively); such correlations were not observed in the Firmicutes (R2: 003, 0.027) and

Actinobacteria (R2: 0.001, 0.047).

Additionally, some functional categories show little or no correlation with genome size

even when analyzed by phylum. For example, Energy Metabolism has a particularly low

R2 values, with only Actinobacteria and Gammaproteobacteria showing R2 values > 0.2.

As mentioned above, genome size in the Gram-positive phyla do not correlate with gene

content in the category Membrane Transport, while genome size in the Proteobacteria

does not correlate with gene content in the category Transcription. Genome size in the

Gammaproteobacteria also does not correlate with gene content in the categories Carbohy-

drate Metabolism or Lipid Metabolism. Because gene content in these categories differs

between genomes within these phyla, other factors independent of genome size, such as

ecological niche, may drive differences in gene content in these categories.

We also investigated an indirect marker of metabolic strategy: 16S rRNA gene copy

number. The number of 16S copies correlates with life history strategy: genomes with

multiple 16S copies frequently use boom-bust strategies, analogous to R-selected organ-

isms in eukaryotes, while genomes with few 16S copies predominantly use slow growth

strategies (Klappenbach et al., 2000). The vast majority of bacterial genera with median 16S

counts greater than four are found in the gammaproteobacteria and the firmicutes (Figure

2.4). Within the gammaproteobacteria, the enterobacteriaceae are particularly enriched

in high-16S copy genera. Genera within the vibrionaceae also have large numbers of 16S

genes, with as many as ten per genome. Within the firmicutes, most high 16S copy strains

fall among the Bacilli. The other phyla have very few strains with more than four copies of

16S.
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2.4 Discussion

Our analysis demonstrates phylogenetic coherence in several major properties of microbial

genomes at deep phylogenetic scales. Despite the fact that LGT is more likely to occur

between organisms in the same environment, isolation habitat is not a strong predictor

of overall metabolic potential. The stability of overall metabolic capabilities within phyla

and subphyla, despite their diverise habitat distribution, suggests more subtle adaptations

to new environments. These bacteria may adopt ecological strategies that play to their

existing strengths, dictated by billions of years of evolutionary history.

The evolution of rapid growth, boom and bust ecological strategies poses a particular

challenge for microorganisms. It requires recalibration of nearly every part of cell phys-

iology, from signaling and regulatory systems for rapid response to nutrient changes to

ribosome production and DNA replication rates. Ecological strategies built around rapid

growth, as inferred from 16S copy number, have predominantly arisen in particular subdi-

visions of the Gammaproteobacteria and Firmicutes. This derived trait appears to have

evoloved multiple times independently, but is generally uncommon across the diversity of

bacteria analyzed in this study. Further research into these lineages and comparisons to

closely related low 16S genera will provide key insight into the physiological traits that

enable the evolution of this complex and ecologically significant ecological strategy.

The diverse physiological capabilities of microbes are shaped by deep evolutionary

relationships between taxa, augmented by additional raw material for adaptation and

selection provided through LGT. Acquired genes that are maintained over evolutionary

time tend to lay at the edges of an organism’s overal metabolic network (Shapiro et al.,
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2016), such that core metabolism evolves primarily through vertical inheritence over long

evolutionary time periods. Deeper understanding of the predisposition to particular

ecological strategies will provide a better framework to interpret large scale taxonomic

distribution studies, where information on the ecological roles of different community

members is limited.
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2.5 Methods

Dataset. The initial dataset for these analyses comprised gene annotations for 1,206 com-

plete bacterial genomes available from the Kyoto Encyclopedia of Genes and Genomes

(KEGG) database (accessed: 04/04/2011). We analyzed genomes from the phyla or sub-

phyla Gammaproteobacteria (269 genomes), Firmicutes (251), Alphaproteobacteria (136),

Actinobacteria (122), Betaproteobacteria (90), Deltaproteobacteria (41), Bacteroidetes (51),

and Cyanobacteria(40).

Genome clustering. Genome clustering by metabolic similarity used the predicted

substrates for all KEGG annotated enzymes in each genome. The number of enzymes that

either produced or consumed one of 14,783 metabolites in each genome was used to cluster

all genomes via spearman correlation. Genomes linked by edges in Figure 2.1 and 2 share

a spearman correlation of at least 0.85. Genome clustering by genome content in specific

categories, Supplemental figures S1 and S2, used the number of each gene family within

the category for spearman correlation analysis.

Genome size evolution. For this analysis, all genomes with less than 600 RNA and pro-

tein coding genes were removed. This eliminated 20 small endosymbiont genomes whose

genomes are significantly reduced by gene loss specific to their host nutrient requirments.

We analyzed the proportion of each genome dedicated to a particular functional categories

and then compared these proportions across genome size. Pathway/category assignments

are not mutually exclusive as the enzymatic reactions of some proteins are required for mul-

tiple pathways. The Secondary Metabolism functional category reported here combines

the KEGG categories Polyketide/ terpenoid biosynthesis and Other Secondary Metabolism.
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All other pathways were reported as defined by KEGG. Data compilation and regression

analysis was conducted using the Python packages SciPy and pandas. For each functional

category or pathway, the proportion of KEGG annotated genes within each genome classi-

fied in that category or pathway was plotted versus log10 total genes in the genome. R2

values and trendlines were calculated using the stats.linregress() function from SciPy.

16S copy number. We calculated the median number of 16S genes in genomes from

each genus, mapped onto an ASTRALII (Mirarab and Warnow, 2015) generated phylogeny

of all KEGG represented genera in our phyla of interest. The phylogeny was generated

using a 94 conserved core genes from a representative member of each genus, identified

using TIGRfam (Haft et al., 2013) HMMer (Eddy, 2011) models for TIGRfam’s "core bacterial

gene" protein set (GenProp0799). Protein sequences from each representative genome were

aligned using MAFFT v7.221 (Katoh and Standley, 2013). 100 boostraped alignments were

generated for each gene independently using RAxML-8.1.24 (Stamatakis, 2014) with the

PROTGAMMABLOSUM62 substitution model, which were used to generate phylogenies

using FastTree 2.0 (Price et al., 2010). These phylogenies were then used as the input for

ASTRALII.
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2.6 Figures

Figure 2.1: Metabolic similarity across bacterial phyla and environments. Nodes repre-
sent complete bacterial genomes. Edges indicate metabolic capability spearman correlations
at or greater than 0.85 between pairs of genomes. Genomes are colored by phylum or
isolation environment.
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Figure 2.2: Metabolic similarity across bacterial phyla and environments in Firmicutes
and Actinobacteria. Nodes represent complete bacterial genomes. Edges indicate
metabolic capability spearman correlations at or greater than 0.85 between pairs of genomes.
Genomes are colored by phylum or isolation environment.
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Figure 2.3: Correlation between genome size and genome content across well sampled
bacterial phyla. In genomes with more than 600 genes, the genomic proportion dedicated
to each KEGG gene category is plotted versus genome size.
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Figure 2.4: 16S copy number distribution in bacterial genera. Each leaf represents a
bacterial genus, colored by phylum. The outer ring shows the median 16S copy number
among genomes in each genus. Branch colors indicate the ASTRAL support values for
each branch.
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Chapter 3

Evolution of the Ancient Bacterial Genus Streptomyces

Bradon R. McDonald and Cameron R. Currie.

3.1 Abstract

Lateral gene transfer (LGT) profoundly shapes the evolution of bacterial lineages. LGT

across disparate phylogenetic groups and pan-genomic diversity suggest a model of bacte-

rial evolution that views LGT as rampant and promiscuous. It has even driven the argument

that species concepts and tree-based phylogenetics cannot be applied to bacteria. Here we

show that LGT is an exceedingly rare event in the ubiquitous and biomedically important

bacterial genus Streptomyces by calculating LGT rate versus time. We estimate that the

Streptomyces are 380 million years old via molecular clock, as ancient as land vertebrates.

Calibrating LGT rate to this geological timespan, we find that, per million years, on average

only ten genes are acquired and subsequently maintained. Over that same timespan Strep-

tomyces accumulate thousands of point mutations. By explicitly incorporating evolutionary

timescale into our analyses, we provide a dramatically different view on the frequency of

LGT and its impact on bacterial evolution.
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3.2 Introduction

The bacterial domain encompasses prodigious diversity generated over billions of years

of evolution (Rinke et al., 2013). Despite the critical role bacteria play in shaping nearly

every aspect of life on Earth, understanding the complex evolutionary processes that

generate this diversity remains a challenge. In contrast to sexual reproduction in eukaryotes,

bacteria were originally thought to undergo strict clonal cell division with little to no

genetic exchange. The discovery of conjugative plasmids (Lederberg and Tatum, 1946), and

later transformation and transduction (Thomas and Nielsen, 2005), suggested that genetic

exchange may play a role in bacterial evolution. The subsequent linking of non-homologous

lateral gene transfer to important bacterial phenotypes, such as antibiotic resistance (Davies,

1994) and virulence (Ochman et al., 2000), resulted in the recognition of LGT as a driving

force in bacterial evolution. With the advent of comparative genomics and the identification

of significant gene content differences between related bacteria (Welch et al., 2002), the

prevailing view of rampant exchange of genes across bacteria emerged. Expanding on this

view, some have argued that genetic exchange is so rampant that bacterial species do not

exist as discrete entities (Boucher et al., 2003) and their evolutionary histories fit a web of

life model rather than a tree of life (Gogarten et al., 2002; Soucy et al., 2015; Ge et al., 2005;

Retchless and Lawrence, 2010).

The disruptive impact of genetic largely depends on several factors, including the de-

gree to which barriers to LGT structure exchange between distantly related lineages. At

larger phylogenetic scales, gene transfers have been shown to be more common within

than between phyla, and some phyla exchange genes more frequently than others (Beiko
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et al., 2005; Andam and Gogarten, 2011). At the population level, both geographic distribu-

tion and sequence dissimilarity can lead to reduced rates of homologous recombination

(Whitaker et al., 2003; Cadillo-Quiroz et al., 2012). Analyses that span the species level

to intermediate, genus-level diversity provide opportunities to investigate the combined

effects of LGT and mutation across physiologically similar organisms that are diverging due

to selective pressures in the different ecological niches they occupy. This has the advantage

of providing sufficient diversity to reliably detect LGT and identify trends that occur over

evolutionary timescales, such as the loss of acquired genes that are selectively neutral or

mildly deleterious (Lerat et al., 2005; Kuo and Ochman, 2009; Van Passel et al., 2008). By

including sufficient sampling of closely related organisms, it also reduces the amount of

variation due to differences in core physiology between organisms in the dataset. Therefore,

it enables easier detection of rapidly evolving diversity and ecologically relevant variation.

The ubiquitously distributed bacterial genus Streptomyces provides an excellent model

for intermediate scale analysis of genetic exchange and mutation. These diverse filamentous

bacteria have been isolated from soil, marine, and host-associated environments, with

ecological roles ranging from plant biomass degradation (Book et al., 2016; Chater et al.,

2010) to defensive mutualisms with eukaryotes (Kroiss et al., 2010). Complex interactions

between Streptomyces and other organisms are often driven by the production of natural

products (Kelsic et al., 2015), which have been mined for drug discovery for decades

(Hopwood, 2007). Here we utilize phylogenomic analyses combined with molecular clock

dating to investigate the temporal scale of Streptomyces genomic and phylogenetic diversity,

focusing on non-homologous LGT and point mutations.
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3.3 Results

Based on our pan-genomic analyses of 122 Streptomyces genomes, 80 publicly available

and 42 additional genomes sequenced for this study, we identified vast phylogenetic

and genomic diversity. The 42 strains chosen for genome sequencing were selected to

obtain genome coverage across the genus; we selected strains to fill in gaps based on the

phylogenetic location of the publicly available genomes in a 16S rRNA gene phylogeny

(Figure B.1). Using this expanded genomic dataset, multilocus phylogenies were generated

using both a traditional multilocus approach based on 94 housekeeping genes (Figure

3.1) and an alternative gene-tree consensus based approach implemented in ASTRALII

(Mirarab and Warnow, 2015) (Figure B.3). Both phylogenies are largely congruent, with

two major clades of Streptomyces containing 88 genomes and a number of basal lineages

containing the remaining 34 genomes (Figure 3.1, Figure B.2). These clades did not match

the genome distribution on the 16S rRNA gene phylogeny, likely due to the poor resolution

of 16S at finer phylogenetic scales. Most marine-isolated Streptomyces are found in basal

lineages, suggesting a possible marine origin for the genus (Long and Xiao, 2016). Further,

many strains in Clade I were isolated from insect-associated niches (Figure B.2). Support

values were high across both phylogenies, with the exception of internal nodes in Clade II

where tree topology differed in poorly supported nodes for both methods.

Exploring gene content, we identified a total of 39,893 gene families across the genus.

Of these, 1,048 were conserved in 95% of Streptomyces genomes in the dataset (Figure 3.2).

Each of the two major clades and the basal group contained 200 gene families that were

conserved in the respective clade but not the others. Each Streptomyces clade also contained
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a large number of unique genes, with 3,558 unique genes in Clade I and 8,140 in Clade II.

Of these a small percentage (5% in Clade I and 2.5% in Clade II) were conserved across

the subclade. Shared genome content was correlated with phylogenetic distance, as more

closely related genomes shared a higher proportion of genes (Figure B.4b). Overall the

results of our gene content analysis, without incorporating divergence times, are consistent

with the prevailing view of bacterial evolution: high gene content diversity driven by

frequent LGT.

Since mutation and LGT are dynamic processes that occur through time, identifying

the rate of these events is critical for understanding their impact on the long-term evolution

of a bacterial lineage. We estimated divergence times across the Streptomyces phylogeny

using Cyanobacterial fossils (Brocks, 1999; Garvin et al., 2009), the estimated origin of life

on Earth (Mojzsis et al., 1996; Rosing, 1999), and the Escherichia-Salmonella divergence time

(Ochman and Wilson, 1987) as calibration points for relaxed molecular clock analysis

(Figure B.4, Extended Data Table S1). Our analyses inferred that the genus Streptomyces

diverged from Kitasatospora approximately 382 million years (my) ago, in the late Devonian,

and the two major clades diverged approximately 123 my ago, in the early-mid cretaceous.

These divergence times also allow us to approximate the timespan required for strains to

diverge by 1% amino acid identity. Among 11 pairs of strains separated by 1% amino acid

divergence in the core genes used for the phylogeny, the average divergence time is 8±2.5

my.

Investigation of LGT dynamics in Streptomyces revealed both functional and phylogenetic

biases in gene transfer events. In total, we identified 320,263 genes laterally acquired by

Streptomyces lineages using a gene tree reconciliation approach implemented in AnGST
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(David and Alm, 2011). Gene functional classes over-represented in LGT events consisted

of secondary metabolism and xenobiotic metabolism (Table B2.). Core biological functions

such as transcription and translation were under-represented (Table B.3). Combined with

the molecular clock dating, we estimate that over all rates of detectable LGT events per node

into Clade I or Clade II are 5.93 and 9.08 per my, respectively (Figure 3.3a, Table B.4). Nodes

in Clade I and Clade II were significantly more likely to receive a gene transferred from a

member of their own clade than from another source (p < 1e-5, Fisher’s Exact Test), with

rates of 3.82 and 7.07 per million years for Clade I and II, respectively. Estimated transfer

rate per node from Clade I to Clade II is 1.08 transfers per my, and from Clade II to Clade I

is 1.43 per my. Inferred transfers of genes from basal Streptomyces to a genome in one of the

major clades are significantly less common, occurring at approximately once every two

million years. Acquisition of genes from different actinobacterial genera occurred even less

frequently, at once every 3 million years for Clade II and once every 5 million years for

Clade I.

To investigate how the loss of neutral or deleterious genes acquired through LGT impacts

estimates of gene transfer rates, we calculated transfer rate versus branch length across the

Streptomyces. We found that the rate of detectable LGT events per million years is negatively

correlated with branch length (Figure 3.3b), and the rate can be approximated relative to

branch length using a power law function (α = -0.664 and R2 = 0.662). KEGG (Moriya

et al., 2007; Kanehisa et al., 2014) genes with functions involved in replication and repair,

translation, cell growth and death, and mobile elements make up a greater proportion of

LGT events in short-branch-length nodes than long-branch-length nodes (2 sided T-test,

p values 0.009, 0.018, 0.019, 0.027, respectively). This suggests that the lower number of
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detected LGT events involving core genes is due to stronger selection against transferred

core genes, not a reduced number of actual transfers in these categories. It also suggests

that mobile elements are gained and lost more rapidly on evolutionary timescales relative

to other gene classes, which is consistent with expectations based on their biology.

We also investigated the relative contribution of point mutation versus LGT to Strep-

tomyces diversity over time by calculating the rate of synonymous and non-synonymous

point mutations per million years in two different sets of conserved TIGRfam (Haft et al.,

2013) gene families: 705 families conserved across all Streptomyces (Strept-conserved) and

the 94 universally conserved genes used to generate our phylogenies (Bact-universal). Ob-

served mutation rates differed between the two sets of genes we analyzed, particularly for

synonymous mutations (Figure 3.4). Synonymous mutation rate was 1.5-2 fold higher in

Strept-conserved genes than the Bact-universal genes. Similar to LGT rate, observed rates of

both synonymous and non-synonymous mutations are also influenced by the evolutionary

distance between genome pairs; synonymous mutation rate appear much higher in closely

related genome pairs, while the difference in observed nonsynonymous mutation rate is

less dramatic but still apparent. Using only pairwise comparisons of genomes separated by

less than 100 my from the Strept-conserved dataset, the estimated median rate of synony-

mous mutations is 1.62x10-8 per site per year and median nonsynonymous mutation rate is

1.78x10-9 per site per year. Extrapolating the ratio of synonymous and nonsynonymous

sites in the gene sequences we analyzed to total coding sequence length, we estimate a total

of 13,714 synonymous and 10,429 non-synonymous mutations accumulate in Streptomyces

lineages per million years.

Given that natural product biosynthetic gene clusters (BGCs) were over-represented in
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LGT events, and the known role some of these play in producing small molecules that shape

ecological interactions that are predicted to be under selection (Sit et al., 2015; Ziemert

et al., 2014), we examined the distribution and exchange of these secondary metabolite

producing pathways. We identified a total of 4,945 natural product BGCs in Streptomyces;

1,759 clusters could be classified into 405 BGC families based on PFAM (Finn et al., 2014)

domain content, while the domain structure of the other 3,186 were too dissimilar to match

another Streptomyces cluster. We found that nearly all BGC families were non-randomly

distributed in Streptomyces, based on a branch-length permutation test: across the genus,

82.7% of BGC families were more phylogenetically restricted than expected by chance.

This pattern also holds true at finer phylogenetic scales, as 79.2% and 76.1% of BCG

families were more phylogenetically restricted than expected by chance in Clade I and

Clade II, respectively. Interestingly, we also found very few cases of transfer and subsequent

maintenance of complete BGC operons (Figure 3.5). Analyzing LGT events effecting each

gene found within a BGC, our analysis suggests that, at least over long evolutionary time

scales, the vast majority of BGCs appear to have been effected by LGT. Specifically, our

findings infer that 93% of BGCs acquired at least one gene through LGT within the last

50 my. However, only 57 BGCs had been acquired intact from one source, while the other

BGCs were composed of a mixture of genes from multiple sources, including vertically

inherited genes. Of the BGCs entirely acquired from a single source, most have been

acquired within the last 10 my.
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3.4 Discussion

Using Streptomyces divergence times rather than sequence similarity provides a new per-

spective on the rate of LGT and its potential impact on bacterial evolution over ecological

and evolutionary timescales. Although we inferred over 300,000 gene transfer events, a

single successful gene transfer every hundred thousand years is sufficient to generate the

observed number of events given the huge timespan encompassed by Streptomyces evolu-

tion. Further, gene transfers from distantly related Streptomyces or other Actinobacteria are

orders of magnitude less frequent than transfers from closely related lineages, suggesting

that distantly related bacterial lineages are typically genetically isolated from each other

for tens- to hundreds-of-thousands of years at a time. We also find a strong effect of evo-

lutionary distance between sampled genomes on the inferred rate of LGT. Our estimated

transfer rate decreases steadily with branch length according to a 2/3rds power law, likely

due to acquisition and subsequent loss of acquired genes with neutral or deleterious fitness

effects (Lerat et al., 2005). Overall, these results stand in contrast to the prevailing view that

successful LGT events are rampant over ecological time scales. Our analysis focused solely

on the actinobacterial genus Streptomyces; further research is needed to determine how

LGT dynamics vary over time in different lineages of bacteria. Nevertheless, given that our

estimates of genomic diversity and total LGT events, as based on traditional pan-genome

approaches, identify genomic diversity and total LGT events consistent with previous work

across bacteria (e.g., ~300,000 LGT events), Streptomyces are unlikely to be outliers with

respect to LGT rates.

We also show that approximately 23,000 point mutations accumulate per million years.
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While positively selected LGT events provide a rare but important source of genetic diversity,

these thousands of point mutations likely provide the vast majority of novel genetic diversity

in Streptomyces over ecological timescales. Similar to the evolutionary distance effect on

inferred LGT rate, pairwise comparisons between more distantly related organisms lead

to lower estimated mutation rates, and estimated mutation rates are also lower in genes

that are conserved across most bacteria than in genes conserved in all Streptomyces. The

effects of evolutionary distance and gene dataset on inferred mutation rate are stronger

in synonymous sites, suggesting widespread fitness effects of synonymous mutations in

Streptomyces core genes as has been shown in a variety of bacteria and eukaryotes (Agashe

et al., 2016; Knöppel et al., 2016; Akashi, 1994; Bailey et al., 2014). These results suggest

that comparisons of evolutionary event rates between bacterial groups can be strengthened

through normalizing rates based on evolutionary distance between samples within each

group.

Genes involved in the biosynthesis of natural products, the compounds that are critical

for modern medicine and for which Streptomyces are well known, are among the genes most

frequently acquired through LGT. In contrast to previous work in the related actinobacterial

genus Salinispora (Ziemert et al., 2014), we found that most biosynthesis clusters were

composed of genes apparently acquired from multiple sources rather than a single full-

operon transfer event. These differences could be explained by the Salinaspora dataset being

comprised of much more closely related genomes than our Streptomyces dataset. Thus,

many BCG transfer events in Streptomyces might in fact be transfers of full clusters, followed

by gene shuffling with other clusters in the same genome over evolutionary time. This

would result in the scattered distribution of transferred genes we observed in Streptomyces
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BCGs, without requiring different transfer dynamics than those seen in Salinaspora.

Applying the temporal framework to Streptomyces, our results show that the biomedi-

cally and ecologically important genus Streptomyces is truly ancient; Streptomyces as a group

are approximately as old as tetrapods and 60 my older than seed plants. The two major

Streptomyces clades are approximately as old as flowering plants and older than the di-

vergence of Salmonella and Escherichia. This molecular clock analysis is consistent with

several other molecular clock analyses performed across all bacteria (Battistuzzi et al., 2004)

and Actinomycetes (Embley, 1994), using different methods and datasets. The majority

of comparable nodes in our molecular clock analysis fall within the credibility intervals

of previous rigorous analysis in bacteria performed by Battistuzzi et al.(Tabl B.1). Older

nodes have larger confidence intervals and are more variable. This variability has limited

effect on our analyses of Streptomyces, because only recently diverged nodes, i.e. less than

400mya, were employed as reference points for the Streptomyces molecular clock that was

used for downstream analyses. Although our molecular clock analysis is consistent with

previous work, uncertainty in molecular clock dating generally means that the absolute

rates of LGT we identified are estimates. However, the extremely low rate of LGT means

that our general conclusions remain valid even if the Streptomyces lineage is significantly

younger than our analysis indicates. The relative number of LGT events to point mutations

is robust to uncertainty in the molecular clock, since both rates are calculated using the

same divergence times.

Our results provide new insight into the paradox that, despite widespread LGT events,

bacteria seemly form natural groups with coherent properties (Achtman and Wagner, 2008;

Nowell et al., 2014). The argument that LGT significantly disrupts vertical evolution in
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bacteria emerged from a combination of high pan-genomic diversity and examples of gene

acquisitions from distantly related organisms (Cordero and Hogeweg, 2009). However, we

find strong evidence of phylogenetic biases in Streptomyces LGT, even in the most frequently

transferred gene classes such as secondary metabolism. We also find evidence that many

transferred genes may be selectively neutral or deleterious, leading to rapid turnover of

acquired genes. These results suggest that LGT dynamics can be highly structured by

phylogenetic (Kloesges et al., 2011) and physiological (Lercher and Pál, 2008; Taoka et al.,

2004) factors even within a genus, which limit its disruptive effect on bacterial evolution.

Our incorporation of an absolute timescale reveals that the actual rate of successful transfer

is many orders of magnitude lower than estimated bacterial generation times in nature

(Lawrence and Ochman, 1998; Ochman et al., 1999), and we show that thousands of point

mutations may accumulate over that same timescale. Viewed from this perspective, the high

absolute number of transfers detected in large bacterial genomic datasets may not be the

result of high transfer rates but of long evolutionary timespans separating sampled strains.

Because even bacteria in the same genus can be separated by tens to hundreds of millions of

years, placing LGT in a temporal context also potentially explains the variable gene content

patterns observed among closely related genomes without the need to invoke rampant LGT

at ecological time scales. Together, our results support a model of rare positively selected

LGT events over millions of years driving gene content diversity in bacteria, with vertically

inherited point mutations and homologous recombination dominating bacterial evolution

over ecological timescales and finer phylogenetic levels.
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3.5 Methods

Genome annotation. In order to ensure consistent annotations across all genomes, protein-

coding genes were predicted de-novo using Prodigal (Hyatt et al., 2010). These were anno-

tated using whole protein HMMer3 (Eddy, 2011) models generated from KEGG (Moriya

et al., 2007; Kanehisa et al., 2014) database gene families and TIGRfam 13.0. They were also

annotated using domain HMMer models from PFAM 27.0 and antiSMASH 2.0 (Blin et al.,

2013). The TIGRfam noise score cutoff and antiSMASH score cutoffs were used to remove

false positive hits, while KEGG hits were removed as false positives if their e-value was

greater than 1e-5, or if the difference in length between the HMMer model consensus and

the protein was greater than 50%. Ribosomal RNA genes were identified by performing

BLAST v2.2.25 (Altschul et al., 1990) analyses using sequences from the SILVA database

(Quast et al., 2013). Proteins were also classified into families de-novo based on sequence

homology using ProteinorthoV2 (Lechner et al., 2011) with default parameters.

Genome-based phylogenetics. The Streptomyces/Actinobacteria multilocus phylogeny

was generated using TIGRfam annotated proteins. The 94 TIGRfam proteins in the "core

bacterial protein" set (GenProp0799) was used as the molecular dataset. The protein se-

quences with the top HMMer bitscore for each protein family in each genome were aligned

using MAFFT (Katoh and Standley, 2013). These protein alignments were then converted

to codon alignments and were concatenated. Recombinant regions were identified using

BratNEXTGEN (Marttinen et al., 2012), and masked to remove the potential confounding

influence of homologous recombination on species tree topology. This removal did not

have a significant influence on the final topology. RAxML-7.2.6 (Stamatakis, 2006) was
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used to generate the phylogeny using the GTRGAMMA substitution model and 100 rapid

bootstraps on the final, recombination-free alignment. The phylogeny of all bacteria used

for molecular clock calibration was generated using a similar workflow, except that protein

sequences were used to generate the phylogeny using the PROTGAMMABLOSUM62 sub-

stitution model in RAxML. Since genomes in this phylogeny were generally very distantly

related to each other, no correction for homologous recombination was performed. The

gene-tree based phylogeny was generated using ASTRALII. 100 bootstrap alignments were

generated for each of the core TIGRfam families using RAxML. Phylogenies for each of

these alignments were generated with FastTree 2.0 (Price et al., 2010) and used as the input

data for ASTRALII.

16S rRNA gene phylogeny. Streptomyces 16S gene sequences were obtained from RefSeq

(Tatusova et al., 2014), along with 16S sequences extracted from the genomic dataset and

three Cyanobacterial 16S sequences that were used as outgroups. These were aligned using

MAFFT and then hand curated and trimmed to remove low quality 16S sequences. The

curated set of sequences was realigned and used to generate a phylogeny with FastTree.

Molecular clock analyses. Reltime (Tamura et al., 2012) was used to approximate diver-

gence times for two different phylogenies: the bacterial tree of life and the Actinobacterial

phylogeny containing the full set of Streptomyces genomes. The all-bacteria phylogeny and

protein alignment described above were used as the input for Reltime. The algorithm was

set to use ’Many Clocks’ and gamma distributed rates with invariant sites. Approximate

time intervals for the evolution of Cyanobacteria, (2500-3500 million years ago)25,26, the

divergence of Salmonella and Escherichia (50-150 million years ago)29, and the origin of bac-

teria (3500-3800 million years ago)27,28 were used to calibrate the molecular clock found in
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Extended Data Figure 3.4. Using a single calibration point can correctly infer the divergence

dates of the others with less than 20% error. The confidence intervals for the origin of

Actinobacteria, Streptomyces, and the divergence of Streptomyces Clade I and Clade II were

then used to calibrate a second molecular clock analysis of the Actinobacteria/Streptomyces

phylogeny, i.e. Figure 3.1.

Lateral gene transfer analysis. For each protein or domain database, the protein se-

quences for all ProteinorthoV2 gene families with more than 3 genes were aligned using

MAFFT and then converted to codon alignments. 10 bootstrapped alignments were gener-

ated using RAxML for each gene family, and FastTree was used to generate a phylogeny

for each bootstrapped alignment. These bootstrap trees were then used as the gene tree

inputs for AnGST. Default reconciliation event costs were used (LGT=3, DUP=2, LOS=1).

The Streptomyces/Actinobacteria molecular clock tree was provided as the species tree, and

AnGST was run in ultrametric mode to avoid biologically improbable LGT events from

extant genomes to deep ancestral nodes. The rate of lateral gene transfer between or within

subsets of Streptomyces was calculated as the number of genes acquired by genomes in the

analyzed clade divided by the age of last common ancestor of the clade in millions of years.

LGT events affecting secondary metabolite clusters that occurred within a time interval

were identified by finding genes which first appeared in a Streptomyces lineage within that

interval. There is not a statistically significant difference in the inferred percentage of genes

transferred into draft versus complete genomes (p = 0.21, Mann-Whitney U), indicating

that using predominantly draft genomes does not generate significant detection bias in our

LGT analysis. The percent of inferred genes losses is somewhat higher and more variable in

draft genomes, mean 15.30 ± 8.91%, versus 10.41 ± 4.81% for complete genomes (p = 0.06,



55

Mann-Whitney U). This is likely an artifact of variable quality draft genome assemblies.

Mutation rate estimation. The concatenated codon alignment used to generate the

Streptomyces phylogeny, along with concatenated codon alignments of all genes conserved

in 95% of the Streptomyces genomes, were used to calculate point mutation rates. The

number of synonymous and non-synonymous mutations and sites was identified by the

codeML package in PAML (Yang, 2007), and molecular clock divergence dates were used to

calculate mutation rates per million years. We estimated the total number of synonymous

and non-synonymous sites across all coding regions by multiplying the number of sites in

the TIGRfam protein coding sequence by the average total length of protein coding sequence.

Total number of mutations per million years was calculated based on the mutation rate

and the estimated total number of sites per genome.

Natural product biosynthesis cluster families. Natural product biosynthetic gene

clusters were predicted using the ClusterFinder algorithm (Cimermancic et al., 2014) and

PFAM annotations. Genes that were found on the end of predicted clusters and had less

than 0.8 probability of being part of a cluster were removed. After this trimming, clusters

with fewer than 3 genes and clusters lacking genes with an antiSMASH domain hit were

removed. These curated clusters then were grouped into families using the modified Lin

similarity metric (Lin et al., 2006) with a Jaccard weight of 0.36, GK-Gamma weight of

0.64, and overall similarity threshold of 0.7. We then processed the matches with the MCL

algorithm, which was run with default parameters, to generate final cluster families. We

used a subtree permutation approach to identify cluster families that were phylogenetically

restricted, as in Cafaro et al. (2011). For each cluster family, we generated subtrees from

the multilocus phylogeny containing only the genomes which possessed the cluster. We
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then compared the total branch length of this subtree to the branch length distribution of

1,000 subtrees containing the same number of taxa, randomly sampled from the multilocus

phylogeny. Cluster families were identified as phylogenetically restricted if their subtree

total branch length was significantly less than the distribution mean by two sided T-test,

with a p-value cutoff of 1e-5.
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3.6 Figures

Figure 3.1: Molecular clock phylogeny of the Streptomyces. TIGRfam-based multilocus
phylogeny of Streptomyces using 94 universally conserved housekeeping genes. Branch
lengths indicate Reltime-estimated divergence times. Bootstrap values are shown by colored
circles on all nodes with values 6 95. Streptomyces is abbreviated as Strept, and Kitasatospora
is abbreviated as Kit.
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Figure 3.2: Streptomyces genome content diversity. A. Proteinortho gene families present,
conserved, and enriched in the three main divisions of Streptomyces. Enrichment was
determined by fisher’s exact test. B. Pairwise comparison of conserved Proteinortho gene
family percentage versus TIGRfam core gene percent identity.
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Figure 3.3: The rate of lateral gene transfer in Streptomyces. A. Average rate of LGT
across the Streptomyces phylogeny. Line thickness indicates the average number of detected
LGT events per genome (including ancestral reconstructions) per million years from each
source. Rates greater than 3 are labeled, and all rates appear in Table S2. B. Detected rate
of LGT on each branch of the phylogeny. Detected LGT rate is negatively correlated with
branch length.



60

Figure 3.4: The rate of point mutations in TIGRfam gene families. Bact-core genes
consists of 94 housekeeping TIGRfam gene families conserved across bacteria. Strept-
conserved consists of 705 TIGRfam gene families that are found in 95% of our Streptomyces
genome dataset. A. The observed rate of synonymous point mutations varies by gene
dataset and pairwise distance, likely due to stabilizing selection of synonymous sites in
highly conserved genes. B. The observed rate of non-synonymous sites also varies by
dataset and pairwise distance, but to a lesser degree than synonymous sites.
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Figure 3.5: Sources of laterally transferred secondary metabolite biosynthesis genes. A.
Most biosynthetic gene clusters have acquired some genes through LGT within the last
50my years. B. The vast majority of clusters appear to be a mix of genes from multiple
sources, including vertical inheritance.
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Chapter 4

Population Genomics of Fungus-growing Ant-associated
Pseudonocardia

Bradon R. McDonald, Marc Chevrette, Jonathan L. Klassen, Heidi A. Horn, Eric J. Caldera,

Evelyn Wendt-Pienkowski, Matias J. Cafaro, Michael G. Poulsen, Nicole M. Gerardo,

Antonio C. Ruzzini, Ethan B. Van Arnam, George M. Weinstock, Jon Clardy, and Cameron

R. Currie

4.1 Abstract

The geographic and phylogenetic scale of ecologically relevant microbial diversity is still

poorly understood. Here we use a model mutualism, fungus-growing ants and their defen-

sive bacterial associate Pseudonocardia, to investigate population-level diversity of bacteria

across kilometer-scale geographic space. These bacteria grow on the ant cuticle and provide

chemical defense against fungal pathogens via production of natural products. Our study

includes 42 strains isolated from ant colonies in a 20km transect in and around Barro Col-

orado Island in Panama. Population genomic analysis revealed a strong geographic signal

in SNP differences and genome content. We also identify several instances of migration
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between the mainland and neighboring island. We find evidence of genetic exchange in

these host-associated organisms. Gene content differences between our reference genome

and other strains range from 621 to 1,532. The degree of genetic diversity, as determined by

Tajima’s D, varies between populations. This occurs despite the populations living in close

proximity to each other and the potential for recombination. In addition, natural product

biosynthesis clusters are also correlated with isolation location. These results demonstrate

that ecologically relevant differences can be found between bacteria with extremely high

core gene similarity within limited geographic ranges, despite continued gene flow.

4.2 Introduction

Understanding the phylogenetic and geographic scale of ecologically relevant diversity in

microbes is a continuing challenge (Martiny et al., 2006). Due to both their small size and

insufficient knowledge of ecological niches in complex communities, most comparative

analyzes of microbial diversity have focused either on a few well characterized model

organisms or microbial groups that span hundreds of millions of years of evolution. How-

ever, a growing body of evidence suggests that what are considered extremely fine-scale

divisions between microbes approach the level of diversity that is ecologically relevant.

Knowledge about the scale of ecological and phenotypic diversity in microbes is critical

from both scientific knowledge and practical perspectives. Identifying ecological patterns

at the correct scale provides deeper insight into the processes that generate these patterns,

which influence the evolution of all microbial life on earth. Practically, sampling and

experimental design are heavily influenced by our understanding of ecological processes
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and the evolutionary scale at which they operate. Enzyme and small molecule discovery

efforts can also be guided by this understanding (Lewin et al., 2016), making the knowledge

of ecological diversity important for applied as well as basic science objectives.

Analysis of sub-strains of the same species in the genus Streptomyces revealed biogeo-

graphical patterns influenced by glacial movement in the last ice age using a selection

of housekeeping genes (Andam et al., 2016). At an even finer phylogenetic scale, Vibrio

cyclotrophicus strains isolated from different size organic particles in the ocean with nearly

identical housekeeping gene sequences are ecologically distinct (Shapiro et al., 2012; Yawata

et al., 2014). Whole genome analysis of these Vibrio demonstrated divergence in specific

genes and, after significant experimental examination, subtle but ecologically significant

phenotypic differences were identified.

Although the environmental forces driving the distribution of fine-scale microbial

diversity are poorly understood for most taxa, those that are associated with extreme

environmental conditions (Cadillo-Quiroz et al., 2012) or with eukaryotic hosts (Moran et al.,

2009) can be used to address biogeographical and population-scale ecological questions

more easily. Bacteria from the genus Pseudonocardia, which form a defensive mutualism

with many fungus-growing ant species (Currie et al., 2003), provide a useful model system.

The bacteria grow on the external surface of the ants, and are passed from one ant to

another within the first hours of adult life (Marsh et al., 2014). Queens generally carry the

bacteria with them when forming a new colony, but there is phylogenetic evidence of host

switches over evolutionary time (Cafaro et al., 2011). The Pseudonocardia produce natural

products that inhibit the growth of Escovopsis, a co-evolved pathogen of the ant’s fungus

garden. Several analyses of the biosynthetic gene clusters used to produce the natural
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products suggest they are frequently found on plasmids (Sit et al., 2015; Van Arnam et al.,

2015), leading to diverse chemical potential in very closely related organisms.

We sought to characterize the genomic diversity and chemical potential of these bacterial

mutualists within a 20km transect on and around Barro Colorado Island in Panama. We

used primarily sequenced genomes from population-scale sampling of Pseudonocardia

strains isolated the ant species Apterostigma dentigerum, many of which have been used for

a previous multilocus sequence analysis (Caldera and Currie, 2012). Queens of this ant

species generally form new colonies within 400 meters of their parent colony, such that

traveling across our study area would take 20 colony generations. Using a combination of

comparative genomic and population genetic tools, we show a strong effect of geography

on conserved gene diversity, gene content, and natural product potential in these microbes

at the kilometer scale.

4.3 Results

Our analysis focused on 42 Pseudoncoardia genomes isolated from fungus-growing ant

cuticles, primarily from the region around Barro Colorado Island (BCI). This island was

formed from a hilltop that became isolated during the flooding that generated the Panama

Canal. Several complete or near-complete genomes were generated using Pacific Biosciences

sequencing to act as high quality references, while the rest of the genomes were sequenced

using Illumina. These genomes were part of a clade of very closely related genomes in a

multilocus phylogeny of Pseudoncoardia, along with a number of isolates from other fungus-

growing ants from Panama and several other countries in Central and South America
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(Figure 4.1). With an average core gene nucleotide sequence identity of 99.35%, these

genomes are well within frequently used cutoffs to be considered ecologically equivalent

organisms (Caro-Quintero and Konstantinidis, 2012).

Although core gene sequence identity was very high, we identified a number of strain

clusters based on genome-wide SNP differences (Figure 4.1). We mapped all genomes in the

clade to the PacBio genome for Pseudoncoardia sp EC080625-04 using nucmer (Kurtz et al.,

2004) and identified 280,007 bi-allelic polymorphic positions that were covered by contigs

from every genome. Putative population assignment inferred by fineSTRUCTURE (Lawson,

2012) using this SNP data matched the isolation locations for most strains (Figure 4.2a),

with two groups of BCI isolated strains and a number of strains from the mainland around

Pipeline Road (PLR). fineSTRUCTURE’s subdivisions of BCI strains showed a geographic

pattern on the island, with the less diverse subpopulation occupying the northern and

western part of the island. PLR strains also clustered by geographic distribution, with

one group clustering around the northern part of our sampling area and another in the

southern portion. The PLR sampling area also contained sympatric subpopulations. Several

strains isolated in the southern part of our sampling area clustered together, separately

from the majority of PLR isolated strains. Finally, a further 3 strains of mainland-isolated

Pseudoncoardia fell among populations largely consisting of Pseudoncoardia isolated from

other ant species or other countries. Sampling of these populations is more limited in our

dataset, with many strain clusters consisting of only one or two isolate genomes. There were

3 strains which did not fall into the same geographic area as the other strains they clustered

with genetically. Two mainland-isolated strains clustered in one of the BCI populations

(Pseudonocardia sp. EC080625-04 and EC080529-09) and a single BCI-isolated strain that
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clustered with the mainland populations, Pseudoncoardia sp. EC080619-08.

The total number of polymorphic sites between genomes in reference-aligned regions

ranges from 300 to more than 200,000, consistent with fineSTRUCTURE’s population

assignments (Figure C.1). Overall, core gene percent identity between isolates from the BCI

populations and other genomes in our dataset correlates well with geographic distance

(Figure 4.2b). BCI strains have very high sequence similarity with other isolates from

the island, except for the isolate which falls among the mainland isolated strains, and

lower core gene similarity to other mainland strains. Nearly all strains in the dataset

from the area around BCI share core gene percent identity above 99.5%, except for three

strains with a percent identity to the BCI strains of approximately 98.75%. Genome content

diversity also follows a geographical pattern, with BCI-isolated strains generally sharing

higher genome content similarity (Figure 4.2c). The pan-genome size of these closely

related Pseudoncoardia strains is relatively small, with 6,617 actNOG gene families present

in at least one genome (Figure 4.3). The core genome is approximately 3,238 actNOG

gene families, which represents about half of the total genes found in most Pseudoncoardia

genomes in our dataset.

Analysis of contig mapping to the reference genome provided insight into the source

of gene content variation between these closely related genomes. Gene content varies

by as much as 2,000 genes between strains. The vast majority of contigs either mapped

to the reference across nearly their entire length, or failed to map almost entirely. Cases

of only part of a contig mapping to the reference were very low, at only 3.5% of contigs

with more than 10% and less than 90% mapping to the reference. Further, non-mapping

contigs had a lower GC content than mapping contigs, at 72% versus 74% respectively
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(T-test statistic -19.7, p-value 2.82E-85). Combining all genomes in the dataset, many KEGG

(Moriya et al., 2007; Kanehisa et al., 2014) pathways associated with secondary metabolism

were over-represented among genes that did not map to EC080625-04. Similarly, genes

for the degradation of xenobiotics, degradation of a number of amino acids, and trans-

poson/phage genes were also over-represented. Genes involved in many core biological

functions and metabolic pathways are under-represented in these genes. Overall the func-

tion and sequence characteristics of DNA that does not map to the reference genome are

consistent with the hypothesis that most population-level gene content diversity in ant-

associated Pseudoncoardia is driven by acquisition and loss of mobile genetic elements and

plasmids (Sit et al., 2015; Van Arnam et al., 2015), and that these mobile elements often

contain secondary metabolite clusters.

We used two different approaches to identify diversity and selection within conserved

genes diverging between the different populations, focusing on Tajima’s D (TD) (Tajima,

1989) and gene tree topologies. TD measures the amount of sequence variation in a popu-

lation relative to the expected amount of variation under evolutionarily neutral conditions,

with genes below zero showing less than expected diversity and genes above zero showing

greater diversity. We calculated TD values for all genes with greater than 1% polymorphic

sites in various strain groups (Figure 4.4). The full population-scale dataset had a mean

TD value of -0.444 across 4,225 genes. The BCI strain groups had much lower genetic

diversity, with a maximum of 404 genes containing enough polymorphic sites to calculate

TD and a mean value of -1.41. While the PLR-A (green) population also had a low TD

value, PLR-B (dark red) had a median TD value of -0.03, and the PLR-B1 (red), and PLR-B2

(orange) had mean TD values of 1.28 and 0.28 respectively. High TD genome-wide TD
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values suggest a recent population bottleneck in the PLR-B1 and 2 lineages. This suggest

complex population dynamics that vary between clusters of very closely related strains

within this small geographic region.

To identify genes under selection, we generated phylogenies of each gene in the EC080625-

04 reference genome and identified genes in which each population or internal node in the

fineSTRUCTURE dendrogram formed a well-supported monophyletic clade (Figure 4.5a).

Given the high relatedness between genomes, genes diverging due to different selective

pressures between populations would form monophyletic clades that matched population

boundaries, while genes under purifying selection would be unlikely to form clades that

matched population groupings unless the strains had diverged enough to become geneti-

cally isolated. In general, monophyletic genes were distributed across the chromosome in

the population groups tested. The internal node shared by the BCI clade (purple) had the

highest number of monophyletic genes, at 1,023, while subclades BCI-A (dark blue) and

BCI-B (light blue) were distinguished by 344 and 43 genes respectively. We identified KEGG

gene categories enriched in the monophyletic genes for each lineage using Fisher’s Exact

Test and the Benjamini-Hochberg procedure to limit the false discovery rate to 10%. Gene

categories enriched among BCI monphyletic gene trees include xenobiotics degradation

(odds ratio 1.69), tryptophan metabolism (odds ratio 2.18), ABC transporters (odds ratio

1.67), and nucleotide excision repair (odds ratio 4.64). KEGG gene categories enriched

among the monophyletic genes in PLR-B2 (red) include secondary metabolism (odds ratio

= 1.82) and aminobenzoate degradation (odds ratio = 2.21). No mobile elements were

found to have monophyletic gene trees in this lineage, indicating continued movement of

selfish genetic elements between these strains and other Pseudoncoardia.
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We also investigated genes in the top and bottom 5% of TD values within each popula-

tion. In most populations these genes were spread across the genome, except in clustering

near the origin in PLR-B (dark red) and a cluster of genes with high TD in PLR-B2 (or-

ange) and B2A(yellow) that appear to be part of a mobile element (Figure 4.5b). Across all

populations, genes containing the PFAM (Finn et al., 2014) domain of unknown function

DUF222 are significantly enriched among genes with unusually low TD values (Fisher’s

exact test, odds ratio 50.02, p value 1.2E-9). Eleven genes in EC080625-04 contain this

domain, eight of which are in the lowest 5% of TD values in at least one population and

seven of which are in the lowest 5% in at least three populations. Also known as 13e12

repeat proteins, these have been described homing endonucleases (Gibb and Edgell, 2007)

and are an insertion target for phage in Mycobacterium (Cole, 1999). Genes containing this

domain are also upregulated as part of the SOS regulon in Corynebacterium (Jochmann

et al., 2009) and Mycobacteria (Davis et al., 2002). Two other PFAM domains are enriched

in the low TD genes, one of which is transposase related (DDE_Tnp,) and another repeat

domain of unknown function (RCC1_2). These results suggest recombination or selective

sweeps affecting a few domain classes across Pseudoncoardia in the area around BCI, some

of which are likely mobile elements.

When the full set of genomes is analyzed as a single dataset, a number of clusters of

genes showed high TD values. These clusters included several transporters and signaling

proteins, along with a cluster of genes involved in exopolysaccharide biosynthesis and cell

envelope biosynthesis. Genes with low TD values are more scattered in the genome, and

include a putative prophage and several transposases in addition to the aforementioned

DUF222 domains. There are several clusters of low TD genes, including a number of genes
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in a type-VI secretion system. A number of core genes also show abnormally low TD,

including FtsQ and cytochrome C oxidase subunit I. In the BCI populations, low TD genes

include a large number of hypothetical proteins along with two secretion system associated

proteins, one type IV VirD4 family and one type VII EccB family. High TD genes include

an MT0933-like antitoxin protein along with a range of hypothetical proteins. None of

the genes with outlier TD values when both BCI populations are analyzed together have

high TD in one population alone, suggesting that balancing selection between the two BCI

populations may maintain genetic diversity at these loci.

Since production of natural products is thought to be the primary ecological role of ant

mutualist Pseudoncoardia, we investigated the diversity and distribution of natural product

biosynthetic gene cluster families (BGCs) among the sampled Pseudoncoardia populations

(Fig 4.6). We identified 27 BCG families, 7 of which were widely distributed across strains

in our dataset only within the southern BCI population. A siderophore BGC is found only

in samples collected from BCI, including Pseudoncoardia sp. EC080619-08, which clusters

well within the mainland population by SNP distribution. Likewise, a type 2 polyketide

BGC is found only within the northern BCI population and Pseudoncoardia EC080619-08.

Similarly, another type 2 polyketide BGC is found primarily among BCI isolates, along with

Pseudoncoardia sp. EC080619-08 and Pseudoncoardia sp. EC080525-06. An aminoglycoside

BGC also shows a large positive bias towards the island as 7 of 8 occurrences are from BCI

populations. Mainland specific BGCs include a lassopeptide found only in isolates from

the southern part of our mainland sampling area, and a nonribosomal peptide found only

in the northern mainland population. Furthermore, multiple BGCs including an, ectoine,

an oligosaccharide, a terpene, an an NRPS are present within mostly distant populations
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and show a negative bias towards both PLR and BCI populations.

4.4 Discussion

Population genomic analysis of Pseudonocardia associated with fungus-growing ants demon-

strates that extremely closely related bacteria can exhibit both gene content diversity and

distinct population dynamics, and that these properties vary at kilometer scale geographic

space. The acquisition of secondary metabolite clusters, and the recombination between

homologous clusters, may be critical in arming Pseudonocardia with small molecules in their

evolutionary race with the fungus garden pathogen Escovopsis. The distribution of sec-

ondary metabolites suggests that these external symbionts still undergo genetic exchange

with other organinisms, unlike intra-cellular insect symbionts which are largely isolated

from the environment (Moran et al., 2008). Our results indicate that secondary metabolite

biosynthesis genes are particularly abundant on contigs that do not map to closely related

reference genomes, and that gene acquisition and loss often affects multiple genes rather

than single loci. Although previous research has suggested much of this gene acquisition

is driven by plasmids, the relatively poor quality of our Illumina draft genomes makes it

difficult to distinguish plasmid contigs from mobile DNA integrated in the chromosome.

Tajima’s D analysis of different strain groups revealed striking differences in genetic di-

versity. The mainland isolated PLR-B1 and PLR-B2 populations had significantly different

mean Tajima’s D values, which may indicate recent population bottlenecks or balancing

selection across the chromosome in the PLR-B1 population. The mean for all 42 genomes

together may suggest purifying selection across the genome as a whole in these Pseudono-
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cardia. The observation that Tajima’s D values can differ significantly between subgroups of

the dataset versus the entire dataset suggests that fine-scale sampling of microbial lineages

can reveal population dynamics that are obscured when closely related organisms are

treated as a single group.

The large number of monophyletic gene trees that separate the BCI lineage from the

mainland lineage provide strong support for genetic isolation of many loci between these

lineages. This observation is particularly important when investigating evolutionary inde-

pendence between closely related bacterial lineages. As homologous recombination occurs

in relatively small stretches of DNA rather than across the entire chromosome, bacterial

populations can be genetically isolated at some loci while recombining at others. Genetic

isolation at genes under selection in different environments could enable divergence of

two populations, even as they continue to exchange alleles in genes not under differen-

tial selection. Identification and characterization of genes that diverge between closely

related organisms can inform hypotheses about the selective pressures that differ between

environments or ecological strategies.

Conserved gene sequence similarity and gene content diversity are largely consistent

with isolation location. BCI-isolated Pseudonocardia are highly similar, forming a single

lineage that is distinct from most mainland isolated strains. The only BCI-isolated strains

that do not share very high sequence similarity to the others instead share high identity with

some mainland isolates, suggesting continuing migration of ant hosts between the island

and mainland. Similarly, two mainland isolated strains share high sequence similarity with

the island strains. Gene content differences between strains are more variable, with strains

from the BCI populations differing from mainland strains by around 15%. Between BCI
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strains, gene content differences range from 188 to 2,063.

The distribution of secondary metabolite BGC families also follows isolation location at

this fine geographic scale, as a number of BGC families we identified were found in BCI-

isolated strains. This may be due to geographic diversity of fungus-growing ant pathogens.

The acquisition of several of these clusters by the recent migrant strain Pseudonocardia

sp. EC080619-08 may suggest several ecological and evolutionary processes, which are

not mutually exclusive. It may suggest acquisition of ecologically relevant genes can be

relatively rapid, if migration of the ant host was followed by gene acquisition soon after. It

may also suggest that strong selection from pathogens or other environmental conditions

prevents the colonization of BCI by ant hosts whose Pseudonocardia lack the ability to

produce particular small molecules. Higher numbers of samples from both mainland and

BCI populations would help address this question by providing a more comprehensive

view of BGC family conservation and diversity in both locations. Additional studies on

migration and survival of new Apterostigma ant colonies would also shed light on the

dynamics of host dispersal and survival in new geographic areas.

Model organisms with discrete, physically separated niches, such as host-associated mi-

crobes or those that live in unusual environments, provide opportunities for investigating

population dynamics and biogeography in microbes by separating microbial strains and

communities on physical scales that are amenable to sampling. Deeper understanding of

population-level biology for microbes generally will require applying theoretical and exper-

imental knowledge from this scale to the microscopic physical scale at which most microbial

communities interact and evolve. Although population dynamics in mesophilic microbes

can be observed at the macro scale, there is likely a vast reservoir of micro-scale diversity
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within complex environments that has yet to be studied. These ant-associated Pseudono-

cardia strains show variable population dynamics and secondary metabolite biosynthesis

potential, structured by their geography. Therefore, they do not appear to be ecologically

coherent groups. Approaches to identify ecologically coherent groups of microbes by

sequence similarity alone (Caro-Quintero and Konstantinidis, 2012) would not be able

to distinguish these fine-scale microbial groups, as they share extremely high core gene

nucleotide similarity. Further analysis of this diversity is important not only for targeted

sampling strategies in enzyme discovery and drug development, but for our understanding

of microbial ecology and evolution as a whole.

4.5 Methods

Genome assembly and annotation. Pseudonocardia strains were isolated from the cuticle

of fungus-growing ants and sequenced using either Pacific Biosciences technology at

Duke University (EC080625-04) or Illumina at Washington University in St. Louis. PacBio

assemblies were performed using HGAP 1.4 (Chin et al., 2013), while Illumina genomes

were assembled using Velvet (Zerbino and Birney, 2008) by Wash. U. Protein coding

genes for all genomes were predicted de-novo using Prodigal v2.60 (Hyatt et al., 2010),

while ribosomal RNAs were predicted using RFAM (Nawrocki et al., 2015) hidden markov

models and Infernal 1.1.1 (Nawrocki and Eddy, 2013). Protein coding genes were annotated

using TIGRFam v15 (Haft et al., 2013) , PFAM v29, KEGG, and actNOG (Powell et al., 2012)

hidden markov models and HMMer 3.1 (Eddy, 2011). Secondary metabolite clusters were

identified in each genome by antiSMASHv3 (Blin et al., 2013) followed by manual curration



76

of cluster boundaries. Secondary metabolite gene clusters were grouped into families by

80% nucleotide identity via nucmer alignment and 50% coverage for each segment of a

cluster that matched another.

Population clustering. SNP identification was performed by aligning all Illumina

genome assemblies to the PacBio assembly of EC080625-04 using nucmer. For fineSTRUC-

TURE, only reference SNP positions that were covered by a contig for every genome were

used, i.e. no missing data for any SNP positions. Multiple runs with varying values of c

and estimated population size had little effect on overall strain clustering, except for very

high values of c merging neighboring clusters together.

Conserved gene analysis. Tajima’s D and monophyletic gene analyses were conducted

using genes from EC080625-04 and the matching regions in contigs from other genomes

aligned to this reference. Tajima’s D was calculated for genes that had at least 1% poly-

morphic nucleotide sites within each population. Monophyletic genes were identified by

generating nucleotide alignment using MAFFT v7.221 (Katoh and Standley, 2013) followed

by gene phylogenies generated using FastTree 2.0 (Price et al., 2010).
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4.6 Figures

Figure 4.1: SNP-based population clustering of ant-associated Pseudonocardia
fineSTRUCTURE clustering of Pseudonocardia strains using 270,000 polymorphic SNP po-
sitions. Ant host and isolation location are shown to the right. Lineage colors are used
throughout the study.
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Figure 4.2: Geographic distribution and genetic diversity A. Isolation locations based on
available GPS data are shown for Pseudonocardia strains in the area around Barro Colorado
Island. Strains are colored by fineSTRUCTURE population (see Figure 4.1). B. Core gene
percent identity between BCI population strains (purple in Figure 4.1) and all strains with
GPS coordinates. Points are colored by strain population. C. Raw number of gene content
differences between BCI population strains and all others with GPS coordinates. Points are
by strain population.
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Figure 4.3: Pan-genome and core-genome size in closely related ant-associated
Pseudonocardia. The total number of actNOG gene families present in the genome dataset
(red) and the number of actNOG gene families conserved in all genomes (blue), as more
genomes are added to the dataset. The Pan-genome size fits a logarithmic function, while
the core-genome size fits a power-law function.

Figure 4.4: Genetic diversity of conserved genes Each violin plot shows the distribution
of Tajima’s D values for the specified strain group in genes with at least 1% polymorphic
sites. The number below each strain group name indicates the number of genes analyzed.
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Figure 4.5: Population-specific gene divergence. A. The number of genes that exhibit
monophyly for the strains in each lineage are shown on the appropriate branch. B. Con-
served genes in the top or bottom 5% of Tajima’s D values in each population are marked
at their chromosomal location in Pseudonocardia EC080625-04, in red or blue respectively.
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Figure 4.6: Conserved secondary metabolite biosynthetic gene clusters. Each node rep-
resents a contiguous set of genes that are part of a secondary metabolite biosynthesis cluster.
Edges represent at least 80% nucleotide sequence identity and 50% coverage between gene
sets. Nodes are colored by their population of origin (see Figure 4.1).
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Chapter 5

Conclusions and Future Directions

Ultimately, integrating microbes into an evolutionary framework that addresses species

concepts, phylogenetics, and diversification dynamics will require a deeper understanding

of genetic exchange. Together the studies included in this dissertation demonstrate the

power of investigating genetic exchange across a range of phylogenetic scales. Both short

term dynamics and long term consequences of genetic exchange have significant impact on

the diversification and adaptation of microbial lineages. Analysis of lineages at a variety of

scales provides insight into different aspects of genetic exchange and microbial evolution.

In Chapter 1 I argue that the temporal and phylogenetic scale of sampling and analysis

is critically important for our understanding of ecological and evolutionary patterns in

microbes, and the processes that generate these patterns. Genome sequencing technologies

have enabled much deeper insights into microbial ecology and evolution, but a few key as-

pects of microbial life in nature are poorly understood. The ecological diversity of microbial

lineages, the rates of genetic exchange that constrain evolutionary independence, and the

diversity of niches in seemly homogenous environments are each critical parameters that

deserve intense study. Continued development of new technologies, both computational

and laboratory-based, provide great opportunity to clarify these aspects of microbiology.
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I analyze general metabolic and genomic properties across multiple cultivated phyla

in Chapter 2. This analysis reveals conservation of both core metabolism and genomic

functions that are generally thought to vary according to ecological niche, including mem-

brane transporters and signaling proteins. The evolution of high 16S copy number is

also limited primarily to subgroups of the Gammaproteobacteria and Firmicutes. These

patterns strengthen the idea that barriers to lateral gene transfer constrain the genomic

diversification of bacterial lineages. Although such barriers have been studied in a few

model organisms, further work can provide significant insight by identifying physical

mechanisms, epistatic interactions, and selective pressures that structure the distribution

of laterally transferred genes at both large and small phylogenetic scales.

In Chapter 3 I investigate the rate and distribution of laterally transferred genes in the

genus Streptomyces, interpreting LGT events in a strong temporal framework. This temporal

framework reveals that the rate of successful LGT events, genes that are acquired and

subsequently retained over long evolutionary time periods, is surprisingly low. Many

genes acquired through LGT are lost relatively quickly, suggesting that neutral turnover of

transferred genes is a significant but understudied aspect of LGT dynamics. This observa-

tion indicates the need for a neutral theory of LGT that would provide an expected number

of gene acquisitions and an expected age of acquired genes if the acquired genes had no

selective benefit. The observed dynamics of natural product biosynthesis gene clusters also

suggest that different patterns may be observed at different phylogenetic scales. I found

that most biosynthesis clusters were a mix of vertically inherited and laterally acquired

genes. I also found that laterally acquired genes in a single cluster were rarely acquired

from one donor. This is in contrast to analysis of LGT dynamics in Salinispora biosynthetic
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clusters, which were primarily acquired as whole clusters from a single source. Because of

differences in age between the two genera, I hypothesize that the Salinispora study captures

short-term evolutionary dynamics while my analysis of Streptomyces reveals longer term

evolution of these clusters.

Chapter 4 provides a fine scale view of evolutionary dynamics by investigating genome

content, selection, and population dynamics in ant-associated Pseudonocardia. Spatial struc-

turing of Pseudonocardia populations provided by the dispersal of their ant host provides

a unique opportunity to investigate the impact of migration and adaptation in a microbe

that does not live in an extreme environment such as a hot spring or hydrothermal vent.

The limited amount of gene families found within the local population suggests that LGT

does not provide as large a source of genetic potential in these organisms as has been

suggested for more diverse free living organisms such as E. coli. The distribution and

diversity of natural product biosynthesis gene clusters, structured by both population

and geographic factors, indicates that a targeted approach for small molecule discovery

may increase efficiency. Further studies will need to correlate this biosynthesis potential

to the diversity of small molecules that are actually produced. In addition, analysis of

other microbes such as Streptomyces at a similarly fine phylogenetic scale are critical for

understanding how generalizable the Pseudonocardia observations may be.
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Appendix A

Chapter 2 Supplementary Materials

Figure A.1: Correlation between genome size and genome content across well sampled
bacterial phyla. In genomes with more than 600 genes, the genomic proportion dedicated
to each KEGG gene category is plotted versus genome size.
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Figure A.2: Correlation between genome size and genome content across well sampled
bacterial phyla. In genomes with more than 600 genes, the genomic proportion dedicated
to each KEGG gene category is plotted versus genome size.
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Appendix B

Chapter 3 Supplementary Materials

Figure B.1: 16S rRNA gene phylogeny of the genus Streptomyces. Genome strains are
colored by phylogenetic clade in the Figure 1 multilocus phylogeny, and several are labeled
for reference. Streptomyces is abbreviated as Strept.
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Figure B.2: Full multilocus tree of Streptomyces and outgroup Actinobacteria. This phy-
logeny includes the full set of genomes used for AnGST analysis. Streptomyces strains are
colored by isolation habitat. Scale bar indicates molecular clock divergence times estimated
by Reltime. Streptomyces is abbreviated as Strept.
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Figure B.3: Gene-tree reconciliation based Streptomyces phylogeny generated with
ASTRAL-II. TIGRFAM gene families used for gene tree construction were the same as
those used for the multilocus analysis. Streptomyces is abbreviated as Strept.
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Figure B.4: Molecular clock phylogeny of all Bacteria. Phylogeny of all Bacteria used to
calibrate Streptomyces divergence times. All unlabeled nodes have a bootstrap value >95.
Numbered nodes refer to Reltime divergence times that are compared to the molecular
clock analysis performed by Battistuzzi et al. (2004), found in Supplementary Table B.1.
Streptomyces is abbreviated as Strept.
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Node Reltime BFU et. al. Reltime Confidence Interval BFU et. al. Credibility Interval

1 3463 3054 1806-5121 2697-3490
2 3454 3051 1806-5121 2738-3434
3 3281 2784 1710-4852 2490-3203
4 2847 2508 1487-4208 2154-2928
5 2677 1924 1396-3958 1809-2525
6 2578 2743 1345-3811 2512-3076
7 87 102 45-130 57-176

Table B.1: Comparison of molecular clock estimated divergence times
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KEGG category P value Odds ratio

Metabolism of Terpenoids and Polyketides 4.70E-108 1.421
Xenobiotics Biodegradation and Metabolism 2.12E-127 1.351
Biosynthesis of Other Secondary Metabolites 1.50E-015 1.183
Lipid Metabolism 7.01E-017 1.12

Table B.2: KEGG gene classes over-represented in LGT events
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KEGG category P value Odds ratio

Replication and Repair 9.80E-095 0.638
Transcription 2.57E-020 0.652
Nucleotide Metabolism 4.61E-100 0.724
Cell Growth and Death 1.92E-013 0.762
Glycan Biosynthesis and Metabolism 5.43E-026 0.783
Metabolism of Cofactors and Vitamins 1.23E-050 0.839
Energy Metabolism 8.67E-051 0.842
Translation 6.41E-009 0.911
Metabolism of Other Amino Acids 3.96E-007 0.917
Carbohydrate Metabolism 1.22E-018 0.925
Membrane Transport 3.77E-007 0.943
Signal Transduction 0.038 0.973
Amino Acid Metabolism 0.012 0.981

Table B.3: KEGG gene classes under-represented in LGT events
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Genes acquired per million years
LGT Source Clade I Clade II

Clade I Streptomyces 3.816 1.082
Clade II Streptomyces 1.434 7.065
Basal Streptomyces 0.49 0.651
Other Actinobacteria 0.189 0.277

Table B.4: Rate of LGT into Clade I and Clade II
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Organism Data source NCBI Bioproject

Streptomyces sp AmelKG-F2B Currie lab in prep
Streptomyces sp thermophila NRRLB1978 Currie lab in prep
Streptomyces sp LaPpAH-185 Currie lab PRJNA302566
Streptomyces sp Ame12xE9 Currie lab PRJNA201126
Streptomyces sp Amel2xB2 Currie lab PRJNA195845
Streptomyces sp Amel2xC10 Currie lab PRJNA195842
Streptomyces sp AmelKG-D3 Currie lab PRJNA163015
Streptomyces sp AmelKG-E11A Currie lab PRJNA163025
Streptomyces sp ATexAB-D23 Currie lab PRJNA199252
Streptomyces sp BoleA5 Currie lab PRJNA169757
Streptomyces sp CcalMP-8W Currie lab PRJNA199236
Streptomyces sp Cmuel-A718b Currie lab PRJNA319231
Streptomyces sp DconLS Currie lab PRJNA319222
Streptomyces sp di188 Currie lab PRJNA319209
Streptomyces sp DpondAA-B6 Currie lab PRJNA195846
Streptomyces sp DvalAA-14 Currie lab PRJNA319210
Streptomyces sp DvalAA-19 Currie lab PRJNA319214
Streptomyces sp DvalAA-43 Currie lab PRJNA319215
Streptomyces sp e14 Currie lab PRJNA47353
Streptomyces sp e83 Currie lab PRJNA319216
Streptomyces sp FxanaC1 Currie lab PRJNA199074
Streptomyces sp KhCrAH-340 Currie lab PRJNA199243
Streptomyces sp LamerLS-316 Currie lab PRJNA169718
Streptomyces sp LaPpAH-108 Currie lab PRJNA199251
Streptomyces sp LaPpAH-199 Currie lab PRJNA302568
Streptomyces sp LaPpAH-95 Currie lab PRJNA199076
Streptomyces sp LcepLS Currie lab PRJNA319218
Streptomyces sp MspMP-M5 Currie lab PRJNA199249
Streptomyces sp Ncost-T10-10d Currie lab PRJNA319230
Streptomyces sp Ncost-T6T-1 Currie lab PRJNA163023
Streptomyces sp PgraA7 Currie lab PRJNA169756
Streptomyces sp PsTaAH-124 Currie lab PRJNA199254
Streptomyces sp PsTaAH-130 Currie lab PRJNA195843
Streptomyces sp PsTaAH-137 Currie lab PRJNA195844
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Streptomyces sp ScaeMP-e10 Currie lab PRJNA199241
Streptomyces sp ScaeMP-e48 Currie lab PRJNA163017
Streptomyces sp ScaeMP-e96 Currie lab PRJNA163037
Streptomyces sp SirexAA-E Currie lab PRJNA72627
Streptomyces sp So1WspMP-so12th Currie lab PRJNA169755
Streptomyces sp SPB74 Currie lab PRJNA48415
Streptomyces sp SPB78 Currie lab PRJNA55819
Streptomyces sp Termitarium-T10T-6 Currie lab PRJNA319232
Streptomyces sp WMMB 322 Currie lab PRJNA187213
Streptomyces sp WMMB 714 Currie lab PRJNA187214
Streptomyces albus J1074 NCBI PRJNA196849
Streptomyces auratus AGR0001 NCBI PRJNA171646
Streptomyces avermitilis MA4680 NCBI PRJNA57739
Streptomyces bingchenggensis BCW-1 NCBI PRJNA82931
Streptomyces coelicoflavus ZG0656 NCBI PRJNA180030
Streptomyces coelicolor A3-2 NCBI PRJNA57801
Streptomyces ghanaensis ATCC14672 NCBI PRJNA55543
Streptomyces griseoaurantiacus M045 NCBI PRJNA66149
Streptomyces griseoflavus Tu4000 NCBI PRJNA55831
Streptomyces griseus NBRC13350 NCBI PRJNA58983
Streptomyces hygroscopicus ATCC53653 NCBI PRJNA33605
Streptomyces hygroscopicus jinggangensis 5008 NCBI PRJNA89409
Streptomyces ipomoeae 91-03 NCBI PRJNA183480
Streptomyces pristinaespiralis ATCC25486 NCBI PRJNA59511
Streptomyces roseosporus NRRL15998 NCBI PRJNA55545
Streptomyces scabiei 87-22 NCBI PRJNA46531
Streptomyces scabrisporus DSM41855 NCBI PRJNA199206
Streptomyces sp 303MFCol5-2 NCBI PRJNA187949
Streptomyces sp 351MFTsu5-1 NCBI PRJNA187950
Streptomyces sp AA0539 NCBI PRJNA199548
Streptomyces sp AA4 NCBI PRJNA33599
Streptomyces sp acidiscabies 84-104 NCBI PRJNA77031
Streptomyces sp bottropensis ATCC25435 NCBI PRJNA176092
Streptomyces sp C NCBI PRJNA55823
Streptomyces sp canus 299MFChir4-1 NCBI PRJNA187948
Streptomyces sp cattleya NRRL8057 DSM46488 NCBI PRJNA78941
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Streptomyces sp chartreusis NRRL12338 NCBI PRJNA72673
Streptomyces sp clavuligerus ATCC27064 NCBI PRJNA19249
Streptomyces sp CNB091 NCBI PRJNA199379
Streptomyces sp CNH099 NCBI PRJNA169791
Streptomyces sp CNH189 NCBI PRJNA169772
Streptomyces sp CNQ329 NCBI PRJNA190863
Streptomyces sp CNS335 NCBI PRJNA199338
Streptomyces sp CNS606 NCBI PRJNA195771
Streptomyces sp CNS654 NCBI PRJNA239507
Streptomyces sp CNT302 NCBI PRJNA199358
Streptomyces sp CNT318 NCBI PRJNA187951
Streptomyces sp CNT360 NCBI PRJNA187952
Streptomyces sp CNT371 NCBI PRJNA169776
Streptomyces sp CNT372 NCBI PRJNA199339
Streptomyces sp collinus Tu365 NCBI PRJNA171216
Streptomyces sp davawensis JCM4913 NCBI PRJEB184
Streptomyces sp fulvissimus DSM40593 NCBI PRJNA192408
Streptomyces sp FXJ7-023 NCBI PRJNA189794
Streptomyces sp gancidicus BKS 13-15 NCBI PRJNA186841
Streptomyces sp globisporus C-1027 NCBI PRJNA158251
Streptomyces sp GXT6 NCBI PRJNA178392
Streptomyces sp HGB0020 NCBI PRJNA72491
Streptomyces sp HmicA12 NCBI PRJNA169744
Streptomyces sp HPH0547 NCBI PRJNA169487
Streptomyces sp Mg1 NCBI PRJNA207881
Streptomyces sp mobaraensis NBRC13819 DSM40847 NCBI PRJNA188290
Streptomyces sp pratensis ATCC33331 NCBI PRJNA33771
Streptomyces sp prunicolor NBRC13075 NCBI PRJDB1071
Streptomyces sp purpureus KA281 NCBI PRJNA157921
Streptomyces sp rapamycinicus NRRL5491 NCBI PRJNA207502
Streptomyces sp rimosus rimosus ATCC10970 NCBI PRJNA182749
Streptomyces sp S4 NCBI PRJNA78151
Streptomyces sp somaliensis DSM40738 NCBI PRJNA81125
Streptomyces sp sulphureus DSM40104 NCBI PRJNA182442
Streptomyces sp TAA040 NCBI PRJNA187955
Streptomyces sp TAA204 NCBI PRJNA188326



98

Streptomyces sp TAA486 NCBI PRJNA190864
Streptomyces sp TOR3209 NCBI PRJNA198964
Streptomyces sp Tu6071 NCBI PRJNA66919
Streptomyces sp turgidiscabies Car8 NCBI PRJNA42361
Streptomyces sp UNC401CLCol NCBI PRJNA234927
Streptomyces sp URHA0041 NCBI PRJNA213783
Streptomyces sp viridochromogenes Tue57 NCBI PRJNA89157
Streptomyces sp vitaminophilus DSM41686 NCBI PRJNA199207
Streptomyces sp W007 NCBI PRJNA80699
Streptomyces sulphureus L180 NCBI PRJNA200371
Streptomyces sviceus ATCC29083 NCBI PRJNA59513
Streptomyces tsukubaensis NRRL18488 NCBI PRJNA162933
Streptomyces venezuelae ATCC10712 NCBI PRJNA177080
Streptomyces violaceusniger Tu4113 NCBI PRJNA52609
Streptomyces viridochromogenes DSM40736 NCBI PRJNA55829
Streptomyces zinciresistens K42 NCBI PRJNA72955
Amycolatopsis mediterranei S699 NCBI PRJNA170006
Aquifex aeolicusVF5 NCBI PRJNA215
Arthrobacter aurescens TC1 NCBI PRJNA12512
Arthrobacter FB24 NCBI PRJNA12640
Bacillus subtilis subtilis 168 NCBI PRJNA57675
Bacteroides vulgatus ATCC 8482 NCBI PRJNA13378
Burkholderia cenocepacia HI2424 NCBI PRJNA13918
Cellulamonas flavigena 134 NCBI PRJNA19707
Clavibacter michiganensis NCPPB382 NCBI PRJNA19643
Clostridium botulinum A ATCC19397 NCBI PRJNA19517
Deinococcus radiodurans R1 NCBI PRJNA57665
Enterococcus faecium NRRLB-2354 NCBI PRJNA74725
Escherichia coli K-12 subMG1655 NCBI PRJNA57779
Fibrobacter succinogenes S85 NCBI PRJNA32617
Frankia alni ACN14a NCBI PRJNA17403
Frankia CcI3 NCBI PRJNA250957
Frankia EAN1pec NCBI PRJNA13915
Gloeobacter violaceus PCC 7421 NCBI PRJNA58011
Kitasatospora setae KM-6054 NCBI PRJNA77027
Kribbella flavida IFO 14399 NCBI PRJNA21089
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Kytococcus sedentarius 541 NCBI PRJNA21067
Lactobacillus fermentum IFO 3956 NCBI PRJDA18979
Microcystis aruginosa NIES-843 NCBI PRJDA27835
Mycobacterium rhodesiae NBB3 NCBI PRJNA60027
Mycobacterium tuberculosis CDC1551 NCBI PRJNA223
Nocardia farcinica IFM10152 NCBI PRJNA13117
Nostoc punctiforme PCC 73102 NCBI PRJNA216
Peptoclostridium difficile CD196 NCBI PRJNA38037
Prevotella denticola F0289 NCBI PRJNA49293
Prochlorococcus marinus MIT 9312 NCBI PRJNA13910
Pseudonocardia dioxanivorans CB1190 NCBI PRJNA40557
Rhodococcus jostii RHA1 NCBI PRJNA13693
Rubrobacter xylanophilus DSM9941 NCBI PRJNA10670
Saccharomonospora viridis P101 NCBI PRJNA20835
Saccharopolyspora erythraea NRRL2338 NCBI PRJEA18489
Salmonela enterica Typhimurium LT2 NCBI PRJNA57799
Sinorhizobium fredii NGR234 NCBI PRJNA59081
Streptococcus mutans NN2025 NCBI PRJDA28997
Synechococcus elongatus PCC 6301 NCBI PRJNA58235
Thermotoga maritima MSB8 NCBI PRJNA57723
Vibrio cholerae O1 El Tor N16961 NCBI PRJNA57623

Table B.5: NCBI accession numbers for all genomes
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Appendix C

Chapter 4 Supplementary Materials

Figure C.1: Genome content and SNP diversity in ant-associated Pseudonocardia The
number of actNOG gene content differences (blue) or SNP diffrences (green) are shown
between every pair of genomes. Isolation hosts and locations are shown on the right.
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