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ABSTRACT

Microbes exist in virtually all environments on Earth’s surface. As asexually reproducing

organisms, one strategy microbes employ to adapt to these environments is horizontal gene

transfer, the movement of genetic material from one cell to another rather than parent to

offspring. Plasmids, small circular DNA molecules that often carry beneficial traits, can

facilitate this transfer of genetic material. In this dissertation, I discuss the identification

of plasmid sequences, and many different aspects of their subsequent characterization. In

the first half of this thesis, I describe the development of a machine-learning based model

that I used to predict 68,350 plasmid sequences from human gut metagenomes. Downstream

characterization of the genetic content of these plasmids reveals evolutionary patterns called

’plasmid systems’ resulting from plasmid recombination. Plasmid systems are comprised of

backbone genes, encoding basic functions for plasmid replication, and cargo genes, encod-

ing fitness determining genes. I then present an example where the environmental variable

of chloramphenicol usage correlates with the acquisition of of chloramphenicol resistance

as cargo genes in plasmid systems. In the second half of this thesis, I focus on a par-

ticularly prevalent and abundant plasmid called pBI143 that is present in up to 92% of

individuals across 4,513 metagenomes. I show that the host range of pBI143 is broad, span-

ning Bacteroides, Parabacteroides and Phocaeicola, and that pBI143 can transfer between

these genera. pBI143 is specific humans, appearing in only human- and sewage-associated

metagenomes, and lacking in any other environmental samples. pBI143 only encodes 2 genes,

repA for plasmid replication, and mobA for plasmid transfer, and exists in 3 predominant

versions that differ in their repA sequences. Across our metagenomes, I show that pBI143

is under strong purifying selection, and that it is monoclonal in most individuals. pBI143

is transferred from mothers to infants, and I suggest that the monoclonal nature of pBI143

may be due to priority effects of the first pBI143 version to inhabit the gut after birth.

To address how pBI143 impacts the bacterial hosts, I construct isogenic strain sets of cells

xiii



with and without the naive version of pBI143 and compete these strains in gnotobiotic mice,

which shows no clear fitness benefit or detriment to host cells carrying this plasmid. How-

ever, pBI143 is able to take up additional cargo genes in nature, suggesting it acts as a

"discretionary parasite", where it transitions between a state of benefiting or parasitizing

the host cell. The plastic nature of this plasmid makes it a good candidate for gene de-

livery to human gut microbiomes. Similar to other mobile genetic elements, I showed that

pBI143 increases its copy number in vitro when the host cell is stressed, and tested this same

phenomenon in naturally occurring stressful environments to demonstrate that pBI143 also

increase its copy number during inflammatory bowel disease and has future potential as a

diagnostic biomarker. Finally, given the widespread, abundant, and human specific nature

of pBI143, we showed that this plasmid can be used as an amplifiable biomarker of human

fecal contamination in water samples.
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CHAPTER 1

INTRODUCTION

1.1 The human gut microbiome

Microbial life can be found in nearly every environment on Earth’s surface. From thermal

vents to the human gut, there are microbes that eke out an existence on the most minimal

nutrients and those that grow with an abundance of resources. Regardless of environment,

microbes tend to grow in intradependent communities with complex symbiotic relationships

between various members. These communities often grow and develop on or within a larger

host. In humans, extensive microbial colonization begins at birth and much of the initial

seeding comes from the mother. Although skin and vaginal strains colonize more transiently,

maternal strains appear to robustly colonize the infant gut [Ferretti et al., 2018]. Over the

next year of life, the infant’s gut community will develop, maintaining some strains from

the mother, and acquiring others from other environments, which will eventually coalesce to

form a more stable, adult-like community [Bäckhed et al., 2015, Ferretti et al., 2018].

In adults, many efforts have been made to define a ‘core’ set of microbial taxa or functions

that are present in most individuals and which may constitute a ‘healthy’ gut community

[Fan and Pedersen, 2020]. However, there are challenges in identifying a core community.

First and foremost, core could be defined as 1) the organisms present in the most individuals,

2) the most abundant in individuals, the most stable across time, 3) the most ecologically

important, 4) the most functionally important, 5) the best adapted to the host, or 6) some

combination of these metrics [Neu et al., 2021, Risely, 2020]. The most common approach is

to define core as the organisms present in some large fraction of the population. The second

difficulty in identifying a core is that the level of taxonomic resolution will determine which

organisms are considered core. For example, if we examine phylum-level resolution, we may

find taxa present in most individuals, while if we look at population-level resolution, that
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number will drop dramatically. The final issue in determining a core microbiome is that

the components that we consider core have traditionally been defined as living organisms,

however we don’t take into account other biological entities like mobile genetic elements.

Despite the difficulties in determining which factors constitute a “healthy” microbiome,

much of microbiome research has focused on finding specific microbes or alterations to the

gut communities that may influence disease status or progression. Until the sequencing

revolution in the late 2000s [Kris A. Wetterstrand, 2019], this work primarily focused on

organisms that had been cultivated from the gut. This approach is still in use today, where

cultivation and the downstream experiments it makes possible remains one of the primary

methods for mechanistic understandings of how microbes interact with each other and the

human host. 16S rRNA sequencing revolutionized our understanding of the diversity of

microbes across environments. The 16S gene is conserved across all bacteria, and can be used

to identify the taxa present in a sample. However, 16S sequencing is primer-based leading

to biases in amplification, and is primarily limited to taxonomic assignments. Metagenomes,

the data resulting from sequencing all DNA present in an environmental sample, offers a

more comprehensive understanding of the genetic content of organisms and their unique

functional capabilities, and is the primary data type used throughout this work. Through

a combination of the approaches described above, scientists have implicated the human gut

microbiome in a plethora of human ailments including cancer [Chattopadhyay et al., 2021],

inflammatory diseases [Schirmer et al., 2019, Henke et al., 2019], and metabolic disorders

[Sharma et al., 2020].

1.2 Horizontal gene transfer in the human gut

The microbial community in the gut is extremely dense; the average human gut, for

example, is thought to carry 3 x 1013 bacterial cells alone - a 1:1 ratio with human cells

[Sender et al., 2016]. The close cell-to-cell contact and diversity of cells of this environment
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promotes the exchange of DNA from one cell to another - a process known as “horizontal

gene transfer” (HGT). Although large segments of the host chromosome can be moved via

HGT, the process is usually facilitated by mobile genetic elements (MGE). MGEs can be cat-

egorized into three primary groups: 1) Viruses, double or single stranded DNA or RNA that

hijacks the host replication machinery to package its genome into particles that can infect

new hosts 2) transposons, genomic islands that use recombinases to integrate into existing

DNA and 3) plasmids, often circular, double-stranded DNA moieties capable of independent

replication that rarely carry essential genes [Frost et al., 2005]. Nature, however, is prone

to ignoring these discrete categories and many mobile genetic elements exist with lifestyles

that blur these distinctions. Serendipitous discoveries have uncovered phages carrying plas-

mid segregation proteins [Oliva et al., 2012], plasmids encoding phage capsids [Chen et al.,

2012], and phagemids, which can integrate into the genome like a prophage or replicate in

the cytoplasm like a plasmid [Dokland, 2019]. Despite the gray areas between many MGEs,

categorizing them into groups with shared features can be useful to study their ecological

roles.

To exist as the drivers of HGT, MGE must move between individual host cells. The well-

studied methods of MGE transfer include transformation, transduction, and conjugation

[Frost et al., 2005]. Transformation occurs when DNA is taken up from the environment.

Transduction is gene transfer mediated by phage infection. Conjugation is the movement of

DNA via a rod-like structure called a pilus that forms a bridge between two cells in close

physical proximity.

The density and diversity of microorganisms in the human gut facilitates all forms of

HGT, which drives adaptation to changing environmental conditions more rapidly than

conventional evolution by introducing ‘ready-to-use’ genetic material to a host cell. MGEs

can carry a plethora of genes, such as those that allow the host to enhance metabolism,

increase virulence and resist antibiotics [Al-Shayeb et al., 2022, Johnson and Nolan, 2009,
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Jacob and Hobbs, 1974]. MGEs can alter ecosystem dynamics, yet these alternations differ

radically in their outcomes depending on the lifestyle and transfer method of the element

in question. The acquisition of a beneficial trait from a conjugative plasmid may push a

bacterial population to dominate an environment. Conversely, an especially virulent lytic

phage infection may decimate a once thriving population. A deeper understanding of the

interplay between MGEs and their hosts is critical for broader insights into microbial ecology.

1.3 The plasmid paradox - why are plasmids maintained in cells?

Of all MGEs, plasmids have been well-studied for their applications to biotechnology and

their ability to rapidly disseminate important fitness determinants throughout a population

[Li et al., 2018, Smith, 1985]. A gene for antibiotic resistance, for example, may radically

alter the ability of a bacterial cell to survive a harsh environment. A simple interpretation of

natural selection would assume that plasmids which provide clear benefits for their bacterial

hosts should be maintained in the population. However, this does not take into account the

ability of genes to transfer from plasmids to their host chromosome over time, resulting in a

phenomenon known as the ‘plasmid paradox’.

The plasmid paradox assumes that because plasmids are independently replicating DNA

in the cytoplasm, their maintenance imposes some fitness burden on the cell. The plasmid

can temporarily overcome that burden by proving a beneficial function to the host cell, but if

beneficial plasmids persist in cells for long enough, the fitness-enhancing genes will eventually

migrate to the chromosome rendering the plasmid redundant [MacLean and Millan, 2015].

Through this logic, plasmids should eventually be purified from the population, however we

do not observe that in nature.

Perhaps even more surprising is the maintenance of ‘cryptic plasmids’, those which do

not carry a known beneficial function for the host cell and are often thought of as parasites.

Although one argument for the maintenance of cryptic plasmids is that they must provide an
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unknown benefit to the host cell, this would not allow them to escape the plasmid paradox

in the long term. Indeed, a parasitic plasmid would also be selected against at both the

individual level, where cells may lose unnecessary or redundant plasmids, and at the popu-

lation level, where cells with costly plasmids will be less fit compared with their plasmidless

competitors [Iranzo et al., 2016]. It is likely that for parasitic plasmids to be maintained in

a population, they must be horizontally transferred between cells at a rate high enough to

combat both of these levels of negative selection [Iranzo et al., 2016, Novozhilov et al., 2005].

Due to the impossibility of experimentally testing the transfer rate for all plasmids (although

see [Gordon, 1992, Wan et al., 2011]) most studies rely on modeling and the field is divided

over the question of whether plasmid transfer rate is sufficient to explain their maintenance

in cells [Carroll and Wong, 2018, Svara and Rankin, 2011, Bergstrom et al., 2000].

Assuming that the rate of plasmid transfer is high enough, Iranzo et al argue that the

existence of parasitic plasmids is inevitable by demonstrating that if a cell prevented all

HGT, clonally replicating populations will have no means to restore or acquire new genetic

material and will eventually succumb to Muller’s ratchet – the accumulation of deleterious

mutations to the point of cell death [Iranzo et al., 2016]. Thus, the occurrence of parasitic

plasmids may be an inescapable by-product of genetic mechanisms that are in place to avoid

Muller’s ratchet.

1.4 Identifying plasmids from bacterial communities

Since the discovery of plasmids by J. Lederberg and W. Hayes in the 1950s, people

primarily studied plasmids through cultivation of the host organism [Helinski, 2022]. Cir-

cular DNA can be isolated from cells using an approach that takes advantage of circular

DNA renaturing and remaining soluble more effectively than linear DNA post denaturation

[Lorsch, 2013]. To study the functions of plasmid proteins, researchers developed approaches

like using restriction enzymes to recombine sections of plasmids and observing the result-
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ing phenotypes [Smith, 1985]. The work of countless scientists resulted in our fundamental

understandings of plasmids, such as their ability to transfer between cells and the types of

genes that are typically encoded. For example, most, if not all plasmids encode some form of

replication protein, which typically interacts with the host replication machinery to control

plasmid replication [Lu et al., 1998].

As sequencing became more affordable, access to bacterial genomes and plasmids became

more commonplace. Not only could we sequence thousands of whole genomes, but also

metagenomes, the combined DNA of two or more organisms living in an environment like

water, soil or feces. The short DNA sequences called ‘reads’ that are generated from a

genome or metagenome can be assembled together to form continuous segments of DNA

called ‘contigs’. With the unprecedented access to naturally occurring environments that are

offered by (meta)genomic data, the field improvised multiple sequence-based identification

methods for plasmid contigs.

A relatively straightforward approach for identifying plasmids from genomic data is to

determine which contigs are assembled as circular molecules [Antipov et al., 2016]. This

approach ensures that you are identifying complete plasmids, but will inevitably include

other circular MGEs like integrative conjugative elements or phages while missing linear or

integrated plasmids [Hinnebusch and Tilly, 1993].

Another method to identify plasmids from assembled sequence data is to identify contigs

that contain common plasmid genes, such as those encoding for replication or mobilization

proteins [Robertson and Nash, 2018]. While this is an effective approach to identify some

potential plasmids, there are multiple caveats. First, the gene in question must already have

a known function in databases. Second, many genes are shared between plasmids and other

types of mobile genetic elements and may result in an incorrect classification. Third, this

approach will only capture the plasmids that possess that particular gene, likely a small

fraction of all plasmids present in a sample.
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The application of machine learning to plasmid identification has resulted in the develop-

ment of multiple plasmid classifiers [Andreopoulos et al., 2022, Krawczyk et al., 2018, Pellow

et al., 2020, 2021, Yu et al., 2020, Camargo et al., 2023]. The pipeline to develop a machine

learning model for predicting plasmids typically involves taking a database of known plas-

mids and known chromosomes, designating ‘features’ of plasmids versus chromosomes, and

asking the model to ‘learn’ the features that are more commonly present in plasmids versus

chromosomes. How the features are chosen drastically impacts the model performance. Clas-

sifiers, (for example PlasFlow [Krawczyk et al., 2018]) that are based on kmers, nucleotide

substrings of a given length that are common within the same genome, will result in models

that are very effective at identifying plasmids that are similar to those it was trained on, but

will fail to predict truly novel plasmids. Recently, a new generation of gene-based models

have emerged. Models trained with genes as features appear to be the most effective tools to

date for predicting novel plasmids [Camargo et al., 2023, Andreopoulos et al., 2022, Yu et al.,

2020]. As the quality of the tools for identifying plasmids from complex data increases, we

can expand our knowledge of plasmid ecology across environments, and better understand

their evolutionary histories and implications for different ecosystems.

1.5 Thesis topics

Overall, this thesis showcases the premise that I aimed to build my PhD on: learning

to use data-driven insights to direct wet lab experiments (and vice versa). I combine model

development, genomic exploration, and experimental biology to address fundamental ques-

tions regarding the ecological distribution, evolutionary history, and functional significance

of plasmids in the human gut. While generating this body of work, I developed rigorous

quantitative skills to reproducibly analyze terabyte-sized genomic datasets, along with the

ability to develop hypotheses based on insights from data and to critically evaluate other

genomics-based research. However, the aspect of this work of which I am most proud is
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the genetic engineering component. With little direct guidance I spent a year planning and

executing the non-trivial task of constructing isogenic bacterial strains that differed only in

a small, markerless plasmid. These details are buried deep in methods of Chapter 3, but

taught me two valuable lessons: 1) with enough investment of time and energy you can learn

to do pretty much anything and 2) to save yourself some of that time and energy, ask for

guidance from people who know what they’re doing.

This thesis contains two main sections: the development and deployment of a new method

to identify plasmids from metagenomic data (Chapter 2), and the identification and char-

acterization of an incredibly prevalent cryptic plasmid (Chapter 3). In Chapter 2, I discuss

in detail our development of a machine learning-based classifier, PlasX, to predict plasmid

sequences from assembled metagenomes. At the time of development, the field lacked the

ability to predict truly novel plasmids from metagenomic data. We used PlasX to predict

68,000 unique human gut plasmids - increasing our reference sequences by an order of mag-

nitude. We used secondary validation methods to confirm that these sequences are plasmids

by comparing to databases, determining the circularity of assembled contigs, and experi-

mentally demonstrating the ability of a predicted plasmids to transfer between cells. With

our large collection of human gut plasmids, we defined the evolutionary concept of ‘plasmid

systems’, in which a smaller ‘backbone plasmid’ is confirmed to carry the genes necessary for

replication, and larger ‘cargo plasmids’ carry the backbone plus fluctuating accessory gene

content that varies depending on environmental pressures.

In Chapter 3, I dive deep into the characterization of pBI143, the most prevalent, exper-

imentally confirmed plasmid of our collection of 68,350. I use hundreds of bacterial isolate

genomes and thousands of publicly available metagenomes to make ecological observations

about the prevalence, abundance and host range of pBI143. Due to the wide distribution

of pBI143 and its specificity to humans, I show it is a more sensitive marker of human fe-

cal contamination in water than the current bacterial markers. Next, I take a population
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genetics approach to characterize the nucleotide-level diversity present across human pop-

ulations and show that pBI143 is highly conserved and monoclonal in most individuals. I

further investigate its monoclonal nature and show that pBI143 is transferred from mothers

to infants and due to priority effects, the initial version usually colonizes the infant long

term. Throughout these ecological characterizations, the outstanding question was whether

pBI143 impacts the bacterial host fitness. I experimentally construct the bacterial strains

to test this, and show through competition experiments that pBI143 does not have a clear

negative or positive impact on the fitness of the host. Instead, I propose that it likely acts

as a ‘discretionary parasite’, by transiently uptaking additional DNA that may benefit the

host cell, then losing it to regain a parasitic form. Finally, I demonstrate that similar to

other mobile genetic elements, pBI143 has mechanisms in place to respond to bacterial host

stress. I show that both in vitro and in silico the copy number of pBI143 is significantly

higher when exposed to oxidative stress, and propose its potential as an effective proxy for

measuring microbial stress response in the gut.
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CHAPTER 2

THE GENETIC AND ECOLOGICAL LANDSCAPE OF

PLASMIDS IN THE HUMAN GUT

This chapter is derived from the following publication:

Michael K.Yu*, Emily C. Fogarty*, and A. Murat Eren. 2022. “The genetic and

ecological landscape of plasmids in the human gut.” bioRxiv.

https://doi.org/10.1101/2020.11.01.361691.

* Co-first authors

2.1 Author contributions

Conceptualization: MKY, AME Methodology: MKY, ECF, AME Investigation: MKY,

ECF, AME Visualization: MKY, ECF, AME Funding acquisition: MKY, AME Project

administration: MKY, AME Supervision: MKY, AME Writing – original draft: MKY,

ECF Writing – review and editing: MKY, ECF, AME Data curation: MKY, ECF Formal

Analysis: MKY, ECF Resources: ECF, MKY Software: MKY Validation: ECF

2.2 Abstract

Plasmids are mobile genetic elements found across all domains of life. As plasmids often

encode determinants of fitness, their evolution is intertwined with their hosts. However,

naturally occurring plasmids remain far less understood than their hosts due to the lack of

frameworks to recognize plasmids and to classify them into evolutionary groups. Here we

trained a machine learning model that recognizes plasmids based on genetic architecture

with state-of-the-art accuracy. We applied this model to a global collection of human gut

metagenomes to identify 68,350 unique plasmids, 13,280 of which had a very high model
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confidence and represent more than an order of magnitude increase over the number of

known plasmids that we detected in this environment. To understand the evolution of these

plasmids, we developed a generalizable approach that enabled us to define 1,169 ‘plasmid

systems’. Each system consists of plasmids that share a backbone sequence containing

core plasmid functions, such as replication and conjugation, but vary in cargo genes that

are often critical to the host, such as antibiotic resistance, amino acid biosynthesis, and

tRNA modification. Members of the same system are often found in geographically distinct

human populations, revealing cargo genes that likely respond to environmental selection. The

ecological patterns of plasmids we observed could not be explained by microbial taxonomy.

This work uncovers the tremendous diversity of plasmids and demonstrates the need to

characterize them as a separate component of microbiomes distinct from their hosts.

2.3 Introduction

Plasmids are a type of mobile genetic element [Frost et al., 2005] that occur in all domains

of life [Kumar et al., 2021, Kazlauskas et al., 2019]. They typically exist as extrachromosomal

and circular DNA, replicate semi-independently of their hosts, and often transfer between

cells as a mechanism of horizontal gene transfer [del Solar et al., 1998, Khan, 1997, Lilly and

Camps, 2015, Thomas, 2003, Summers, 1993]. A hallmark of plasmids is their remarkably

diverse capacity to impact their microbial hosts, by carrying fitness-determining functions

[del Solar et al., 1998, Khan, 1997, Lilly and Camps, 2015] such as antibiotic resistance genes

[Jacob and Hobbs, 1974, Poyart-Salmeron et al., 1990] and virulence factors [Lan et al., 2003,

Meletzus et al., 1993]. Plasmids also exhibit many interesting genetic properties, such as

frequent recombination, which can result in recurrent “backbone” sequences that are shared

by multiple plasmids [Sen et al., 2011, Holt et al., 2007, Fernandez-Lopez et al., 2017]. These

backbone sequences often encode for core replication and transfer machinery [Sen et al., 2011,

Oliva et al., 2020, Holt et al., 2007, Orlek et al., 2017, Norberg et al., 2011] that can determine
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their host range [Norberg et al., 2011, Heuer and Smalla, 2012] as well as copy number in a

specific host [Sota et al., 2010]. Experiments in model systems and cultured organisms have

revealed the critical impact of plasmids in microbial phenotypes and survival especially for

pathogens with medical significance. Yet, our understanding of the diversity, ecology, and

genetic architecture of naturally occurring plasmids are far from complete.

Recent advances in metagenomics offer unprecedented access to the entire DNA content of

an environment without the need for cultivation [Handelsman, 2004]. In particular, metage-

nomic assembly and binning strategies have enabled the reconstruction and characterization

of microbial genomes de novo [Chen et al., 2020b], including those in the human gut [The

Human Microbiome Project Consortium, 2012] where microbes have been associated with

health and disease states [Manor et al., 2020, de Vos et al., 2022]. Metagenomic approaches

have also been applied to study plasmid content [Smalla et al., 2015], but this application

has been limited to enriching for plasmid DNA through library preparation techniques or

to surveying only a small handful of metagenomes at a time [Jones and Marchesi, 2007,

Delaney et al., 2018, Brown Kav et al., 2012, Krawczyk et al., 2018, Pellow et al., 2020,

Antipov et al., 2019]. Over the past decade, the number of publicly available metagenomes

has rapidly increased, numbering in the tens of thousands, creating an opportunity to study

plasmids at an unprecedented scale in complex ecosystems.

Comprehensive insights into plasmid ecology and evolution require effective computa-

tional strategies for de novo identification of plasmids, which remains a challenge [Hou et al.,

2021]. Several computational strategies have been developed to identify plasmids in sequence

collections [Arredondo-Alonso et al., 2017, Orlek et al., 2017, Andreopoulos et al., 2022].

Many of these approaches rely on k-mer patterns learned from reference plasmid sequences

[Zhou and Xu, 2010, Krawczyk et al., 2018, Pellow et al., 2020], exploit known functions

such as replication or conjugation genes [Carattoli et al., 2014b, Robertson and Nash, 2018,

Garcillán-Barcia et al., 2009], or use a combination of these features [Andreopoulos et al.,
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2022]. While these features can help identify plasmids similar to those in public databases,

they are of limited utility to recognize novel plasmids. Other approaches focus on circularity

of sequences during (meta)genomic assembly [Antipov et al., 2019, Rozov et al., 2017, Pellow

et al., 2021]; however, this strategy overlooks plasmids that are linear, integrated, or found

as assembly fragments, and may confuse other types of circular mobile elements for plasmids.

Here, we present (1) a machine learning approach to identify plasmids in complex micro-

bial ecosystems, (2) and a novel algorithm to gain insights into plasmid evolution at scale.

Specifically, we identify a collection of 68,350 non-redundant plasmids in the human gut mi-

crobiome that were more genetically diverse than reference plasmids and substantially more

prevalent across global human populations. Using a novel network partitioning algorithm,

we organize this large-scale sequence collection into ‘plasmid systems’ based on shared back-

bone sequences, and demonstrate that plasmid systems provide a framework for studying

the selection of plasmids by environmental pressures.

2.4 Results

2.4.1 A plasmid classification system based on de novo gene families

To enable a systematic study of plasmid sequences for machine learning, we compiled a

reference set of 16,827 plasmids and 14,367 chromosomal sequences from public databases

(Figure 2.1A, Table 2.1). In these sequences, we identified 51.2 million open reading frames

and annotated them with functions defined in the Cluster of Orthologous Genes (COG)

[Galperin et al., 2015] and Pfam [El-Gebali et al., 2019] databases. We also used MMseqs2

[Steinegger and Söding, 2017] to organize genes de novo into 2,322,750 gene families and

removed those that contained only one gene. The remaining 1,090,132 de novo families

enabled a more comprehensive analysis by accounting for 95% of all plasmid genes (Figures

2.1B and 2.2A). Using de novo gene families also substantially increased our ability to identify
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genes that were enriched in plasmids, independently of available gene function databases

(Figures 2.2B and 2.2C).

We used this reference database to train a machine learning model, PlasX, that distin-

guishes between plasmids and chromosomes based on genetic architecture (Figure 2.1C).

PlasX is a logistic regression, which assigns a positive or negative coefficient to gene families

that are likely to originate from sequences that are of plasmid or non-plasmid origin. The

coefficients of gene families within a sequence are summed to calculate a prediction score,

ranging from 0 to 1, where a score of >0.5 designates that a sequence is more likely to be a

plasmid than not. To improve performance, PlasX uses a technique called elastic net regu-

larization, which identifies gene families with redundant or noisy signals and then minimizes

the usage of these families by setting their coefficients equal or close to zero. Consequently,

only a non-redundant and informative set of gene families can impact predictions by having

coefficients far from zero (Figure 2.2D). For training and evaluating PlasX, we used 10kb

slices of the reference sequences, to normalize for the fact that chromosomes are generally

much longer than plasmids and to improve downstream application of PlasX on sequence

collections that may contain a large number of fragmented sequences, such as assembled

metagenomes.

Benchmarking the efficacy of a plasmid prediction algorithm is a non-trivial task. Evalu-

ating an algorithm’s performance on sequences that are similar to those used during training,

or comparing it to older approaches that were trained on a much smaller number of sequences

are common pitfalls that inflate accuracy estimates. Here we implemented a more realistic

evaluation framework to compare PlasX to three state-of-the-art algorithms, PlasClass [Pel-

low et al., 2020], PPR-Meta [Fang et al., 2019], and Platon [Schwengers et al., 2020]. We

first evaluated performance in 4-fold cross-validation, using a ‘naive’ randomized splitting of

sequences into training and test data (Figure 2.2E). PlasX achieved nearly perfect accuracy,

with the highest area under the precision-recall curve (AUCPR=0.99) compared to all other
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methods (Figure 2.2F). While naive splitting is a common evaluation technique, it is not

a fair strategy as it can separate very similar sequences into training and test data, espe-

cially given the redundancy of sequences in public databases, and thus inflate the accuracy

of classification. As a more accurate benchmark, we (1) designed an ‘informed’ split by

first clustering plasmid and chromosomal sequences into subtypes and then keeping all se-

quences in the same subtype together in either the training or test data to better evaluate the

ability of recognizing novel sequences and (2) assigned normalized weights to sequences to

prevent well-studied plasmids from influencing the prediction ability disproportionately (see

Methods). This advanced benchmark revealed a greater performance divide between PlasX

(weighted AUCPR=0.70) and all other methods, with the next best method performing

substantially worse (Platon, weighted AUCPR=0.23) (Figure 2.1D).

Plasmids can be difficult to distinguish from other mobile or integrated genetic elements

because they share common features, including being extrachromosomal [Wozniak and Wal-

dor, 2010, Antipov et al., 2019], facilitating horizontal gene transfer [Wang et al., 2016,

Cuecas et al., 2017], or encoding traditional core functions like replication and mobilization

[Robertson and Nash, 2018, Garcillán-Barcia et al., 2011]. To determine PlasX’s ability to

distinguish plasmids from other mobile genetic elements, we ran PlasX on all ICE sequences

from the ICEberg database [Liu et al., 2019] (n=552) and all prophage sequences from the

NCBI viral database (n=445). PlasX correctly classified 92.2% of ICEs as not plasmids,

and 93.2% of NCBI viral database as not plasmids (Table 2.9 and 2.10). Platon could also

distinguish prophages from plasmids (99.6% accuracy), but its classification accuracy was

much lower compared than PlasX’s for ICEs, as Platon classified 37.1% of ICEs as plasmids.

Next, we ran PlasX on 21,012 plasmids that were added to PLSDB after we had already

trained the model. PlasX performed very well, identifying 81.5% (17,128) of these sequences

as plasmids (Table 2.11). Finally, we evaluated the performance of PlasX and other meth-

ods on a novel and recently characterized plasmid of Wolbachia, pWCP [Reveillaud et al.,
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2019]. Since pWCP was not present in the training data for any of the plasmid prediction

tools, it provided a unique opportunity to investigate whether this plasmid, which remained

elusive until recently, could have been discovered through a de novo plasmid survey. PlasX

was able to predict pWCP as a plasmid (score = 0.73), while all other methods, PlasClass

[Pellow et al., 2020], PPR-Meta [Fang et al., 2019], Platon [Schwengers et al., 2020] and

Deeplasmid [Andreopoulos et al., 2022], were unable to classify it as a plasmid, either label-

ing it incorrectly as a chromosome or reporting high uncertainty in their prediction (Table

2.8). Overall, these results suggest that PlasX, with its reliance on gene families rather than

strictly defined sequence features, is unique in its ability to predict novel plasmids that are

not present in existing databases with high accuracy.

PlasX’s accuracy suggests it has learned insights into defining a “plasmid”. To broaden

our understanding of a plasmid, we used PlasX’s coefficients to rank gene families by their

importance in de novo identification of plasmids (Table 2.7). Among the 200 most important

gene families, 19 were COGs and Pfams whose functional descriptions can be immediately

recognized as being plasmid-associated because they contain keywords such as “plasmid”,

“replication”, or “conjugation” (Figure 2.1E). However, another 9 COGs and Pfams did not

have such a recognizable description. For example, a family of lipoproteins (PF05714) has

been studied for conferring virulence in a few plasmids [Sukupolvi and O’Connor, 1990, Nor-

ris et al., 1992], but it is not generally thought of as a common plasmid function. Nonetheless,

this family had the 17th highest coefficient of 1.678, consistent with its enrichment in 168

plasmids (36 plasmid subtypes) but only 2 chromosomes. While these results show that

coefficients provide an approximate guide to understanding PlasX’s logic, we caution that

interpreting each coefficient by itself can be complicated as PlasX often sums up the coeffi-

cients of several families in a sequence to make a prediction. Further curation is necessary

to understand which high-coefficient families are truly characteristic of plasmids.

De novo families also provided two types of novel insights about plasmids. One insight is
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that 56.1% of de novo families can be thought as ‘subfamilies’ that group together a subset

of genes within a COG or Pfam. As many COGs and Pfams contain both plasmid and chro-

mosomal genes, these subfamilies can provide a deeper resolution of the bacterial gene pool

by delineating plasmid- or chromosome-evolved lineages. For example, the Pfam PF10609 is

a broad family of genes related to parA, a gene that drives the partitioning of chromosomes

[Jalal and Le, 2020] and plasmids [Bouet and Funnell, 2019] during cell division. As this

family is found on 35% of plasmids and 95% of chromosomes, it alone is not informative for

identifying plasmids and thus has a coefficient close to zero (-0.023). However, PF10609 can

be further dissected into plasmid-specific subfamilies, such as mmseqs_5_1535552 (coeffi-

cient +0.455), and chromosome-specific subfamilies, such as mmseqs_70_40217271 (coeffi-

cient -0.198), which become informative for PlasX to distinguish plasmids from chromosomes.

Indeed, the maximum likelihood phylogenetic tree that relates the genes in these two sub-

families show a divergence of plasmids and chromosomes into monophyletic groups (Figure

2.1F), which is also reflected in their sequence alignment (Figure 2.1G). The second insight

is that 35.5% (398,174) of de novo families have no overlap with any COG or Pfam. Many

of these families have highly positive coefficients (e.g. 12,076 families have coefficients >0.1)

that make a sequence appear substantially more like a plasmid and thus could represent

fundamental but unexplored plasmid functions.
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Figure 2.1: A machine learning model for classifying plasmids. (A) Our pangenomics work-
flow to characterize gene functions in a reference set of plasmids and chromosomes. (B)
The fraction of all plasmids or all chromosomal genes that are annotated by using known
families (blue), de novo families (orange), or a combination of both (green). (C) Training
of PlasX. Reference sequences are sliced into 10kb windows and then prediction scores are
made by a logistic regression that sums the contributions of gene families within a sequence.
(D) Precision-recall curves comparing PlasX, Platon, PlasClass, and PPR-Meta. Except
for PPR-Meta, every method was trained and evaluated using 4-fold cross-validation and
an informed split. AUCPR was calculated using sequence weights for normalization. The
arrows indicate the performance of PlasX using a score threshold of either >0.5 or >0.9.
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Figure 2.1 continued: (E) The 200 gene families with the highest PlasX coefficients and
thus most important for identifying plasmids. Gene families are ranked by their coefficient.
(F) Maximum-likelihood phylogenetic tree of genes that are in PF10609 and also in either
the plasmid-specific de novo subfamily mmseqs_5_1535552 (red) or chromosome-specific de
novo subfamily mmseqs_70_40217271 (blue). (G) Sequence alignment of 10 representative
genes from each subfamily (arrows in F)

Figure 2.2: Additional analysis of PlasX. (A) Histograms of reference sequences, based on
the fraction of genes that have known or de novo family annotations. (B-C) Two-dimensional
histograms of known (B) and de novo (C) gene families, based on the number of plasmid
and chromosomal subtypes that each family is found in. The number of gene families is
log-scaled. Only the gene families that are enriched in plasmid subtypes (i.e. bottom-right
triangle) are shown. (D) Histograms of the coefficients learned by PlasX, showing that the
vast majority of coefficients are close to zero. (E) Diagrams of different training-test split
configurations for cross-validation. A random ’naive’ split of plasmids and chromosomal
sequences results in training and test sets that have similar sequences, due to the existence
of plasmid and chromosomal subtypes that contain highly similar sequences. An ’informed’
split assigns all sequences of the same subtype to either training or test, creating a more
representative evaluation of a model’s ability to generalize to unseen sequences. Colors and
edges represent sequences that are in the same subtype. (F) Precision-recall curves using
4-fold cross-validation and a naive split.
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2.4.2 PlasX unveils a large database of new plasmids from the human gut

microbiome

Having verified PlasX’s ability to identify plasmid sequences, we applied it to survey

naturally occurring plasmids in the human gut microbiome, an environment which harbors a

diverse range of microbes and mobile genetic elements [Carr et al., 2021]. We assembled 36

million contigs from 1,782 human gut metagenomes, spanning culturally and geographically

distinct human populations (Table 2.2). Running PlasX on these data resulted in a total

of 226,194 predicted plasmids with a model score above 0.5 (Figures 2.3A and 2.4A, Table

2.3). Our predictions spanned a wide range of lengths, including 135 sequences that were

longer than 100 kbp, but they were generally shorter than reference plasmids with a median

length of 2.6 kbp versus 53.3 kbp, respectively (Figure 2.4B). This discrepancy can be partly

explained by fragmentation during metagenomic assembly, as the median length of the entire

set of contigs was 2.1 kbp, and only 50,310 (0.14%) contigs were longer than 100 kbp. To

minimize this issue, we removed predictions that were likely assembly fragments because

they were subsequences of other predictions in our collection and also did not appear to

be circular elements themselves. This filter retained 100,719 predictions for downstream

analyses (see Methods, Figure 2.5). While PlasX identifies contigs that are likely plasmids

or plasmid fragments, throughout this manuscript we refer to these predicted sequences

shortly as ’plasmids’ for practical reasons.
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Figure 2.3: Plasmid prediction from metagenomes. (A) Number of plasmids predicted from
each country. (B) Diagram of paired-end reads mapping to a linear versus a circular con-
tig. Linear contigs have forward-reverse reads only, while circular contigs also have reverse-
forward reads concentrated on the ends due to an artifact in contig assembly. (C) Orthogonal
support for and novelty of the 100,719 non-fragment predictions.

21



Figure 2.4: Additional analysis of predicted plasmids. (A) Model scores of all contigs as-
sembled from all 1,782 metagenomes. 226,194 plasmids were predicted by applying a score
threshold of >0.5. Of these, 50,163 plasmids were high-scoring (greater than 0.9 score). (B)
The sequence length of known and predicted plasmids. (C) Model scores of predicted plas-
mids that matched a sequence in NCBI (greater than 90% alignment identity and greater
than 90% coverage of the predicted plasmid). Predictions are labeled as a known ’plas-
mid’, ’virus’, or ’chromosome’ based on the presence of these words in the description of
the matching NCBI sequence. We searched NCBI for only the filtered set of 100,719 non-
fragment predictions. (D) The prevalence of reference and predicted plasmids across all
metagenomes. (E) We calculated a “circularity coverage ratio” as the number of supporting
reverse-forward reads divided by the average coverage of a contig. All circular contigs are
shown, and they are colored if they were predicted by PlasX as plasmids (orange) or not
plasmids (blue). 22



To determine the circularity of predicted plasmids, we analyzed the orientation of paired-

end reads recruited from metagenomes. This is a powerful strategy because if a contig oc-

curred as a circular element in the environment, then matching reads from the same pair

would be recruited to opposite ends of the contig in a ‘reverse-forward’ orientation, instead

of the typical ‘forward-reverse’ orientation (Figure 2.3B). With this approach we found that

19,652 plasmid sequences were circular, and we designated them as high-confidence plas-

mids for downstream analyses. These circular plasmids spanned a range of sizes, with a

median length of 4.4 kbp and 854/378/47 plasmids longer than 25/50/100 kbp. An addi-

tional 14,151 sequences were not circular themselves but were highly similar to a circular

sequence. Together, these two types of sequences defined a set of ‘circular-associated’ se-

quences representing 33.6% (33,803/100,719) of predictions. Multiple factors can explain

the lack of signal for circularity for the remaining plasmids, including insufficient sequencing

depth to observe reverse-forward pairs, fragmented contigs, or the non-circular nature of

some plasmids that occur linearly [Meinhardt et al., 1997] or are integrated in a chromosome

[Kazlauskas et al., 2019]. There were 154,680 contigs that were not predicted to be plas-

mids but still appeared circular; however, these contigs tended to have a smaller number of

supporting reverse-forward reads relative to their coverage (Figure 2.4E), which may indi-

cate that they are other types of mobile elements such as viruses or ICEs that temporarily

circularize.

Beyond circularity, confirming in silico whether a novel sequence represents a plasmid

is a significant challenge. In the absence of single-copy core genes that have been vital to

assess the completeness of non-plasmid and non-viral genomes assembled from metagenomes

[Chen et al., 2020b], our understanding of the canonical features of plasmids is limited to a

relatively small set of well-studied genes that are primarily derived from plasmids of model

organisms in culture [Carattoli et al., 2014c, Robertson and Nash, 2018]. For instance,

MOB-suite [Robertson and Nash, 2018] identified canonical features for plasmid replication
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and conjugation in only 16.3% of the 16,827 PLSDB reference plasmid sequences used to

train PlasX. This relatively small percentage reveals the limits of conventional approaches to

identify plasmid features and thus foreshadows their limited utility to survey novel plasmids.

Indeed, MOB-suite identified canonical features in only 10.1% of our predictions. Given this

narrow sensitivity, we developed orthogonal data-driven strategies to increase confidence in

our predictions.

For the remaining 89.8% (90,446/100,719) of predicted plasmid sequences in which MOB-

suite did not find any canonical plasmid features, we performed several types of analyses to

assess how many are true plasmids or novel sequences (Figure 2.3C). We found that 24.5%

(24,689) of predictions were circular-associated sequences. 26.7% (26,921) were ‘keyword-

recognizable’, as they contained a COG or Pfam function with the words ‘plasmid’ or ‘conju-

gation’. And finally, 4.0% (3,996) were highly similar to a known plasmid sequence in NCBI,

while 64.7% (65,117) were novel sequences with no hits to any sequence in NCBI. As these

different subsets of plasmids are partially overlapping, we took their union to find that 49.4%

(49,739) of predictions had some orthogonal support for being a plasmid, by MOB-suite or

any of the first three types of analyses, and 28.5% (28,658) had such support and were novel

(Table 2.3). Overall, these findings suggest that our collection of predicted plasmids include

not only sequences that match known plasmids, facilitating the study of their diversity and

gene pool in natural habitats, but also novel sequences that can further advance plasmid

biology.

We further investigated the subset of predictions that were highly similar to a sequence

in NCBI and categorized matches as either known plasmids (26.9%), chromosomes (21.3%),

viruses (0.6%), or an unclear type of sequence (51.2%). A total of 189 predictions matched a

known virus. Of these, 110 were recognized as plasmids by MOB-suite or keywords but also

contained virus-related COG or Pfam functions, as indicated by the keywords ’virus’, ’viral’,

and ’phage’. These predictions carry both plasmid and viral features, a phenomenon that has
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previously been reported [Chen et al., 2012, Oliva et al., 2012, Dokland, 2019, Pfeifer et al.,

2021]. Surprisingly, 808 predictions that matched a known chromosome were also circular-

associated and recognized by MOB-suite or plasmid keywords. One explanation of these data

is that these plasmids can switch between an extrachromosomal or a chromosome-integrated

state.

While we have identified plasmids based on a score of >0.5, a stricter threshold could

be used to filter for more confident predictions. For example, we identified a subset of

24,614 predictions with a score of >0.9. These high-scoring predictions were more likely to

match known plasmids and less likely to match known chromosomes in NCBI, compared with

predictions with a lower score between 0.5 and 0.9 (Figure 2.4C). High-scoring predictions

also tended to be longer and enriched for circular sequences (Figure 2.6), suggesting that

they are less likely to be assembly fragments. Nonetheless, a stricter threshold comes with an

inevitable cost of not only removing noise but also bona fide plasmids. This tradeoff is most

visible in cross-validation, where a threshold of >0.5 lies at an inflection point in the precision-

recall curve of Figure 2.1D (with a precision of 0.850 and recall of 0.500). While applying

a stricter threshold of >0.9 would provide a modest increase of 13% in precision (to 0.920),

it would substantially decrease recall by 44% (to 0.280). As our understanding of plasmid

diversity in metagenomes is greatly underdeveloped, we decided that a threshold of >0.5

provides a reasonable balance between precision and recall, such that the resulting predictions

still contain potentially many novel plasmids to advance the field. A good example for this

is the long-missed Wolbachia plasmid [Reveillaud et al., 2019], which has a score of 0.73.

Furthermore, we found that 31.6% (31,847/100,719) of plasmids with lower prediction scores

(between 0.5 and 0.9) had orthogonal support for being plasmids (Table 2.3).
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Figure 2.5: Workflow of predicting plasmids with PlasX and organizing them with MobMess.
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Figure 2.6: Relation between PlasX score and the length and circularity of predicted plas-
mids. (A-B) The distribution of plasmid lengths, for plasmids with a score of less than 0.9
(A) or >0.9 (B). (C-D) The distribution of PlasX scores for circular (C) or non-circular
plasmids (D).

2.4.3 Plasmids predicted from metagenomes are found in isolate genomes

and can transfer between microbial populations

To experimentally validate our metagenome-derived predictions as true plasmids of the

human gut, we developed a pipeline for identifying predictions that are (1) present in human

gut microbial isolates, (2) are circular in those isolates, and (3) can be naturally transferred

to other microbes. First, we detected 127 of our predicted plasmids in 14 Bacteroides isolate

genomes that we sequenced in a previous study [Vineis et al., 2016] (Figure 2.7A). Short-

read sequencing of two of these isolates suggested that the predicted plasmids pFIJ0137_1

and pENG0187_1 were circular based on paired-end orientation (Figure 2.3C). We further

confirmed their circularity using long-read sequencing. Following a previously described

approach [Reveillaud et al., 2019], we identified and manually confirmed 500 long reads that

align completely to a plasmid but not to the host chromosome (Figures 2.7A and 2.8). Some
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of these long reads align across the artificial contig breakpoint, indicating these plasmids are

extrachromosomal and circular (see Methods).
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Figure 2.7: Experimental validation of plasmid predictions. (A) We recruited reads from
the sequenced genomes of 14 Bacteroides isolates to determine which isolates contain our
predicted plasmids. We further confirmed the presence and circularity of a predicted plasmid
(pFIJ1037_1) in the isolate B. fragilis 214 by long read sequencing. Gray circles represent 7
(of 500) long reads that align to pFIJ0137_1. Red triangles designate the beginning of a long
read. (B) Transfer of pFIJ1037_1 from B. fragilis 214 to B. fragilis 638R via conjugation
and selection on erythromycin- and rifampicin-containing media. (C) Coverage plots showing
read recruitment of B. fragilis whole-genome sequencing reads to the pFIJ1037_1 reference
sequence, confirming transfer of pFIJ1037_1. Gray are forward-reverse reads, while blue are
reverse-forward reads that indicate the circularity of pFIJ1037_1.
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Finally, we tested the ability of pFIJ0137_1 to transfer between its host, B. fragilis 214

(one of 14 isolates from [Vineis et al., 2016]) to a well-known laboratory strain, B. fragilis

638R. We designed an experimental setup that takes advantage of the naturally encoded

erythromycin resistance (ermR) on pFIJ0137_1 and the rifampicin resistance (rifR) of B.

fragilis 638R. Specifically, we first mated isolates in the absence of antibiotics, and then

selected for transconjugants on media containing both antibiotics (Figure 2.7B). While this

plasmid lacks conjugation machinery, it contains two relaxases (blue genes in Figure 2.7A)

and thus could be mobilized by different conjugative apparatus in the host cell. Through

short-read sequencing of the donor, recipient, and resulting transconjugants, and by em-

ploying a read recruitment analysis, we confirmed that pFIJ0137_1 transferred from B.

fragilis 214 to B. fragilis 638R (Figure 2.7C). This analysis also confirmed the circularity

of pFIJ0137_1 in B. fragilis 214 and both B. fragilis 638R transconjugants. Besides a

68bp deletion, pFIJ0137_1 in B. fragilis 214 (isolated in Chicago, USA) was identical to

the pFIJ0137_1 version assembled from a Fijian metagenome, suggesting a relatively recent

transfer of this plasmid between unrelated human populations. These experimental results

show that while PlasX identifies plasmids solely based on genetic architecture, it is capable

of predicting plasmids that have canonical features of being extrachromosomal, circular, or

transmissible between cells.

2.4.4 Novel plasmids are highly prevalent, reflect human biogeography, and

unexplained by microbial taxonomy

Next, we sought to characterize the ecology of plasmids across human populations through

metagenomic read recruitment. For this task, we first dereplicated the entire collection of

reference and predicted plasmid sequences, where we assumed that any pair of plasmid

sequences was redundant if at least 90% of either sequence aligned to the other with over

90% sequence identity. This analysis found 68,350 and 11,121 non-redundant sequences in
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Figure 2.8: Long read circularity. (A) The process to identify circular plasmids using long
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Figure 2.8 continued: read sequences. Contigs are always assembled as linear sequences even
when originally circular in the environment. We can determine their original configuration
by aligning long reads around the entire sequence. (B) B. fragilis 216 long reads aligned
to pENG0187_1, demonstrating circularity. 4 of 500 reads are shown for simplicity. Red
triangles designate the beginning of a long read.

the set of 226,194 predicted and 16,827 reference plasmids, respectively. Then, we used the

non-redundant sets of plasmids to recruit reads from the 1,782 globally distributed human

gut metagenomes. We labeled a plasmid as present in a metagenome if its ‘detection’ was

greater than 0.95, where detection is the fraction of the sequence covered by at least one

read (see Methods).

Our read recruitment analysis revealed that predicted plasmids were much more prevalent

across human populations than reference plasmids. For instance, only 1.9% (211) of refer-

ence plasmids were present in at least two individuals in our dataset, suggesting the limited

ecological relevance of reference plasmids to naturally occurring gut microbial communities.

Indeed, many reference plasmids were isolated from a relatively small number of pathogens,

such as Escherichia coli, Salmonella enterica, Pseudomonas aeruginosa, Klebsiella pneumo-

niae, and Vibrio cholerae, which are unlikely to be abundant in healthy humans. In contrast,

63.1% (43,114) of the predicted plasmids were present in at least two individuals (Figure

2.4D). Moreover, of the most highly prevalent plasmids found in greater than 100 individu-

als, 99.7% (5,400/5,414) were predicted plasmids while only 0.3% (14/5,414) were reference

plasmids.

The prevalence of predicted plasmids suggests that they capture the biogeography and

lifestyles of human populations more effectively than reference plasmids. To confirm this, we

performed agglomerative clustering to construct a dendrogram that organizes metagenomes

based on their plasmid content. Using reference plasmids for this clustering, we found that

only 50.2% of metagenomes were arranged next to another metagenome from the same

country (Figure 2.9A). In contrast, using predicted plasmids (Figure 2.9B) resulted in 74.0%

of metagenomes arranged that way. We also organized metagenomes using a dimension-
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ality reduction of predicted plasmids. This analysis shows that industrialized versus non-

industrialized metagenomes can be distinguished solely by their plasmid content (Figure

2.9C). Dimensionality reduction also showed country-specific clustering (Figure 2.10).
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Figure 2.9: Global plasmid ecology. (A) Read recruitment of human gut metagenomes to
11,121 non-redundant reference plasmids. The heatmap shows the 338 plasmids that are
present in at least one metagenome (greater than 0.95 detection). (B) Read recruitment
to 68,350 non-redundant predicted plasmids. The heatmap shows the 1,000 most prevalent
plasmids that are present in at least one metagenome and have PlasX score greater than
0.75. In A and B, column colors indicate country of origin and lifestyle (industrialized or
non-industrialized). (C) Clustering of metagenomes based on the predicted plasmids that
are present, using the UMAP dimensionality reduction method(McInnes, Healy, and Melville
2018). Metagenomes from industrialized or non-industrialized populations are colored red
or blue, respectively.
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Figure 2.10: UMAP plots separated by country. Metagenomes have been partitioned to
show clustering within each country
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These results have parallels with previous studies that found associations between gut

microbiota, as characterized by microbial taxonomy, and the geography and lifestyles of

human populations [Monaghan et al., 2020, Mancabelli et al., 2017, Pasolli et al., 2019,

Yatsunenko et al., 2012]. As geography is correlated to both plasmids and taxonomy, we

wondered how many of our 68,350 plasmids are ecologically associated with and therefore

explained by taxonomy. On one hand, such associations may be strong because plasmids are

symbionts that rely on host machinery for replication and can have a narrow host range. On

the other hand, such associations may be weak or nonexistent for two reasons. Some plasmids

are known to have a range of multiple hosts [Klümper et al., 2015, Kohler et al., 2018, Bishé

et al., 2019], which might not be neatly defined by a single species or even higher taxonomic

category such as genus or phylum. Additionally, plasmids are often nonessential elements

that can be gained or lost, such that nearly identical microbes can differ by the presence or

absence of a plasmid or in the number of plasmid copies. Here, we systematically examined

the ecological associations between plasmids and taxonomy to determine if plasmids comprise

an independent component of microbial systems.

For every plasmid, we inferred its most likely host as the taxonomic group that had the

most similar ecological distribution (see Methods). We surveyed taxonomic groups across

all levels, from subspecies and species to class and phyla. We used two different formulas to

calculate the ecological similarity between a plasmid and potential host: (1) the correlation

in the abundance levels of the plasmid and host across metagenomes, and (2) how often the

plasmid and host are found together in the same metagenome. Although some predicted

plasmids had a high ecological similarity with their best matching taxonomic group, the vast

majority of predicted plasmids had low similarity scores (median correlation = 0.04, median

Jaccard = 0.21) (Figures 2.11A and 2.11B). We also observed low similarity scores even for

reference plasmids that are isolated from a defined microbial host (Figures 2.11C and 2.11D).

For example, the plasmid pDOJH10S and its cognate host, Bifidobacterium longum, were
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present together in 10 metagenomes; however, 27 and 69 metagenomes contained only the

plasmid or only the host, respectively (Figure 2.11E).
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Figure 2.11: Comparison of the ecological distributions of plasmids and microbial taxonomy.
We measured the association between every plasmid and taxon by calculating the correlation
between their abundance levels across metagenomes, using the SparCC technique(Friedman
and Alm 2012). As another association measure, we applied thresholds to the abundance
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Figure 2.11 continued: levels and then calculated the Jaccard similarity between the
metagenomes containing the plasmid versus those containing the taxon. We restricted anal-
yses to plasmids that were present in at least 5 metagenomes. (A-B) For every predicted
plasmid, we identified the taxon with the highest correlation (A) or Jaccard similarity (B).
(C-D) We did the same to identify the best matching taxa of reference plasmids. Blue lines
indicate the median of each distribution. (E) Venn diagram showing the discordance between
the metagenomes containing a plasmid pDOJH10S and those containing its cognate host, a
B. longum strain.

Overall, our findings suggest that plasmids are a highly complex and prevalent feature

of microbiomes (Figures 2.9A, 2.9B, and 2.4D), forming an ecological dimension that can

stratify human populations (Figures 2.9C and 2.10). With current methods of analysis, this

stratification cannot be explained by microbial taxonomy alone (Figure 2.11). While high-

throughput analyses of human gut microbiomes often focus on taxonomic features, it has

been challenging to find significant or reproducible taxonomic associations that distinguish

health and disease states(Lloyd-Price et al. 2019; Schloss 2018). As plasmids often carry key

determinants for survival in an environment, we propose that systematic analysis of plasmid

ecology is necessary to develop a complete understanding of the human microbiome.

2.4.5 Plasmid systems organize evolutionarily related plasmids by

distinguishing backbone versus cargo content

Our large collection of predicted plasmids provides an unprecedented opportunity to

study evolutionary patterns in plasmids and the extent to which they occur ecologically.

Due to frequent genetic rearrangements, a hallmark of plasmid evolution is the reuse of a

backbone and emergence of varying cargo/accessory genes [Sen et al., 2011, Orlek et al.,

2017, Norberg et al., 2011, Fernandez-Lopez et al., 2017]. The backbone typically encodes

machinery necessary for plasmid maintenance, while the cargo represents additional genetic

content, such as antibiotic resistance or other fitness-determining functions. While back-

bones can be examined experimentally, most studies have identified them computationally.
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Nonetheless, there are four major challenges to this computational task. First, there is a

lack of consensus across studies on how to identify a plasmid backbone, with varying defini-

tions based on nucleotide identity [Fernández-López et al., 2006, Sen et al., 2011, Holt et al.,

2007], gene similarity [Norberg et al., 2011], or gene annotations [Garcillán-Barcia et al.,

2015, Carattoli et al., 2005, 2014c]. Second, these methods do not verify that an identified

backbone encodes a sufficient set of functions for plasmid replication. Third, these methods

are typically designed to analyze a small set of plasmids in a single study or dataset. Finally,

scaling methods to identify backbones in metagenomic data introduces extra complications

related to plasmid redundancy and assembly fragments that could inflate the number of

predicted backbones.

We designed a scalable algorithm called MobMess to study backbone structure in our

collection of plasmids. Compared to previous methods, MobMess has the advantage of

being able to simultaneously compare sequences without relying on gene annotations and to

handle metagenomic issues of redundancy and fragmentation (see Methods). First, MobMess

calculates pairwise alignments across all plasmids to build a sequence similarity network, in

which a directed edge represents the containment of one plasmid within another (defined by

greater than 90% sequence identity and greater than 90% coverage of the smaller plasmid)

(Figures 2.12A and 2.13). Next, MobMess recognizes and collapses redundancy between

plasmids. Finally, MobMess analyzes patterns of connectivity in the network to define and

identify ‘backbone plasmids’ that satisfy two criteria. First, the backbone plasmid must be

a circular element, inferred here by paired end orientation (Figure 2.3B), to ensure that it is

not an assembly fragment and, importantly, that the genes present are sufficient for plasmid

replication. Second, a backbone plasmid must be found as a subsequence within one or

more ‘compound plasmids’. These compound plasmids are composed of the backbone and

additional cargo, indicating the ability to acquire or lose genes. We define a backbone and

its compound plasmids as an evolutionary unit called a ‘plasmid system’ (Figure 2.12A).
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Figure 2.12: Identification of plasmid systems. (A) Network diagram of a plasmid system.
(B) Distribution of model coefficients for backbone vs. cargo genes in the non-redundant
set of 68,350 predicted plasmids. We excluded genes that lacked gene family annotations
and thus have a coefficient of zero by default. We also excluded genes that were labeled
as backbone with respect to some systems but cargo in others. (C) Network of all plasmid
systems that contain greater than 3 non-redundant and high-confidence plasmids. Only
these types of plasmids are shown. (D) Genetic architecture of plasmids in PS486, encased
by a red box
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Figure 2.12 continued: in C. Two plasmids in C are excluded. The system’s back-
bone (assembled from metagenome MON0062) encodes 5 backbone genes (colored
gray). Rib.syn.=riboflavin biosynthesis, CT=conjugative transfer, mob=mobilization,
T=toxin, AT=anti-toxin, tet=tetracycline resistance, erm=erythromycin resistance,
transp.=transposon, hist. kin.=histidine kinase.

This definition of plasmid systems enables a formal categorization of plasmids into evolu-

tionarily cohesive groups and facilitates analyses of backbone versus cargo content and their

ecology, much in the same way that pangenomes enable studies of core versus accessory gene

content in microbial genomes. However, plasmid systems are a specific case of pangenomics,

as it is unlikely to find a naturally occurring microbial genome composed only of core genes.

In contrast, backbone plasmids represent a minimal entity that can propagate using only

backbone genes. MobMess provides an automated framework and standardized vocabulary

to study this concept across different studies and datasets.
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Figure 2.13: The MobMess algorithm and application to predicted plasmids. (A) Diagram
of
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Figure 2.13 continued: the MobMess algorithm for dereplicating plasmids and discovering
plasmid systems. All-vs-all sequence alignments and circularity information are used to
construct a similarity network of plasmid contigs. Similar contigs are clustered, and every
cluster is labeled as either a backbone, fragment, compound, or non-compound maximal.
A plasmid system consists of a backbone cluster and the compound clusters connected to
the backbone. This example shows two systems: one system has G as the backbone (H is
the compound plasmid), and another system has D, E, and F as the backbone (B, C, H,
and K are the compound plasmids). To dereplicate, fragment clusters are discarded and a
representative sequence is chosen for every non-fragment cluster. (B) Network of clusters of
predicted plasmids. All clusters are shown except those that are not connected to any other
cluster.

To define containment of plasmids within each other, we found that greater than 90%

alignment identity and coverage was a natural threshold for two reasons. First, we examined

the histogram of similarities between all pairs of predicted plasmids, revealing an average nu-

cleotide identity (ANI) “valley” at around 85-90% identity (Figure 2.14A), although, similar

to viruses [Bobay and Ochman, 2018], this drop was not as emphasized as those observed in

the ANI between distinct bacterial taxa [Jain et al., 2018]. Second, we re-ran MobMess us-

ing varying thresholds. As the threshold is made stricter, plasmids gradually separated into

distinct clusters, and consequently the number of non-redundant plasmids increased (Figure

2.14B-C). This growth in non-redundant plasmids occurred at a mostly constant rate from

a threshold of 10% to 90%, but it suddenly accelerated from 90% to 100%. These results

suggest that a threshold stricter than greater than 90% (e.g. greater than 95% or greater

than 99%) would split highly similar plasmids into separate clusters.
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Figure 2.14: Choosing a similarity threshold for MobMess. (A) Histogram of similarities
between every pair of the 226,194 predicted plasmid contigs. (B) We ran MobMess using
different thresholds on the similarity, and then we calculated the number of non-redundant
plasmids generated. (C) The derivative of the curve in B. The blue dashed lines represent
our current greater than 90% similarity threshold.
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Other methods have recently been developed to cluster thousands of plasmids [Redondo-

Salvo et al., 2020, Acman et al., 2020], but unlike MobMess, they are not designed to identify

plasmid systems or analyze metagenomic data. To compare methods, we ran MobMess on

the same set of 9,894 reference plasmids analyzed by Redondo-Salvo et al [Redondo-Salvo

et al., 2020] 2020) (Figure 2.15). In their study, Redondo-Salvo et al. constructed a plasmid

similarity network with 79,727 edges. However, these edges span a wide range of similarity

levels, where 66.5% of edges represent an alignment that covers <90% of either sequence

(greater than 10% is not aligned) and 19.0% of edges have <70% alignment coverage (greater

than 30% is not aligned). In contrast, MobMess applies a stricter threshold of greater

than 90% coverage to construct a smaller but more refined set of 39,680 edges (connecting

25,270 unique pairs of plasmids). Moreover, Redondo-Salvo et al.’s edges are undirected,

while MobMess’s edges are directed to track smaller versus larger sequences. Retaining

this extra information allowed MobMess to distinguish between the 10,860 pairs (43.0%)

with unidirectional connections, representing a backbone contained in a compound plasmid,

versus the 14,410 pairs (57.0%) with bidirectional connections, representing nearly identical

plasmids.
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Figure 2.15: Conceptual differences in constructing plasmid similarity networks. We ran
MobMess on the set of 9,894 reference plasmids analyzed by Redondo-Salvo et al.(Redondo-
Salvo et al. 2020). MobMess constructs a network with directed edges, by aligning plasmids
and determining if one plasmid is found as a subsequence within another. Redondo-Salvo
et al. constructs a network with undirected edges, by determining whether two plasmids
contain partial homology. (A-B) Visualization of the similarity networks. We used Cy-
toscape(Shannon et al. 2003) and the Prefuse directed layout algorithm(Heer, Card, and
Landay 2005) to lay out the nodes in the MobMess network (A), and then we applied the
same layout to the Redondo-Salvo et al. network (B). The red boxes represent the example
shown in Figure 2.16.
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Besides network construction, these methods also diverge in how they conceptually orga-

nize plasmids. MobMess dereplicates the 9,894 plasmids into 7,132 non-redundant sequences

and then organizes them into 1,044 plasmid systems. In contrast, Redondo-Salvo et al. iden-

tified 641 clusters, or ‘PTUs’ [Redondo-Salvo et al., 2020]. We found that 135 PTUs did

correspond one-to-one to a plasmid system in MobMess, but the other PTUs spanned a wide

range of evolutionary relations. At one extreme, 251 PTUs were simple sets of nearly identi-

cal plasmids, representing recent and strong relations. At the other extreme, 45 PTUs were

complex mixtures of distinct plasmid systems, representing distant and weak relations. For

example, the largest PTU contained 2,460 plasmids, which MobMess further dissected into

1,481 non-redundant plasmids and 461 plasmid systems. Figure 2.16 demonstrates one such

plasmid system, where MobMess precisely connects the system’s backbone to its compound

plasmids in a “star”-like topology, while the approach by Redondo-Salvo et al. connects al-

most every pair of these plasmids to each other, which obfuscates the internal organization

of the plasmid system. Perhaps this is in part because the method by Redondo-Salvo et al.

and another related method by Acman et al. [Acman et al., 2020] have only been tested

on reference plasmids that have been completely assembled, while MobMess is designed to

handle metagenomic data by distinguishing between fragmented versus complete (circular)

plasmids.
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Figure 2.16: Comparison of MobMess versus Redondo-Salvo et al. for studying a plasmid
system. (A-B) An example from the similarity networks in Figure 2.15, showing the con-
nections between 17 plasmids from the same plasmid system. MobMess further collapses its
network to dereplicate plasmids and reveal the plasmid systems’s “star”-like topology, where a
backbone connects to its compound plasmids. Redondo-Salvo et al. did recognize that these
plasmids are related (represented by a cluster called “G3”), but they connected almost every
pair of these plasmids in a “hairball” topology, obfuscating the system’s internal organiza-
tion. (C) Alignments of plasmids in the MobMess system. Subregions in every sequence are
colored gray or green to represent backbone or cargo content, respectively. Ribbons between
sequences represent the alignment of subregions. The barcharts show the total breakdown
of each plasmid into backbone versus cargo, as well as the fraction of the backbone sequence
(‘NC_008385.1’) that is found within the plasmid.
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2.4.6 MobMess identifies 1,169 plasmid systems with conserved backbones

and a wide repertoire of cargo functions

We ran MobMess on our predicted plasmids and identified a total of 1,169 plasmid sys-

tems, naming them PS1 (plasmid system #1) to PS1169. While plasmid systems cap-

tured a small fraction of the genetic diversity among non-redundant plasmids (6.5%, or

4,424/68,350), they captured a large fraction of all circular plasmid contigs (72.7%, or

14,285/19,652) (see Methods, Table 2.4). Plasmids that were part of a system tended to

be longer and were more likely to be circular than plasmids that were not part of any system

(Table 2.12). The requirement to be included in a plasmid system is that the sequence must

not only be predicted as a plasmid (with score >0.5), but that there must also be at least one

other predicted plasmid that shares the same backbone. Thus, while we previously applied

a loose score threshold of >0.5 instead of >0.9 to identify plasmids, MobMess provides an

independent de novo filter for plasmids with higher confidence. Indeed, we found that 16,663

plasmids with scores between 0.5 and 0.9 are part of a system.

Plasmid systems were highly heterogeneous in their genetic complexity. 37 plasmid sys-

tems contained sequences that could be classified among 7 different plasmid incompatibility

types (Inc11, Inc18, IncFIB, IncFIC, IncI-gamma/K1, IncK2/Z, IncW) (Table 2.4). 602

plasmid systems contained at least 2 non-redundant compound plasmids, with the largest

system containing 168 non-redundant compound plasmids (Figure 2.12C). For example,

pFIJ1037_1, the plasmid we isolated and transferred between B. fragilis organisms, was

part of PS486, a system containing 24 non-redundant plasmids and found across a total of

127 metagenomes. PS486’s backbone consists of a replication protein and a toxin-antitoxin

system, and the cargo genes include beta-lactamases, erythromycin resistance, tetracycline

resistance and riboflavin biosynthesis (Figure 2.12D, Table 2.5). To understand how much

genetic content is typically conserved or variable in a plasmid system, we calculated the

percentage of genes on compound plasmids that were backbone genes versus cargo genes
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(see Methods). Plasmid systems spanned a wide range of cargo gene percentages between

0% and 100%, with a median value of 40% (Figure 2.17). Conversely, the median backbone

percentage was 60%. PlasX often assigned higher model coefficients to backbone genes in

the non-redundant set of predicted plasmids, suggesting these genes define the ‘essence’ of

a plasmid by encoding essential functions that promote the ability of a plasmid to exist as

a distinct element from the chromosome, such as the genes for plasmid replication, repA

(PF01051), and mobilization, mobA (PF03432) (Figure 2.12B). In contrast, PlasX assigned

lower coefficients to cargo genes, suggesting they encode functions that are not universally

essential but important for specific niches, such as nitrogen reductase, nifH (PF00142), and

membrane transport, ompA (PF00691). Indeed, 24.1% (2,169/8,995) of backbone genes ver-

sus 13.4% (3,229/24,168) of cargo genes encoded COG and Pfam functions with descriptions

related to plasmid replication, transfer, and maintenance (see Methods).

Figure 2.17: Backbone and cargo composition of plasmid systems. (A) For every plasmid
system and compound plasmid in the system, we calculated the percentage of genes on the
compound plasmid that were classified as cargo versus backbone genes (see Methods). We
then averaged the cargo gene percentages across all compound plasmids in the system (x-
axis). The vertical blue line shows the median at 40%. (B) Scatterplot of the cargo gene
percentage versus the size of a plasmid system, showing a lack of correlation (R2 = 0.03).
We defined the size as the number of non-redundant compound plasmids.
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The most frequent type of function encoded on cargo genes was antibiotic resistance,

including efflux pumps, which can provide general resistance to multiple antibiotics, and

genes targeting specific classes of antibiotics, such as glycopeptides and beta-lactams (Figure

2.18A). This large-scale observation is consistent with numerous examples of known plasmids

encoding resistance and further illustrates how the widespread presence of these plasmids

pose a public health threat [Vrancianu et al., 2020, MacLean and San Millan, 2019, World

Health Organization, 2018, Centers for Disease Control and Prevention, 2021].
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Figure 2.18: Functional and ecological variation of plasmid systems. (A-B) The number of
(C) Prevalence of plasmid systems versus the individual plasmids in those systems.
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Figure 2.18 continued: (D) Distribution of plasmid systems based on the number of indus-
trialized and non-industrialized countries they are found in. (E) Recoloring of the network
of plasmid systems shown in Figure 2.12C. Colors indicate whether a plasmid occurred in
only industrialized, only non-industrialized, or both types of countries. A green ring indi-
cates a plasmid encoding antibiotic resistance. (F) Compound plasmids from PS974 that
encode for resistance to chloramphenicol (chlor), tetracycline (tet), or erythromycin (erm).
6/9 plasmids are circular. Dark gray genes are the backbone; light gray are cargo not related
to antibiotic resistance. AGAT=aminoglycoside adenylyltransferase. OD=Oxaloacetate de-
carboxylase. PS974 is found in 22 Fijian and 1,408 non-Fijian metagenomes. The pictogram
on the right-hand side represents these metagenomes using two shapes: circles (Fijian) and
triangles (non-Fijian). For each plasmid, circles are colored blue to represent the proportion
of the 22 Fijian-metagenomes that contain the plasmid. Similarly, triangles are colored red
to represent the proportion of the 1,408 metagenomes that contain the plasmid.

Other highly prevalent cargo functions included a wide diversity of cellular and metabolic

pathways defined in the COG (Figure 2.18B) and KEGG databases (Figure 2.19). The

most enriched among these was tRNA modification, encoded in 35 compound plasmids

within different systems. For example, the globally prevalent system PS1110 (present in

739 metagenomes) contained 291 compound plasmids (27 non-redundant), three of which

encoded an enzyme that performs tRNA Gm18 2’-O-methylation (COG0566) and were col-

lectively present in 498 metagenomes (Figure 2.20, Table 2.5). This enzyme is thought to

reduce the immuno-stimulatory nature of bacterial tRNA, which is detected by Toll-like

receptors (TLR7) of the mammalian innate immune system [Gehrig et al., 2012, Galvanin

et al., 2020]. While plasmids in some pathogens are known to facilitate bacterial evasion of

mammalian immune system by regulating surface proteins [Embers et al., 2008], the over-

whelming prevalence of tRNA modification enzymes in our data suggests the likely presence

of a previously unappreciated role for plasmids to increase the fitness of their bacterial hosts

against the surveillance of the human immune system. Distinguishing between the funda-

mental structure of a plasmid (backbone genes) versus the genetic currency that is exchanged

(cargo genes) allowed us to organize the extensive plasmid diversity within plasmid systems

and to recognize the recurrent evolution of the same cargo functions across different systems.
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Figure 2.19: Functional annotation of cargo genes to KEGG modules. This plot excludes
KEGG modules that occur in only one plasmid system or that occur in cargo genes annotated
to antibiotic resistance.
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Figure 2.20: Plasmid system PS1110. Compound plasmids in this system contain a gene that
encodes two enzymes, a tRNA Gm18 2’-O-methylase (yellow, ’tRNA mod.’) and a Ribosomal
protein S18 acetylase (red). Backbone plasmids contain a similar gene that encodes the S18
acetylase but lacks the tRNA methylase. Backbone genes have a thick, black outline.
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2.4.7 Plasmid systems adapt their cargo genes to specific environments

Thus far, we have observed that our collection of plasmids is highly heterogeneous in

their ecological distributions (Figure 2.9B), yet they can also be organized by evolutionary

relations into plasmid systems. To understand how ecology and evolution are intertwined

phenomena, we asked whether plasmid systems span a single ecological niche or multiple

niches. We assumed that every country represents a different niche, as countries are known

to differ in microbial composition [Gupta et al., 2017, Yatsunenko et al., 2012, Obregon-

Tito et al., 2015, Gomez et al., 2016, Li et al., 2014, Xia et al., 2019, Sonnenburg and

Sonnenburg, 2019] and we observed that countries also differ in plasmid composition (Figure

2.10). We found that while individual plasmids are often present in a single country, a

plasmid system frequently spans multiple countries (Figure 2.18, Table 2.4). Indeed, 2,005

individual plasmids within a system were unique to a single country, yet 1,794 (89.5%) were

part of more geographically diverse systems that were present in at least two countries. In

fact, 84.0% (982/1,169) of systems were present in at least two countries, and 9 systems were

even in 15 of the 16 countries represented in our data. We also found that plasmid systems

are typically mutually exclusive, i.e. plasmids from the same system generally do not occur

in the same individual human hosts. Consequently, metagenomes often have at most one

plasmid from every system (see Methods, Figure 2.21A).
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Figure 2.21: Mutual exclusivity of plasmids in the same system. For every plasmid system
with two or more compound plasmids, we defined a ‘mutual exclusivity score’ to quantify
how often its plasmids segregated to different metagenomes. We definethis score as the
number of metagenomes that have exactly one of the system’s plasmids divided by the
number of metagenomes that have any of the system’s plasmids. (A) Histogram of mutual
exclusivity. (B) The inverse relation between the mutual exclusivity and prevalence of a
system. Red triangles represent examples of plasmid systems that are highly prevalent
(present in >100 metagenomes) but are more mutually exclusive than expected by a linear
regression (blue line). For easier visualization, the x- and y-coordinates of systems with >90%
mutual exclusivity were randomly jittered within ±5% of the axes lengths. (C) Visualization
of mutual exclusivity in PS961, which is one of the examples in B.
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One explanation of this mutual exclusivity pattern is that a person may have never

been exposed to multiple plasmids from the same system. This scenario is plausible for

rare systems (e.g. present in <10 metagenomes). Indeed, we observed a trend where more

prevalent systems exhibit less mutual exclusivity (R2=0.39) (Figure 2.21B). However, we

identified many prevalent systems (e.g. present in >100 metagenomes) that are more mu-

tually exclusive than expected. For instance, PS961 is almost perfectly mutually exclusive

across 131 metagenomes (Figure 2.21C). For such prevalent systems, a more likely explana-

tion lies in either the backbone or cargo content of a system. As 24.1% of backbone genes

encoded Pfams and COGs related to replication, transfer, or maintenance of plasmids, the

competition for these resources within a cell can lead to incompatibility between plasmids

of the same system [Thomas, 2014a]. With a large number of plasmid sequences at hand,

our dataset is a new resource that can support experimental investigations of the impact of

incompatibility on plasmid replication [Novick, 1987, Velappan et al., 2007], especially its

contribution relative to external selective pressure on cargo genes. However, here we focused

our attention on investigating ecological associations between environmental selection and

cargo gene content.

We propose that our algorithmic definition of plasmid systems can be used to study how

ecological pressures on plasmids drive the evolution of cargo genes. Plasmid systems are

akin to the concept of a genetic ‘delivery van’ (backbone) with the flexibility to disseminate

variable ‘packages’ (cargo genes) to microbes. The dynamic pool of cargo genes could serve

as a means for a plasmid, or its microbial host, to increase fitness in different environmental

conditions. To investigate this hypothesis, we compared the evolution of plasmids in indus-

trialized versus non-industrialized countries, an environmental difference that was reflected

in plasmid content (Figure 2.9C). While many plasmids systems were exclusive to one or

the other type of country, 396 of them were present in both types (Figure 2.18D). These

global systems provide a unique in silico framework to explain environmental differences by
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variation in plasmid cargo genes.

To demonstrate this framework, we examined antibiotic usage, an extreme environmental

difference that is well known to exert selective pressures on microbes, often causing them

to maintain plasmids with antibiotic resistance [Svara and Rankin, 2011, Sykes, 2010, Can-

tón and Morosini, 2011, Baquero, 2001, San Millan et al., 2016, Alonso et al., 2001, Xiong

et al., 2015, Ma and Bryers, 2012]. The well-studied nature of antibiotic resistance also

provides a testbed to demonstrate that plasmid systems can identify cargo genes under se-

lection. In our data, the evolution of antibiotic resistance in a plasmid system coincided

with the ecological variation of compound plasmids in the system. Specifically, we iden-

tified 24 high-confidence, compound plasmids that encoded antibiotic resistance in cargo

genes and were exclusively present in either non-industrialized or industrialized countries

(Figure 2.18E). Among non-industrialized metagenomes, one of the most common types

of antibiotic resistance is chloramphenicol (Figure 2.18A). For instance, PS974 is highly

diverse with 97 non-redundant plasmids; however, this system possesses chloramphenicol

resistance (conferred via an acetyltransferase) only in plasmids assembled from Fiji (Figure

2.18F, Table 2.5). When we searched for these resistance plasmids across the global set of

1,430 metagenomes that contain PS974, we found them in 19/22 Fijian metagenomes but

only in 1/1,408 non-Fijian metagenomes (p=1.1 x 10-13, Fisher’s exact test) (Figure 2.18F,

pictogram). Chloramphenicol is routinely prescribed in Fiji to treat eye infections, central

nervous system infections, periodontitis, shigellosis, typhoid and paratyphoid fevers, and di-

abetic foot infections, but it is rarely used in North America and Europe [Berendsen et al.,

2010, Both et al., 2015, Balbi, 2004, Ministry of Health and Medical Services, Government

of Fiji, 2019]. Thus, chloramphenicol resistance in this system likely reflects the increased

exposure of Fijians to this antibiotic. While we observed that chloramphenicol-resistant

plasmids appeared specific to Fiji, more extensive sampling may reveal the presence of these

plasmids in other non-industrialized countries that also have high usage of this antibiotic.
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Besides chloramphenicol resistance, PS974 also contained non-Fijian compound plas-

mids that carry tetracycline resistance (171/1,408 metagenomes) or erythromycin resistance

(429/1,408 metagenomes) (Figure 2.18F). In an attempt to find an alternative explanation for

the distribution of resistance plasmids in this system, we revisited our earlier question “Can

plasmid ecology be simply explained by taxonomy?”. By searching for these plasmids among

known sequences in NCBI, we determined that possible microbial hosts include Firmicutes,

such as Blautia hydrogenotrophica. However, none of these hosts nor any other microbial

taxon had a similar ecological distribution as any of the resistance plasmids (highest Jaccard

index=0.37 across all plasmid-taxon comparisons). These results suggest that compound

plasmids in systems have acquired antibiotic resistance to respond to lifestyle-specific usage

of antibiotics.

While the connection between antibiotic usage and resistance is expected given previous

studies [Svara and Rankin, 2011, Sykes, 2010, Cantón and Morosini, 2011, Baquero, 2001,

Alonso et al., 2001, Xiong et al., 2015, Ma and Bryers, 2012], plasmid systems in general can

be used to determine if cargo genes are under selection, even when the functions of those

genes or the environmental pressures driving the selection are unknown. For example, the

cargo gene encoding tRNA modification in system PS1110 may provide some immunoevasive

function (Figure 2.20), but there was not a clear geographic or lifestyle-specific association

with this function. This is an example where we know the cargo function but not the

environmental pressure and motivates collecting additional data about the environment.

Overall, our work provides a computational roadmap for generating new hypotheses about

plasmid evolution on an omics scale.

2.5 Discussion

Our work greatly expands the number of known plasmids by mining a global collection of

metagenomes using machine learning. This expansion provides the community with a new

61



resource to study fundamental concepts in plasmid biology. While there are many applica-

tions of our resource, here we focused on organizing plasmids into cohesive units known as

plasmid systems to gain deeper insights into plasmid ecology and evolution. For instance,

the diversity captured by our large collection of 1,169 plasmid systems reveals the great

extent to which plasmids in complex ecosystems like the human gut are not static entities

but actively evolving in response to the environment. By revealing likely determinants of

fitness, such as the acquisition of specific antibiotic resistance genes in Fiji as a response to a

commonly used antibiotic, plasmid systems serve as a hypothesis generation and testing tool

to study forces that drive plasmid evolution and influence the ecology of hosts that carry

them. Our study has focused on geographical or lifestyle-based environmental differences,

but more generally, our analysis of plasmid systems can be applied to other contexts such

as discerning cargo genes that distinguish healthy vs. disease states of the gut microbiome.

During the past few decades, our ability to bypass the limitations of cultivation and

study microbial genomes derived from metagenomes has led to key biotechnological insights

[Delmont et al., 2018, van Kessel et al., 2015, Edwards et al., 2019, Hug et al., 2016]. The

malleability of plasmids is a desirable property in bioengineering and often has motivated

the repurposing of naturally occurring plasmids into major tools for genetically modifying

organisms. In this vein, we propose computational prediction and analysis of plasmids as

an attractive approach to expand the toolkit of available plasmids for genetic engineering,

particularly if they can be found in isolates that currently lack tools to make them genetically

tractable.

PlasX and other plasmid recognition systems [Zhou and Xu, 2010, Krawczyk et al., 2018,

Pellow et al., 2020, Carattoli et al., 2014c, Schwengers et al., 2020, Royer et al., 2018, Hou

et al., 2021, Arredondo-Alonso et al., 2018, Gomi et al., 2021], along with MobMess to

characterize plasmid systems, present a roadmap for a detailed characterization of naturally

occurring plasmids. Historically, plasmids and other genetic elements have been character-
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ized on the basis of qualitative properties and descriptions. In contrast, PlasX and machine

learning approaches provide an “operational definition” of a plasmid that can be universally

and objectively applied. As some of our predicted plasmids contain virus-like or ICE-like sig-

natures, our work can be used to study the spectrum of mobile elements that blur traditional

labels and complements recent efforts to characterize viruses [Guo et al., 2021, Al-Shayeb

et al., 2020, Shkoporov and Hill, 2019, Antipov et al., 2020] and horizontally transferred

elements [Smillie et al., 2011, Groussin et al., 2021, Brito et al., 2016].

To expand the scope of our work, we intentionally designed PlasX using a broad collection

of reference sequences, so that it can be applied to study any environment and can include

additional training sequences to improve accuracy. These methods provide a complementary

approach to frequently used state-of-the-art workflows to study the taxonomic composition

or functional potential of environmental or host-associated microbiomes through amplicon

sequences or metagenomes. Overall, our findings suggest that high-throughput recognition

and characterization of plasmids in microbiome studies are necessary for more complete

insights into the ecology of naturally occurring microbial systems.

2.6 Methods

2.6.1 Compiling and annotating a reference set of plasmids and

chromosomes

We obtained a list of 16,168 plasmids from the March 5, 2019 version of PLSDB [Galata

et al., 2019]. We also downloaded the entire collection of 13,471 complete bacterial genome

assemblies from NCBI RefSeq on October 26, 2019, using instructions at

https://www.ncbi.nlm.nih.gov/genome/doc/ftpfaq/#allcomplete. The RefSeq assemblies

contained 26,376 contigs, of which we discarded 11,350 that are also in PLSDB. The reference

set of 16,827 plasmids consisted of 16,168 PLSDB contigs, as well as 659 contigs from the
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Refseq assemblies that were labeled as ’Plasmid’ in the ’Assigned-Molecule-Location/Type’

field of the NCBI assembly report. The reference set of chromosomes was the remaining

14,367 Refeq contigs.

To identify and annotate genes in these sequences, we used the program ‘anvi-run-

workflow‘ with ‘–workflow contigs‘ implemented [Shaiber et al., 2020] in anvi’o [Eren et al.,

2021] v7.1, which uses Snakemake [Köster and Rahmann, 2012] to execute previously defined

steps (https://merenlab.org/anvio-workflows/) to generate anvi’o contigs-db files

(https://anvio.org/m/contigs-db). These steps include first running Prodigal [Hyatt et al.,

2010] to call genes and then running DIAMOND v2.0 [Buchfink et al., 2015] and HMMER

v3.3 [Eddy, 2011] on amino acid sequences to determine gene functions against the Cluster of

Orthologous Groups of proteins (COGs) [Galperin et al., 2015] and Protein Family Database

models (Pfams) v32.0 [El-Gebali et al., 2019], respectively. To minimize noise, we used an

e-value cutoff of 10-10 for COGs and the default model scores for Pfams.

2.6.2 Modeling de novo gene families

We inferred de novo gene families by running MMseqs2 [Steinegger and Söding, 2018]

v10.6d92c on all amino acid sequences in our reference plasmids and chromosomes. First,

we ran ‘mmseqs clusthash‘ to collapse identical sequences into a non-redundant set for faster

execution of the next step; the collapsing was inverted at the end to annotate all genes.

Next, we ran ‘mmseqs cluster‘ to calculate pairwise alignments and then cluster genes that

are aligned above a minimum sequence identity threshold (parameter ‘–min-seq-id‘). We

ran this program multiple times with different thresholds (0.9, 0.8, 0.7, 0.6, 0.5, 0.4, 0.3,

0.25, 0.2, 0.15, 0.1, 0.05) to infer a wide range of possible families. Families from different

thresholds can be redundant, so we merged nested families, i.e. if family X contains all genes

in family Y, then we keep X and discard Y. We also discarded any family that contains

only one gene. In theory, families inferred from a higher threshold (e.g. 0.9) should always
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nest within a family inferred from a lower threshold (e.g. 0.05), such that we would discard

all families from higher thresholds. But in practice, families don’t always nest within each

other but only overlap partially. After merging, our final model used the following number

of families from each threshold.

In total, our model used 1,090,132 gene families, which annotated 162,783,114 genes.

Note that because these gene families can still overlap with each other, a gene may have

multiple annotations. This analysis took advantage of MMseqs2’s parallelism, taking 6

hours using 256 CPU cores. We refer to a de novo family as a ‘subfamily’ if 90% or more

of its amino acid sequences are also annotated to a specific COG or Pfam. Note that this

definition provides a small tolerance such that a subfamily does not need to be a perfect

subset of a COG or Pfam. For the example about Pfam PF10609 (Figures 2.1F and 2.1G),

we gathered the 253 amino acid sequences annotated to PF10609 and the subfamily mm-

seqs_5_1535552. We also gathered the 1,391 sequences annotated to PF10609 and the

subfamily mmseqs_70_40217271. We collapsed 100% identical sequences to yield a total

collection of 142 and 310 sequences from mmseqs_5_1535552 and mmseqs_70_40217271,

respectively. We aligned all of these sequences together using muscle v3.8.1551 (default pa-

rameters) [Edgar, 2004a] and then constructed a maximum likelihood phylogenetic tree using
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IQ-TREEv2.1.2 (parameters -m TEST -bb 1000 -alrt 1000 -T AUTO)(Minh et al. 2020).

We then rooted the tree using the midpoint method.

2.6.3 Subtypes and slicing of reference sequences

To group reference sequences into subtypes, we used mash v2.2.2 [Ondov et al., 2016]

(command ‘mash dist‘, sketch size 100000, kmer size 21) to calculate a distance score of 0 to

1 between every pair of sequences. Next, we created an undirected graph, where sequences

are nodes and sequences are connected if their distance is less than 0.1. We defined a

’subtype’ as one of the 7,326 connected components in the graph. 3,935 subtypes contained

only plasmids; 3,355 subtypes contained only chromosomes; and 36 subtypes contained both

plasmids and chromosomes. We sliced reference sequences into 10kb slices by sliding a 10kb

window at 5kb increments. The first window starts at the beginning of the sequence, and

the final window stops at the end of the sequence. For instance, a 23kb sequence would

be sliced at 0-10kb, 5-15kb, 10-20kb, and 13-23kb. A slice was annotated with any gene

that was entirely or partly inside the slice. In total, we generated 10,453,279 slices from the

reference chromosomes and 343,246 slices from the reference plasmids.

Assessing model performance in cross-validation. To perform cross-validation, we ran-

domly divided the 10kb slices into four groups. For each fold of cross-validation, three groups

formed the training data, and the fourth group formed the testing data. In a naive split, we

keep all slices from the same reference sequence together in either training or testing data.

In an informed split, we keep all slices from the same subtype together. We assigned weights

to the 10kb slices when calculating precision and recall performance (Figure 2.1F and 2.1D).

Consider the following notation to represent sequences:
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Each scenario implies a unique assignment of weight values. Scenario A requires that ev-

ery sequence has the same weight. Importantly, this ensures that long sequences, which have

disproportionately more slices, have equal weight as shorter sequences. Scenario B further re-

quires that every subtype has the same weight. Importantly, this ensures that subtypes that

contain a disproportionately large number of sequences (e.g. subtypes that represent com-

monly studied bacteria, such as Escherichia, Salmonella, and Klebsiella) have equal weight

as subtypes with fewer sequences. We evaluated performance under two different cross-

validation and weighting scenarios. Figure 2.1F shows the result of training models using a

‘naive’ cross-validation split and calculating precision/recall using weights from Scenario A.

Figure 2.1D shows the results of training models using an ‘informed’ cross-validation split

and calculating precision/recall using weights from Scenario B. We calculated precision/recall

using the function sklearn.metrics.precision_recall_curve from the scikit-learn Python pack-

age [Pedregosa et al., 2011], with the parameter sample_weight set to the weights of the

slices. We calculated AUCPR with the function sklearn.metrics.average_precision_score.

2.6.4 PlasX implementation

We implemented PlasX as a logistic regression using the SGDClassifier class from scikit-

learn [Pedregosa et al., 2011]. Regardless of how we evaluated PlasX, we always trained

it with weights defined by Scenario B and based on only slices in the training data. To

implement elastic net regularization, we performed a grid search of hyperparameters, with

the regularization parameter alpha ranging from 10-8 to 10-3 in multiplicative increments

of 10 and the parameter l1_ratio being 0.0, 0.25, 0.5, 0.75, or 1.0. For each evaluation

scenario, we selected the hyperparameters that produced the best performance. We used

the best hyperparameters from the ‘informed’ cross-validation and the weights defined by

Scenario B (alpha=3.16x10-6, l1_ratio=0.0) to retrain PlasX on all 10kb slices and create

the final model that we used to predict plasmids from metagenomes.
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2.6.5 Execution of other plasmid prediction tools

We downloaded PlasClass [Pellow et al., 2020] from

https://github.com/Shamir-Lab/PlasClass (v0.1.0-2-gb80a4f4). We downloaded PPR-Meta

[Fang et al., 2019] from

https://github.com/zhenchengfang/PPR-Meta (v1.0-14-gab99c91). We downloaded Platon

[Schwengers et al., 2020] from

https://github.com/oschwengers/platon, and then modified the code to more efficiently par-

allelize across many CPUs (modifications at https://github.com/michaelkyu/platon). We

used Platon’s RDS score as its final prediction score, ignoring whether it found other fea-

tures like conjugation and replication genes.

To ensure a fair comparison of models in cross-validation (Figure 2.1F and 2.1D), we

retrained PlasClass and Platon using the same training sequences as we used for PlasX in

each cross-validation fold. We trained PlasClass on 10kb slices, and we trained Platon on the

entire non-sliced sequences. We did not train PlasClass and Platon with sequence weights

because they don’t take in weights as input, but we did calculate precision and recall with

weights. PPR-Meta [Fang et al., 2019] and Deeplasmid [Andreopoulos et al., 2022] do not

provide software interfaces for retraining new models, so we ran the pretrained versions of

these models that were published in their original studies (and thus were trained on different

sequence datasets).

We downloaded the four sequence versions of the Wolbachia plasmid pWCP from

https://doi.org/10.6084/m9.figshare.6380015 (Table 2.8). We made predictions of pWCP

using the original pretrained and published versions of PlasClass, Platon, PPR-Meta, and

Deeplasmid, and we ran the final PlasX model that was trained on all 10kb slices. We

downloaded the collection of all ICE sequences (n=552) from ICEberg [Liu et al., 2019] 2.0

at https://db-mml.sjtu.edu.cn/ICEberg/ on September 30, 2022. We also downloaded 455

prophage sequences from the NCBI Virus data portal
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(https://www.ncbi.nlm.nih.gov/labs/virus) on September 30, 2022. To download them, we

selected the “Bacteriophages” subset from the “>Find Data” menu bar, and then we applied

filters of “Only” for the “Provirus” option and “complete” for the “Nucleotide Completeness”

option. We made predictions of these ICE’s and virus sequences using the original pretrained

and published version of Platon, using Platon’s default ‘accuracy’ mode (Tables S9 and S10).

We also ran the final PlasX model that was trained on all 10kb slices.

We ran Deeplasmid using the Docker image of the CPU implementation, following in-

structions at https://github.com/wandreopoulos/deeplasmid

(version sha256:10809927e2c8a14cf86231801b804b0bd4bddf600821d17fd8b7e41a15c562c0).

While we were able to run Deeplasmid on the Wolbachia plasmid pWCP, it was prohibitively

slow to run on the entire set of 10kb slices used for cross-validation evaluation. In particular,

we found that Deeplasmid running on a MacOS laptop takes 3 hours for 1,000 slices, so we

estimated it would take 3.7 years to run on all slices. While the GPU implementation of

Deeplasmid might be able to run faster, we were unable to execute its prebuilt Docker image

(version sha256:f3a22993fb765a7f9678b174245b64976e7e52a4dce85570060900b794af5e43).

We suspect that this image is incompatible with modern machine setups, like ours, because

Deeplasmid depends on software that is several years old. For example, it requires the CNTK

library, for which development was abandoned over 3 years ago (https://docs.microsoft.com/en-

us/cognitive-toolkit/releasenotes/cntk_2_7_release_notes). We were also unable to build

a new Docker image to run the GPU implementation, despite attempts to modify the Docker

build file (see the issue we raised at https://github.com/wandreopoulos/deeplasmid/issues/3).

2.6.6 Predicting plasmids from metagenomic assemblies

We downloaded fastq files for 1,782 short-read and paired-end metagenomes from the

National Center for Biotechnology Information (NCBI) Sequence Read Archive (SRA) using

the program ‘fastq-dump‘. The countries represented are Austria [Feng et al., 2015], Aus-
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tralia (https://www.ncbi.nlm.nih.gov/bioproject/PRJEB6092), Bangladesh [David et al.,

2015], Canada [Raymond et al., 2016], China [Qin et al., 2010, Wen et al., 2017], Den-

mark [Le Chatelier et al., 2013], England [Xie et al., 2016], Ethiopia [Pasolli et al., 2019],

Fiji [Brito et al., 2016], Israel [Zeevi et al., 2015], Italy [Rampelli et al., 2015], Madagascar

[Pasolli et al., 2019], Mongolia [Liu et al., 2016], Spain [Li et al., 2014], Tanzania [Rampelli

et al., 2015] and USA [Turnbaugh et al., 2007, Obregon-Tito et al., 2015]. Some samples

were sequenced multiple times (i.e. multiple records in SRA), in which case we concatenated

the fastq files together. We have separated these multiple accessions using the delimiter

‘|’. We labeled Tanzania, Ethiopia, Bangladesh, Madagascar, and Fiji as non-industrialized

and the other countries as industrialized. All steps of quality filtering, metagenomic assem-

bly, read recruitment and profiling were automated using snakemake [Köster and Rahmann,

2012] workflows in anvi’o [Shaiber and Murat Eren, 2018]. The ‘illumina-utils‘ [Murat Eren

et al., 2013] commands ‘iu-gen-configs‘ and ‘iu-filter-quality-minoche‘ with the flag ‘–ignore-

deflines‘ were used to quality filter the raw paired-end reads. Each metagenome was assem-

bled individually using IDBA_UD [Peng et al., 2012] with default settings, except the flag

‘–min_contig 1000‘. We annotated COGs and Pfams in all assembled contigs using the same

procedure as the reference plasmids and chromosomes. To annotate de novo families, we first

used ‘mmseqs result2profile‘ (default parameters) to represent the sequence conservation in

each de novo family as a profile. We then used ‘mmseqs search‘ (default parameters) to

search for profiles across all genes. We kept hits where the alignment coverage was greater

than 80% of both the gene and the profile and where the alignment identity was at least

greater than X-0.05 where X is the minimum identity threshold used to originally construct

the family (parameter –min-seq-id). For example, if a family was constructed using an iden-

tity threshold of 0.8, then we kept hits with an identity greater than 0.75. Using these gene

annotations, we ran PlasX to assign a score to every contig. We kept contigs intact, rather

than slicing them into 10kb windows. Contigs with score >0.5 were classified as plasmids.
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2.6.7 Detection and circularity of plasmids across metagenomes

We recruited short reads from our collection of metagenomes using Bowtie2 v.2.0.5 [Lang-

mead and Salzberg, 2012]. We used the snakemake workflows in anvi’o to automate execution

of bowtie and post-processing to calculate ‘detection’, i.e. the proportion of a sequence that

is covered by at least one read. We ran bowtie2 using the three following combinations of

parameters and input files.

First, to identify circular contigs, we recruited each metagenome’s reads to a fasta file that

contained only the contigs assembled from that metagenome. For computational efficiency,

we ran bowtie2 with its default behavior to align every read at most once. We then analyzed

the orientation of paired-end reads (Figure 2.3B). During assembly, circular sequences are

broken by an artificial breakpoint to represent them as linear contigs. Consequently, DNA

sequencing that occurred across this breakpoint will produce paired-end reads that align in

a reverse-forward orientation to the ends of the contig. In contrast, if a sequence is not

circular, then all paired-end reads are expected to align in a forward-reverse orientation.

To illustrate this intuition, suppose the upstream read of a paired-end maps to positions

200-300 of a contig and the downstream read maps to 500-600. If the upstream read maps

with a reverse complement strandedness (i.e. ‘reverse’) and the downstream read maps with

the same strandedness as the way the contig is written (i.e. ‘forward’), then the paired-end

is in a reverse-forward orientation. In other words, if the contig is written 5’-to-3’, then

the upstream read maps 3’-to-5’ and the downstream read maps 5’-to-3’. Inversely, the

paired-end is in a forward-reverse orientation if the upstream read maps 5’-to-3’ and the

downstream read maps 3’-to-5’. Next, we defined the gap (or insert) size of a paired-end to

be the distance between the closest (or farthest) aligned positions between its two reads. In

our example, the gap size is 600-200=400 and the insert size is 500-300=200. Let D be the

contig’s length minus three times the median insert size of all forward-reverse paired-ends

that are aligned to the contig. Finally, we label a contig as circular if (1) its detection was
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greater than 0.95 and (2) it had at least one reverse-forward paired-end with a gap greater

than or equal to D. This approach of examining reverse-forward paired-ends was inspired by

[Jørgensen et al., 2014].

Second, to study the ecological distribution of all plasmids and plasmid systems at the

same time, we recruited each metagenome’s reads to a fasta file that contained either the

non-redundant set of 68,350 predicted plasmids or the non-redundant set of 11,121 reference

plasmids. For computational efficiency, every read was aligned at most once (i.e. the de-

fault behavior of bowtie). We designated a plasmid as being present in a metagenome if its

detection was greater than 0.95. To compare metagenomes based on their plasmid content

in Figure 2.9 and Figure 2.10, we ran UMAP v0.5.1 [McInnes et al., 2018] with parameters

‘n_neighbors=30, n_components=2, min_dist=0.15, metric=’jaccard’, random_state=1‘.

The heatmaps in Figure 2.9 were generated using the ‘heatmap.2‘ package in R, with ag-

glomerative clustering using median linkage on Euclidean distances.

Third, to study the specific plasmids from PS974 and PS1110 that were shown in Figure

2.18F and Figure 2.20 (see Table 2.5 for contig names), we ran bowtie2 on each sequence

separately. This setup allowed every read to align to potentially multiple sequences, resulting

in a more complete estimation of which metagenomes contained a plasmid. For the backbone

sequences of these systems, we designated them as present in a metagenome if their detection

was greater than 0.95. For compound plasmids in PS1110 that encoded a chloramphenicol

resistance gene, we designated them as present in a metagenome if they satisfied an additional

criterion that greater than 0.95 of the resistance gene was covered by at least one read.

2.6.8 Estimation of microbial taxonomy in metagenomes

We estimated taxonomic abundances in every metagenome by running kraken2 [Wood

et al., 2019] v2.1.2 with its standard database (https://github.com/DerrickWood/kraken2)

and then refined the abundances using bracken [Lu et al., 2017] v2.5
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(https://github.com/jenniferlu717/Bracken) with database parameters ‘-k 35 -l 96‘. We ran

bracken (parameter ‘-r 96‘) a separate time for every taxonomic rank: S1 (subspecies/strain),

S (species), G (genus), F (family), O (order), C (class), P (phylum), D (domain). The

output of this analysis is a count of how many reads originated from each taxon. To com-

pare the metagenomic presence/absence of plasmids versus taxa, we calculated MP the set

of metagenomes where a plasmid P is detected at greater than 95%, and Mr
T the set of

metagenomes in which at least r reads originated from taxon T. For each plasmid, we at-

tempted to find the best explanation of its ecological distribution by comparing the plasmid

to every taxon using the Jaccard index, and by scanning many possible read thresholds.

More exactly, we used the following formula to represent the best possible explanation of a

plasmid’s ecological distribution:

We evaluated 29 values for the threshold r, ranging from 1 read to 10 million reads in

multiplicative increments of 101/4. We ignored plasmids that were present in less than 5

metagenomes, i.e. |MP|<5, because it was likely that these plasmids would have a high

Jaccard similarity to some taxon by chance. For instance, we observed that many pairs of

plasmids and taxa occur in exactly one and the same metagenome, and thus they have a

Jaccard index of 1. To compare continuous-valued abundances, we defined a plasmid’s abun-

dance in a metagenome as the sum of coverage values across all sequence positions divided by

sequence length, and we defined a taxon’s abundance as the number of reads originating from

the taxon. If a plasmid had detection of <95%, then we set its abundance to 0. If a taxon

had less than 1000 reads, then we set its abundance to 0. We ignored plasmids and taxa that

had non-zero abundances in less than 5 metagenomes. For every pair of plasmid and taxon,

we estimated the Pearson correlation between their abundance levels across metagenomes
74



using FastSpar [Watts et al., 2018] v1.0.0 (https://github.com/scwatts/fastspar), which is an

improved implementation of the SparCC [Friedman and Alm, 2012]. This method accounts

for the compositional nature of the data—in which abundances reflect relative instead of

absolute quantities—by assuming that the amount of correlations in a data is sparse. We

ran FastSpar on the non-redundant set of predicted plasmids, and ran it separately on the

non-redundant set of reference plasmids.

2.6.9 Additional validation and annotations of plasmids

To determine if a predicted plasmid has canonical plasmid features, we ran MOB-suite

[Robertson and Nash, 2018]. This tool searches a sequence for known examples of four types

of features: plasmid replicon (e.g. replication genes), relaxase, mating pair formation, and

origin of transfer. We installed MOB-suite v3.0.1 using pip, in an Anaconda Python environ-

ment that has mash v2.2. We ran the MOB_typer subroutine (command ‘mob_typer‘) us-

ing default parameters and followed the execution instructions at https://github.com/phac-

nml/mob-suite. To determine if a predictive plasmid is a novel sequence, plasmids were

blasted against NCBI using the blast package (v2.9.0, installed from bioconda Anaconda

repository). On October 13, 2021, we downloaded version 5 of the NCBI databases non-

redundant nucleotide (nt), ref_prok_rep_genomes, ref_viroids_rep_genomes, and

ref_viruses_rep_genomes, and then integrated them into a single database using the

‘blastdb_aliastool‘ command. We then searched every predicted plasmids against this com-

bined database, using the ‘blastn‘ tool with the ‘-task megablast’ parameter for efficient

searching. For each plasmid, we examined all matching NCBI sequences (called ’subjects’)

and chose the one with the highest ‘qcovs’ (query coverage per subject), which represents

the fraction of the plasmid sequence that is covered by all high-scoring segment pairs (HSP).

Tiebreaking was done by sorting subjects by the maximum bitscore of the HSPs. If the

qcovs of the best matching sequence was greater than 90%, then we considered the predicted
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plasmid as found in NCBI and further categorized the matching sequence by searching for

the keywords ’plasmid’, ’virus’, ’chromosome’ (in that order, disregarding capitalization) in

its NCBI description. For example, if the description of the matching sequence contained the

word ’plasmid’, then we said the predicted plasmid matched a known plasmid on NCBI. Sim-

ilarly, if the description contained ’chromosome’ but not ’plasmid’ nor ’virus’, then we said

that the predicted plasmid matched a known chromosome on NCBI. If the qcovs of the best

sequence was <90%, then we labeled the predicted plasmid as not found in NCBI. To visual-

ize pFIJ1037_1 (Figure 2.7A) and pENG0187_1 (Figure 2.8A), we manually imported COG

functions into the plasmid maps produced by snapgene (Insightful Science; snapgene.com).

We manually curated functions in genes without COGs using NCBI BLASTx.

2.6.10 Keyword analysis of COGs and Pfams for plasmid functions

We labeled COGs and Pfams as being a plasmid-associated function (Figure 2.1E) if its

database description contains any of following keywords as a substring: ‘plasmid’, ‘toxin’,

’replicat’, ’integrase’, ’transpos’, ’recombinase’, ’resolvase’, ’relaxase’, ’recombination’, ’par-

titioning’, ’mobilis’, ’mobiliz’, ’type iv’, ’conjugal’, ’conjugat’, ’segregat’, ’MobA’, ’ParA’,

’ParB’, ’BcsQ’. We labeled backbone and cargo genes as being related to plasmid replica-

tion, transfer, or maintenance if they were annotated to any plasmid-associated COG or

Pfam (see section “Classification of cargo and backbone genes”).

To determine if a predicted plasmid is ‘keyword-recognizable’ (Figure 2.3C), we searched

the plasmids for COGs and Pfams using a more restricted set of keywords (just “plasmid”

and “conjugation”) instead of the keywords above.
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2.6.11 MobMess algorithm to dereplicate plasmids, remove assembly

fragments, and discover plasmid systems (see Figure 2.13)

The MobMess algorithm performs three tasks. It de-replicates plasmids that are nearly re-

dundant to each other; it removes plasmids that appear to be assembly fragments; and finally

it organizes plasmids together into evolutionary groups called plasmid systems. MobMess

consists of several steps described below.

MobMess first performs an all-vs-all pairwise alignment of sequences using the MUMmer

alignment package (v4.0.0rc1) [Jain et al., 2018]. All sequences are placed into a single fasta

file and then aligned with ‘nucmer‘ (parameters ‘–maxmatch –minmatch=16‘) to calculate

local alignment blocks. Alignments are specified asymmetrically such that one sequence is

designated as the query q and the other is the reference r. For every q and r, the alignment

blocks calculated by ‘nucmer‘ are written to a separate file, and then a subset of blocks is

identified using ‘delta-filter‘ (parameters ‘-q -r‘) to create a one-to-one alignment.

Next, MobMess constructs a directed graph G where vertices are sequences and edges

represent the containment of one sequence within another (Figure 2.13A). Formally, consider

a query q and reference r. Let |q| be the length of q. For the ith alignment block between q

and r, let si, ei, and i be the start position in q, end position in q, and number of alignment

mismatches and indels, respectively. The following values summarize the information across

all alignment blocks between q and r.
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MobMess creates a directed edge (q,r) in G if Ilocal and C are above user-specified thresh-

olds. In this study, we applied thresholds of Ilocal greater than 0.9 and C greater than 0.9. In

Figure 2.14, we re-ran MobMess using various thresholds on Ilocal and C (the same thresh-

old was applied to Ilocal and C at the same time). MobMess clusters sequences according

to strongly connected components in G, calculated with igraph v0.8.2 [Csardi et al., 2006]

in Python. That is, two sequences x and y are placed in the same cluster if there exists a

directed path from x to y and another from y to x in G. Intuitively, a cluster represents a

set of sequences that are nearly identical to each other across nearly their entire lengths.

MobMess then reduces G to another graph H, called the condensation graph, by contracting

every cluster of sequences into a single vertex. A directed edge (u,v) exists in H if and only if

there are sequences x ∈ u and y ∈ v where edge (x,y) exists in G. Note that H does not have

any cycles. As proof by contradiction, if there were a cycle of clusters, then those clusters

would have been in the same strongly connected component in G and hence would have been

merged into a single, larger cluster. MobMess labels every cluster in H as one of the three

following types: (1) a ‘backbone cluster’ if it has an outgoing edge and at least one of its

member sequences is circular, (2) a ‘fragment cluster’ if it has an outgoing edge but none of

its member sequences are circular, or (3) a ‘maximal cluster’ if it does not have any outgoing

edges. Intuitively, a maximal cluster represents the longest version of a plasmid observed

in the data. In contrast, a backbone or fragment cluster represents a set of plasmids that
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are subsequences of other plasmids in a maximal cluster. The only difference between back-

bone and fragment clusters is that backbone clusters contain at least one circular plasmid

(implying complete assembly), while fragment clusters do not contain any circular plasmids

(suggesting they are assembly fragments of the maximal cluster). To dereplicate sequences,

MobMess discards all fragment clusters and then chooses a representative sequence from

every maximal and backbone cluster. A cluster’s representative is the sequence with the

highest global sequence identity (Iglobal), averaged across the set of alignments where that

sequence is the reference and other sequences in the same cluster are the queries.

MobMess defines a plasmid system as a specific backbone cluster together with its ‘com-

pound’ clusters, which are the set of non-fragment clusters connected to the backbone in H.

Thus, there is a one-to-one correspondence between backbone clusters and plasmid systems.

Note that systems can be nested within each other, because backbone clusters can be con-

nected to each other in H. Thus, a backbone cluster can be the backbone that forms a given

plasmid system, and at the same time, it can also be a compound cluster with respect to

an even smaller backbone that forms a different system. As another note, a maximal cluster

can be a ‘compound’ cluster of a system, but it is also possible that some maximal clusters

are not found in any system because they are not connected to any backbone clusters in H.

We ran MobMess to analyze the 226,194 predicted plasmid contigs. MobMess grouped the

contigs into a total of 132,616 clusters. 64,266 clusters were ‘fragment clusters’ that contained

125,475 contigs, which we interpreted as assembly fragments of other predicted plasmids. We

discarded these fragments from further analysis. The other 68,350 clusters were non-fragment

clusters (i.e. 1,169 backbone and 67,181 maximal clusters) and contained 100,719 contigs,

which we further analyzed for the existence of orthogonal support for being plasmids (Figure

2.3C). Finally, MobMess identified 1,169 plasmid systems, which together represent 1,169

backbone and 63,926 maximal clusters (3,255 maximal clusters were excluded). See Figure

2.5 for a diagram of these numbers.
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We ran MobMess separately on the 16,827 reference plasmid sequences, yielding 11,121

clusters. We assumed that all reference plasmids were circular, and thus there were no

fragment clusters. We visualized networks with Cytoscape [Shannon et al., 2003] v3.8 and

laid nodes out using the prefuse directed force layout [Heer et al., 2005]. While we have

focused on plasmids, MobMess could be applied to dereplicate and organize other mobile

genetic elements into systems.

2.6.12 Classification of cargo and backbone genes

We classified all genes on the backbone plasmids of a plasmid system as backbone genes.

For genes on compound plasmids, we tested whether the genes shared any de novo family

annotations with the genes on the backbone plasmids. If so, we classified those genes as

backbone genes, otherwise as cargo genes. For this analysis, we used the 1,090,132 de novo

families that we constructed from reference plasmids and chromosomes in order to train

PlasX, and we also used an additional set of 439,584 de novo families that we constructed by

running the command MMseqs2 (–min-seq-id 0.05) on the genes from all plasmid sequences

in this study (16,827 reference and 226,194 predicted plasmids). These additional families

allowed us to capture gene families that might be absent in reference sequences but are

conserved in predicted plasmids. Note that the classification of genes as backbone or cargo

depends on which plasmid system is being considered. It is possible for a gene to be classified

as a backbone gene with respect to one plasmid system and, at the same time, as a cargo

gene with respect to another system. This is because a plasmid can be a backbone plasmid

of a system and also be a compound plasmid of a different system (see Methods subsection

on MobMess algorithm).

For every non-redundant compound plasmid in the system, we calculated the fraction

of genes in the plasmid that were cargo genes. We then averaged this fraction across all

non-redundant compound plasmids in the system to define the “cargo gene percentage” of
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the system (Figure 2.17). Because every gene is either backbone or cargo, the percentage of

backbone genes is 100% minus the cargo gene percentage.

For Figure 2.12B and to analyze the content of backbone/cargo genes, we used a non-

redundant and unambiguous set of 8,995 backbone and 24,168 cargo genes. To derive these

sets of genes, we first considered the 47,172 genes encoded on the 4,424 non-redundant plas-

mids that were part of at least one plasmid system. Of these 47,172 genes, we used the 8,995

genes that were classified as backbone genes because they were encoded on a backbone plas-

mid and that were never classified as cargo genes in any plasmid system. 24.1% (2,169/8,995)

of these genes had a plasmid-associated keyword in their COG/Pfam annotations (see Meth-

ods section “Keyword analysis of COGs and Pfams for plasmid functions”). We also used

the 24,168 genes that were always classified as cargo genes and never backbone genes in any

plasmid system. 13.4% (3,229/24,168) of these genes had a plasmid-associated keyword. We

excluded from analysis the 1,917 genes that were sometimes classified as backbone genes and

other times cargo genes, depending on the system. We also excluded 12,092 genes that were

on compound plasmids but were classified as backbone genes, as these genes are redundant

with the backbone genes that were encoded on the backbone plasmid.

2.6.13 Mutual exclusivity of plasmid systems

To measure the extent of mutual exclusivity in a plasmid system S, we defined two sets

of metagenomes. Msany is the set of metagenomes that contains S, i.e. where one or more

plasmids in S has detection at greater than 0.95. Mssolo is the set of metagenomes where

one and only one plasmid in S has detection at greater than 0.95. Then, we calculated the

mutual exclusivity score Es |M ssolo| / |M sany|. This score is similar to a test statistic used

by methods, such as CoMEt [Leiserson et al., 2015], for studying mutual exclusivity of gene

alterations in cancer.

We observed that if a compound plasmid was present in a metagenome (detection greater
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than 0.95), then its backbone plasmid was often also present. This could be due to (1) both

plasmids being present as separate entities in the same microbiome, or (2) a read recruitment

artifact arising from the sequence similarity between the plasmids. To minimize artifacts, we

assumed the second scenario is always happening, and we corrected for it by assuming that

a backbone plasmid is absent from a metagenome (regardless of its detection) whenever any

compound plasmids are present in the metagenome. To formalize this correction procedure,

let Pm be the set of plasmids in system S with detection greater than 0.95 in metagenome

m. We created the induced subgraph Hm that is formed by subsetting the vertices of Pm in

the plasmid similarity graph H (see MobMess section of the Methods). Then, we defined Pm

⊆ Pm as the subset of plasmids that are maximal with respect to Hm (i.e. they don’t have

outgoing edges in Hm). We used Pm’, rather than Pm, in order to calculate Msany, Mssolo,

and Es.

2.6.14 Identification of antibiotic resistance genes

We annotated antibiotic resistance genes using two databases. First, we searched against

a database of resistance protein family HMMs from Resfams [Gibson et al., 2015] (v1.2,

dated 2015-01-27, ‘Core’ database at http://www.dantaslab.org/resfams). We used ‘anvi-

run-hmms‘ from anvi’o [Eren et al., 2021] to automate running ‘hmmsearch‘ from HM-

MER(Eddy 2011) 3.3.2 and apply an e-value cutoff of 10-10. Second, we ran rgi (v5.2.0,

https://github.com/arpcard/rgi) to search for similarity in the CARD database of resistance

genes [Alcock et al., 2020]. We removed CARD hits that were labeled as ’Loose’ and kept

those labeled as ’Perfect’ or ’Strict’. We removed any Resfams or CARD hits that contained

the keywords ’transcription’, ’regulat’, ’modulat’ in their database description, to avoid cases

(e.g. TetR protein) where the hit is a gene that regulates the expression of another resistance

gene but doesn’t itself perform the molecular process that confers resistance. We catego-

rized hits into major antibiotic resistance classes by searching for the following keywords in
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their functional descriptions: ‘lincosamide’, ‘macrolide’, ‘erythromycin’, ‘chloramphenicol’,

‘aminoglycoside’, ‘streptothricin’, ‘glycopeptide’, ‘efflux pump’, ‘beta-lactamase’, ‘nitroimi-

dazole’, ‘tetraycyline’, ‘quinolone’, ‘sulfonamide’. Additionally, we searched the extra key-

words ‘Van’ and ‘VanZ’ to identify glycopeptide resistance; ‘efflux’, ‘permease’, and ‘pump’

to identify efflux pumps; and ‘TetX’ to identify tetracycline resistance.

2.6.15 High molecular weight (HMW) DNA extraction, long-read

sequencing, and determination of circularity through long-reads

We employed a long-read sequencing strategy on two Bacteroides fragilis cultivars from

two patients (p-214 and n-216 previously described in Vineis et al(Vineis et al. 2016)). We

extracted total genomic HMW DNA by one of two methods. For B. fragilis p-214, we used

the Qiagen Genomic Tip 20/G procedure (also known as Method #4/GT) as previously

described(Trigodet, Lolans, and Fogarty 2022) on a 10 mL overnight BHIS broth culture.

For B. fragilis n-216, we used a Phenol Chloroform protocol on 25 mL overnight BHIS broth

cultures. Libraries were prepared with the Rapid Barcoding Kit (SQK-RBK004) and the

standard protocols from Oxford Nanopore Technologies (ONT) with a few modifications. For

B. fragilis p-214, DNA fragmentation was performed on 6 ug DNA using 5 passes through

a 22G needle in a 30 µL volume. The gDNA input was 1.5 µg (Table 2.6), based on sample

availability in a 7.5 µL volume, with 2.5 µL Fragmentation mix added. We sequenced for

72 hours using a single R9.4/FLO-MIN106 flow cell (ONT). For B. fragilis n-216, DNA

fragmentation was performed on 10 ug DNA using 10 passes through a 22G needle in a 250

µL volume. The gDNA input was 0.32 to 0.44 µg, based on sample availability in an 8.5 µL

volume, with 1.5 µL Fragmentation mix was added per sample. We sequenced for 72 hours

using a single R9.4/FLO-MIN106 flow cell. We used Guppy (v4.0.15) for all post-run base

calling, sample de-multiplexing and the conversion of raw FAST5 to FASTQ files.

To determine circularity, we used BLAST to align the long reads with a minimum quality
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score of 7 to our predicted plasmid sequences. During assembly, all DNA short reads are

assembled as linear sequences even if they are circular elements. Circular elements have an

artificial breakpoint to represent them as linear sequences, and this breakpoint can happen

anywhere on the sequence depending on the assembly method. We tested for the presence

of an artificially introduced breakpoint by aligning 500 long reads and then visualizing these

alignments on the sequence as if it were assumed to be a circular element (Figure 2.8). If

indeed the sequence is circular, the long reads would overlap each other and “wrap around”

the entire circumference of the sequence. In other words, all nucleotide positions of the

sequence would be covered by at least one read and there would also exist a read that

spans the breakpoint by aligning to both sides of the breakpoint. This property ensures the

breakpoint is artificial, and hence the sequence is a circular element. Inversely, this property

does not hold when the breakpoint is not artificial (i.e. the sequence is actually an assembly

fragment or linear element).

2.6.16 Transfer of predicted plasmid between microbial populations

In duplicate, we streaked B. fragilis 214 (donor, erythromycin resistant due to pFIJ0137_1)

and B. fragilis 638R (recipient, rifampicin resistant) onto plates with brain-heart infusion

agar supplemented with hemin and vitamin K (BHIS) and incubated them in 5 mL BHIS

media anaerobically at 37℃ for 20 hours. To mate the donor to the recipient, 250 µL of

donor cells were pelleted in a centrifuge at 5,000x gravity. We discarded the supernatant

and resuspended the donor in 1 mL of the recipient culture. Again, cells were pelleted at

5,000x gravity, then resuspended in 25 µL of BHIS media. Cells were spotted onto BHIS

agar plates and incubated anaerobically for 24 hours. After incubation, cells were resus-

pended in 1 mL BHIS. 250 µL of this suspension was plated onto BHIS plates containing

8 µg/mL rifampicin and 25 µg/mL erythromycin to select for B. fragilis 638R recipients of

pFIJ0137_1. Duplicate plates each had approximately 300 colonies. Plating the donor or
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recipient alone resulted in zero colonies, confirming the transformants were not spontaneous

mutants to either antibiotic. Two transformant colonies were restreaked onto fresh BHIS

plates containing 8 µg/mL rifampicin and 25 µg/mL erythromycin.

2.6.17 Short-read sequencing of isolate genomes and confirmation of plasmid

transfer

We grew 20-hour cultures of B. fragilis 214 donor, naive B. fragilis 638R, and B. frag-

ilis 638R transconjugants containing pFIJ0137_1. Using the QIAseq FX DNA library kit

(Qiagen), libraries of these strains were prepared with 100 ng of genomic DNA. DNA was

fragmented enzymatically into smaller fragments and desired insert size was achieved by ad-

justing fragmentation conditions. Fragmented DNA was end repaired and ‘A’s were added

to the 3’ ends to stage inserts for ligation. During the ligation step, Illumina compatible

Unique Dual Index (UDI) adapters were added to the inserts and the prepared library was

PCR amplified. Amplified libraries were cleaned up, and QC was performed using a tapes-

tation. Libraries were sequenced on Illumina MiSeq platform using v2 cassette to generate

2x250bp reads. To confirm the transfer of pFIJ0137_1, we individually recruited reads from

the B. fragilis 214 donor, naive B. fragilis 638R, and B. fragilis 638R transconjugants to

the pFIJ0137_1 reference sequence. We used anvi’o to create contigs and profile databases

(as described above) and visualized these results with the command ‘anvi-interactive‘. We

independently confirmed the presence of pFIJ0137_1 by assembling genomes using SPAdes

[Bankevich et al., 2012] with default parameters.

2.7 Supplementary Tables

All supplementary tables were submitted as a separate supplemental file in ProQuest.

Table 2.1: Summary of reference plasmids and chromosomes
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Table 2.2: Names, accession numbers, and metadata of metagenomes

Table 2.3: Summary of predicted plasmids (model scores, orthogonal support, circularity,
and NCBI blast results)

Table 2.4: Summary of plasmid systems

Table 2.5: Gene sequences for plasmid systems shown in Figure 2.12D, Figure 2.20 and
Figure 2.18F

Table 2.6: DNA extraction and sequencing parameters for long read sequencing of isolate
genomes

Table 2.7: COGs and Pfams ranked by their PlasX coefficients

Table 2.8: Prediction of a Wolbachia plasmid

Table 2.9: Prediction of ICEs as plasmids by PlasX and Platon

Table 2.10: Prediction of prophages as plasmids by PlasX and Platon

Table 2.11: Prediction of plasmids in the latest version of PLSDB (2020_06_23_v2) by
PlasX

Table 2.12: The length and percent circularity of plasmids that are part of a system versus
plasmids that are not part of any system.

2.7.1 Data availability

Reproducible Analyses of reference plasmids and chromosomes are available at

doi:10.5281/zenodo.5732024. The PlasX model as well as our analyses of known and pre-

dicted plasmids are available at doi:10.5281/zenodo.5843600. For all metagenomes, we have

compiled the contigs, taxonomic abundances, and PlasX scores at

doi:10.5281/zenodo.5730607, gene calls at doi:10.5281/zenodo.5730987, and gene annotations

at doi:10.5281/zenodo.5731658. We have deposited long and short sequencing reads from B.

fragilis isolates into the NCBI Sequence Read Archive (PRJNA782184).

All supplementary tables were submitted as a separate supplemental file in ProQuest.
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2.7.2 Code availability

We have released two open-source packages, PlasX (https://github.com/michaelkyu/plasx)

and MobMess (https://github.com/michaelkyu/mobmess), along with detailed installation

and usage instructions.
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CHAPTER 3

A HIGHLY CONSERVED AND GLOBALLY PREVALENT

CRYPTIC PLASMID IS AMONG THE MOST NUMEROUS

MOBILE GENETIC ELEMENTS IN THE HUMAN GUT

This chapter is derived from the following publication:

Emily C. Fogarty, Matthew S Schechter, Karen Lolans, Madeline L. Sheahan, Iva

Veseli, Ryan M Moore, Evan Kiefl, Thomas Moody, Phoebe A Rice1„ Michael K

Yu, Mark Mimee, Eugene B Chang, Sandra L Mclellan, Amy D Willis, Laurie E

Comstock and A. Murat Eren. 2023. “A highly conserved and globally prevalent

cryptic plasmid is among the most numerous mobile genetic elements in the human

gut” bioRxiv. https://doi.org/10.1101/2023.03.25.534219.

3.1 Author contributions

ECF and AME conceived the study. KL developed methodology. RM, EK, and AME

developed computational analysis tools. ECF, MSS, PAR, ADW and AME performed formal

analyses. ECF, KL, MS and LEC conducted investigations. TM, MKY, MM and SLM

provided resources. ECF, MSS, ADW and AME curated data. ECF and AME prepared the

figures. ECF and AME wrote the paper with critical input from all authors. LEC and AME

supervised the project. EBC and AME acquired funding.

3.2 Abstract

Plasmids are extrachromosomal genetic elements that often encode fitness enhancing fea-

tures. However, many bacteria carry ‘cryptic’ plasmids that do not confer clear beneficial
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functions. We identified one such cryptic plasmid, pBI143, which is ubiquitous across indus-

trialized gut microbiomes, and is 14 times as numerous as crAssphage, currently established

as the most abundant genetic element in the human gut. The majority of mutations in

pBI143 accumulate in specific positions across thousands of metagenomes, indicating strong

purifying selection. pBI143 is monoclonal in most individuals, likely due to the priority

effect of the version first acquired, often from one’s mother. pBI143 can transfer between

Bacteroidales and although it does not appear to impact bacterial host fitness in vivo, can

transiently acquire additional genetic content. We identified important practical applications

of pBI143, including its use in identifying human fecal contamination and its potential as an

inexpensive alternative for detecting human colonic inflammatory states.

3.3 Introduction

The tremendous density of microbes in the human gut provides a playground for the

contact-dependent transfer of mobile genetic elements [Frost et al., 2005] including plasmids.

Plasmids are typically defined as extrachromosomal elements that replicate autonomously

from the host chromosome [Frost et al., 2005, Kazlauskas et al., 2019, Solar et al., 1998]. In

addition to being a workhorse for molecular biology, plasmids have been extensively studied

for their ability to expedite microbial evolution [Garoña and Dagan, 2021] and enhance host

fitness by providing properties such as antibiotic resistance, heavy metal resistance, virulence

factors, or metabolic functions [Jacob and Hobbs, 1974, Moo-Young et al., 2013, Endo et al.,

1995, Thouand and Marks, 2016, Al-Shayeb et al., 2022].

Plasmids have been a major focus of microbiology not only for their biotechnological

applications to molecular biology [Leonard et al., 2018, Slattery et al., 2018, Rihn et al.,

2021, Salvay et al., 2010] but also for their role in the evolution and dissemination of genes

for antibiotic resistance [Mutuku et al., 2022, Dimitriu, 2022], which is a growing global

public health concern [Prestinaci et al., 2015]. However, outside the spotlight lie a group
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of plasmids that appear to lack genetic functions of interest and that do not contain genes

encoding obvious beneficial functions to their hosts [Kang et al., 2020, Oliveira et al., 2021].

Such ‘cryptic plasmids’ are typically small and multi-copy [Shareck et al., 2004], and are

often difficult to study as they lack any measurable phenotypes or selectable markers [Attéré

et al., 2017, Challacombe et al., 2017], despite their presence in a broad range of microbial

taxa [Roberts, 1989, Zillig et al., 1996, Heuer and Smalla, 2012, Vincent et al., 2021]. In the

absence of a clear advantage to their hosts, and the presumably non-zero cost of their main-

tenance, these plasmids are often described as selfish elements [Thomas, 2014b] or genetic

parasites [Iranzo et al., 2016]. While they may provide unknown benefits to their hosts, a

high transfer rate could also be a factor that enables cryptic plasmids to counteract the neg-

ative selection pressure of their maintenance [Levin and Stewart, 1980, Iranzo et al., 2016,

Simonsen, 1991].

Analyses of cryptic plasmids are often performed on monocultured bacteria, limiting in-

sights into the ecology of cryptic plasmids in their host’s natural environment. However,

recent advances in shotgun metagenomics [Quince et al., 2017] and de novo plasmid predic-

tion algorithms [Andreopoulos et al., 2022, Krawczyk et al., 2018, Zhou and Xu, 2010, Pellow

et al., 2020, Carattoli et al., 2014c, Robertson and Nash, 2018, Garcillán-Barcia et al., 2009,

Pellow et al., 2021, Yu et al., 2020] offer a powerful means to bridge this gap. For instance,

in a recent study we characterized over 68,000 plasmids from the human gut [Yu et al., 2020]

and observed that the most prevalent known plasmid across geographically diverse human

populations was a cryptic plasmid, called pBI143. Here we conduct an in-depth charac-

terization of this cryptic plasmid through ’omics and experimental approaches to study its

genetic diversity, host range, transmission routes, impact on the bacterial host, and associ-

ations with health and disease states. Our findings reveal the astonishing success of pBI143

in the human gut, where it occurs in up to 92% of individuals in industrialized countries

with copy numbers 14 times higher on average than crAssphage, the most abundant phage
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in the human gut. We also demonstrate the potential of pBI143 as a cost-effective biomarker

to assess the extent of stress that microbes experience in the human gut, and as a sensitive

means to quantify the level of human fecal contamination in environmental samples.

3.4 Results

3.4.1 pBI143 is extremely prevalent across industrialized human gut

microbiomes

pBI143 (accession ID U30316.1) is a 2,747 bp circular plasmid first identified in 1985

[Smith et al., 1995] in Bacteroides fragilis [Smith, 1985], an important member of the human

gut microbiome that is frequently implicated in states of health [Tan et al., 2019, Lee et al.,

2018, Ochoa-Repáraz et al., 2010] and disease [Purcell et al., 2017, Haghi et al., 2019]. pBI143

encodes only two annotated genes: a mobilization protein (mobA) and a replication protein

(repA) (Figure 3.1A). Due to the desirable features for cloning such as a high copy number

and genetic stability, pBI143 has been primarily used as a component of E. coli-Bacteroides

shuttle vectors (Smith 1985). The absence of any ecological studies of pBI143 prompted us

to characterize it further beginning with a characterization of its genetic diversity.

To comprehensively sample the diversity of pBI143, we screened 2,137 individually as-

sembled human gut metagenomes (Supplementary Table 1) for pBI143-like sequences. By

surveying all contigs using the known pBI143 sequence as reference, we found three distinct

versions of pBI143 (Figure 3.1A), all of which had over 95% nucleotide sequence identity

to one another throughout their entire length except at the repA gene, where the sequence

identity was as low as 75% with a maximum of 81% between Version 1 and Version 2 (Sup-

plementary Table 2).

We then sought to quantify the prevalence of pBI143 across global human populations

using a metagenomic read recruitment survey with an expanded set of 4,516 publicly available
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Figure 3.1: pBI143 prevalence and abundance in globally distributed human populations.
(A) Plasmid maps of the three distinct versions of pBI143, which differ primarily in the
repA gene. IR = inverted repeat. The repA genes are colored according to Version 1 (blue),
Version 2 (red) and Version 3 (green). (B) Read recruitment results from 4,516 metagenomes
originating from 23 globally representative countries and mapped to pBI143. Top: The
percentage of reads in each metagenome that mapped to pBI143 normalized
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Figure 3.1 continued: by number of reads in the metagenome. Bottom: The proportion of
individuals in a country that have pBI143 in their gut. Each red dot represents an individual
metagenome. (C) Countries that are represented in our collection of 4,516 global adult gut
metagenomes. Each country’s pie chart is colored based on the version(s) of pBI143 that is
most prevalent in that country (Version 1 = blue, Version 2 = red, Version 3 = green). Each
country is colored based on the proportion of Version 1, 2 or 3 present in the population,
or gray if fewer than 20% of individuals carry pBI143. Pie charts show the proportions of
pBI143 versions in all individuals that carry it within a country.

gut metagenomes from 23 countries [Feng et al., 2015, The Human Microbiome Project

Consortium, 2012, Obregon-Tito et al., 2015, Li et al., 2014, Bäckhed et al., 2015, Lou et al.,

2021, David et al., 2015, Raymond et al., 2016, Qin et al., 2012, Wen et al., 2017, Le Chatelier

et al., 2013, Xie et al., 2016, Pasolli et al., 2019, Yassour et al., 2018, Dhakan et al., 2019, Zeevi

et al., 2015, Ferretti et al., 2018, Rampelli et al., 2015, Yachida et al., 2019, Kim et al., 2021,

Liu et al., 2016, Zhernakova et al., 2016] (Supplementary Table 1). Recruiting metagenomic

short reads from each gut metagenome using each pBI143 version independently (Figure 3.2,

Supplementary Table 3), we found that pBI143 was present in 3,295 metagenomes, or 73% of

all samples (Figure 3.1B, see Methods for the ‘detection’ criteria). However, the prevalence

of pBI143 was not uniform across the globe (Figure 3.1B): pBI143 occurred predominantly

in metagenomes of individuals who lived in relatively industrialized countries, such as Japan

(92% of 636 individuals) and the United States (86% of 154 individuals). We rarely detected

pBI143 in individuals who lived in relatively non-industrialized countries such as Madagascar

(0.8% of 112 individuals) or Fiji (8.7% of 172 individuals). This differential coverage is likely

due to the non-uniform distribution of Bacteroides populations, which tend to dominate

individuals who live in relatively more industrialized countries [Gupta et al., 2017]. Within

each individual, pBI143 was often highly abundant (Figure 3.1B), and despite its small size,

it often recruited 0.1% to 3.5% of all metagenomic reads with a median coverage of over

7,000X (Figure 3.2, Supplementary Table 3). In one extreme example, pBI143 comprised an

astonishing 7.5% of all reads in an infant gut metagenome from Italy, with a metagenomic

read coverage exceeding 54,000X (Supplementary Table 3).
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Figure 3.2: Representative coverage plots of global metagenomes mapped to pBI143. Each
coverage plot shows the read recruitment results for an individual metagenome to a pBI143
Version 1 (blue), Version 2 (red) and Version 3 (green). Vertical bars show single nucleotide
variants (red bar = variant in first or second codon position, green bar = variant in third
codon position, gray bar = intergenic variant). The x-axis is the pBI143 reference sequence.
3 coverage plots for each reference version of pBI143 are shown, the remaining 13,539 can
be generated from the anvi’o databases at https://merenlab.org/data/pBI143.

The distribution of pBI143 versions across human populations was also not uniform as

different versions of pBI143 tended to be dominant in different geographic regions. pBI143

Version 1 (98% identical to the original reference sequence for pBI143 [Smith et al., 1995])

dominated individuals in North America and Europe, and occurred on average in 82.5%

of all samples that carry pBI143 from Austria, Canada, Denmark, England, Finland, Italy,

Netherlands, Spain, Sweden and the USA (Figure 3.1C, Supplementary Table 3). In contrast,

pBI143 Version 2 dominated countries in Asia and occurred in 63.6% of all samples that carry

pBI143 in China, Japan, and Korea (Figure 3.1C, Supplementary Table 3). pBI143 Version 3

was relatively rare, comprising only 7.4% of pBI143-positive samples, and mostly occurred in

individuals from Japan, Korea, Australia, Sweden, and Israel (Figure 3.1C, Supplementary

Table 3).

The extremely high prevalence and coverage of pBI143 suggests that it is likely one of

the most numerous genetic elements in the gut microbiota of individuals from industrialized

countries. We compared the prevalence and relative abundance of pBI143 to crAssphage,

a 97 kbp bacterial virus that is widely recognized as the most abundant family of viruses

in the human gut [Yutin et al., 2018]. pBI143 was more prevalent (73% vs 27%) in our
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metagenomes than crAssphage, although individual samples differed widely with respect to

the abundance of these two elements in a given individual (Supplementary Table 3). The av-

erage percentage of metagenomic reads recruited by pBI143 and crAssphage were 0.05% and

0.13%, respectively. However, taking into consideration that crAssphage is approximately 36

times larger than pBI143, and assuming that average coverage is an acceptable proxy to the

abundance of genetic entities, these data suggest that on average pBI143 is 14 times more

numerous than crAssphage in the human gut. Overall, these data demonstrate that pBI143

is one of the most widely distributed and numerous genetic elements in the gut microbiomes

of industrialized human populations world-wide.

3.4.2 pBI143 is specific to the human gut and hosted by a wide range of

Bacteroidales species

Interestingly, the detection patterns of pBI143 in metagenomes differed from the detection

patterns we observed for its de facto host Bacteroides fragilis in the same samples; B. fragilis

and pBI143 co-occurred in only 41% of the metagenomes. Sequencing depth did not explain

this observation, as pBI143 was highly covered (i.e., >50X) in 25% of metagenomes where

B. fragilis appeared to be absent (Supplementary Table 11), suggesting that the host range

of pBI143 extends beyond B. fragilis.

To investigate the host range of pBI143, we employed a collection of bacterial isolates

from the human gut, which contained 717 genomes that represented 104 species in 54 genera

(Supplementary Table 4). We found pBI143 in a total of 82 isolates that resolved to 11 species

across 3 genera: Bacteroides, Phocaeicola, and Parabacteroides. Many of the pBI143-carrying

isolates of distinct species were from the same individuals, suggesting that pBI143 can be

mobilized between species. To confirm this, we inserted a tetracycline resistance gene, tetQ,

into pBI143 in the Phocaeicola vulgatus isolate MSK 17.67 (Figure 3.3, Supplementary Table

4) and tested the ability of this engineered pBI143 to transfer to two strains of two different
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families of Bacteroidales, Bacteroides ovatus D2 and Paracteroides johnsonii CL02T12C29.

In these assays, we found that pBI143 was indeed transferred from the donor to the recipient

strains at a frequency of 5 x 10-7 and 3 x 10-6 transconjugants per recipient, respectively

(Figure 3.3).

Figure 3.3: pBI143 transfer to other Bacteroidales species. (A) Construct made to select for
plasmid transfer. (B) Number of recipients (erythromycin) and number of transconjugants
(erythromycin and tetracycline) for transfer of pBI143-tetQ to Bacteroides ovatus D2 and
Parabacteroides johnsonii CL02T12C129. (C) PCR to confirm presence of pBI143-tetQ in
recipient strain.

Given the broad host range of pBI143, one interesting question is whether the ecological

niche boundaries of pBI143 hosts exceed a single biome, since the members of the order
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Bacteroidales are not specific to the human gut and do occur in a wide range of other habitats

from non-human primate guts [Amato et al., 2013] to marine systems [Iino et al., 2014]. To

investigate whether pBI143 might exist in non-human environments, we searched for pBI143

in metagenomes from coastal and open ocean samples [Sunagawa et al., 2015, Kopf et al.,

2015], captive macaques [Amato et al., 2013], human-associated pets [Coelho et al., 2018],

and sewage samples from across the globe [Hendriksen et al., 2019]. The plasmid was absent

from all non-human associated samples, but as expected, was present in sewage (Figure

3.4, Supplementary Table 3, Supplementary Text). Given the absence of pBI143 in non-

human associated habitats, we also screened metagenomes from human skin and oral cavity

[The Human Microbiome Project Consortium, 2012]. Unlike the extremely high presence of

pBI143 in the human gut, pBI143 was poorly detected both in samples from skin and the

oral cavity (Supplementary Text). Finally, we designed and tested a highly specific qPCR

assay for pBI143 (Supplementary Table 5) to confirm its specificity to the human gut. While

there was a robust amplification of pBI143 from sewage samples confirming our insights from

metagenomic coverages (Figure 3.5), pBI143 was virtually absent in dog, alligator, raccoon,

horse, pig, deer, cow, chicken, goose, cat, rabbit, deer, or gull fecal samples (Supplementary

Table 6). The only exception was the relatively low copy number (i.e., 73-fold less than

human fecal content of sewage) in three of the four cats tested.
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Figure 3.4: Representative coverage plots of sewage metagenomes mapped to pBI143. Each
coverage plot shows the read recruitment results for a sewage metagenome to the Version 1
pBI143 reference sequence. Vertical bars show single nucleotide variants (red bar = variant
in first or second codon position, green bar = variant in third codon position, gray bar =
intergenic variant). The x-axis is the pBI143 reference sequence. 3 sewage coverage plots
are shown, the other 435 coverage plots from all non-human environments can be generated
from the anvi’o databases at https://merenlab.org/data/pBI143.
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Figure 3.5: Detection of pBI143 and two established human fecal markers in water and sewage
samples. Copy number of pBI143, human Bacteroides or Lachnospiraceae as measured by
qPCR. Zero, trace, moderate, high and sewage categories and sample order designations are
determined based on pBI143 copy number. Trace indicates one of the established markers
was detected but was below the level of quantification. The blue background indicates water
samples and the beige background indicates samples from sewage.
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The near-absolute exclusivity of pBI143 to the human gut presents practical opportuni-

ties, such as the accurate detection of human fecal contamination outside the human gut.

Using the same PCR primers, we also amplified pBI143 from water and sewage samples and

compared its sensitivity to the gold standard markers currently used for detecting human

fecal contamination in the environment (16S rRNA gene amplification of human Bacteroides

and Lachnospiraceae) [Feng et al., 2018, Sauer et al., 2011]. pBI143 had higher amplification

in all 41 samples where Bacteroides and Lachnospiraceae were also detected (Figure 3.5).

pBI143 was also amplified in 6 samples with no Bacteroides or Lachnospiraceae amplifica-

tion, suggesting it is a highly sensitive marker for detecting the presence of human-specific

fecal material.

Overall, these data show that pBI143 has a broad range of Bacteroidales species, is

highly specific to the human gut environment, and can serve as a sensitive biomarker to

detect human fecal contamination.

3.4.3 pBI143 is monoclonal within individuals, and its variants across

individuals are maintained by strong purifying selection

So far our investigation of pBI143 has focused on its ecology. Next, we sought to un-

derstand the evolutionary forces that have conserved the pBI143 sequence by quantifying

the sequence variation among the three distinct versions and examining the distribution of

single nucleotide variants (SNVs) within and across globally distributed individuals. Across

the three versions, both pBI143 genes had low dN/dS values (mobA = 0.11, repA = 0.04),

suggesting the presence of strong forces of purifying selection acting on mobA and repA

resulting in primarily synonymous substitutions. While the comparison of the three repre-

sentative sequences provide some insights into the conserved nature of pBI143, it is unlikely

they capture its entire genetic diversity across gut metagenomes.

To explore the pBI143 variation landscape, we analyzed metagenomic reads that matched
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the Version 1 of mobA to gain insights into the population genetics of pBI143 in naturally

occurring habitats through single-nucleotide variants (SNVs). Since the mobA gene was

more conserved across distinct versions of the plasmid compared to the repA gene, focusing

on mobA enabled characterization of variation from all plasmid versions using a single read

recruitment analysis. Surprisingly, the vast majority (83.2%) of the nucleotide positions

that varied in any metagenome matched a nucleotide position that was variable between

at least one pair of the three plasmid versions (Figure 3.6A, Supplementary Table 7). In

other words, pBI143 variation across metagenomes was predominantly localized to certain

nucleotide positions that differed between the representative sequences of pBI143 for Version

1, 2 and 3, indicating that the three representative versions capture the majority of per-

missible pBI143 variation within our collection of gut metagenomes. Indeed, only 24.5% of

metagenomes had more than three novel SNVs that were not present in at least one plasmid

version, and 84.8% of metagenomes had pBI143 sequences that were within 2-nucleotide dis-

tance of one of the three versions. In addition to the primarily localized variation of pBI143,

we also observed that the vast majority of SNVs were fixed within a metagenome (i.e., a

‘departure from consensus’ value near 0, see Methods), suggesting that most humans carry a

monoclonal population of pBI143 with little to no within-individual variation (Figure 3.6C,

Supplementary Table 7).
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Figure 3.6: The mutational landscape of pBI143 in sewage and the human gut. (A) The
proportion of SNVs across 4,516 human gut metagenomes that are present in the same
location (match) or different locations (do not match) as variation in one of the versions
of pBI143 (turquoise). Each point is a single metagenome. (B) The proportion of SNVs
across 68 sewage gut metagenomes that are present in the same location (match) or different
locations (do not match) as variation in one of the versions of pBI143 (pink). (C) Non-
consensus SNVs present in 4,516 human gut metagenomes and 68 sewage metagenomes. (D)
AlphaFold 2 predicted structure of the catalytic domain of MobA with single amino acid
variants from all 4,516 human gut metagenomes superimposed as ball-and-stick residues.
oriT DNA (gray) and a Mn2+ ion marking the active site (purple) were modeled based
on 4lvi.pdb (Radoslaw Pluta et al. 2017). The size of the ball-and-stick spheres indicate
the proportion of samples carrying variation in that position (the larger the sphere, the
more prevalent the variation at the residue) and the color is in CPK format. The color of
the ribbon diagram indicates the pLDDT from AlphaFold 2 with red = very high (> 90
pLDDT) and orange = confident (80 pLDDT).

Next, we sought to investigate the functional context of non-synonymous environmental

variants of MobA given its structure. For this, we employed single-amino acid variants

[Delmont et al., 2019] (SAAVs) we recovered from gut metagenomes and superimposed them

on the AlphaFold 2 [Mirdita et al., 2022, Delmont et al., 2019] predicted structure of MobA

using anvi’o structure [Kiefl et al., 2023, Mirdita et al., 2022, Delmont et al., 2019]. The

predicted catalytic domain of pBI143 MobA was structurally similar to MobM of the MobV-

family (Protein Data Bank accession: 4LVI) encoded by plasmid pMV158 [Pluta et al.,
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2017]. We used the structurally similar catalytic domain in MobA to model the binding of

the oriT of pBI143 to MobA. We found that there were only 21 SAAVs throughout MobA

that were present in greater than 5% of the gut metagenomes (Figure 3.6D). Interestingly,

highly prevalent SAAVs occurred exclusively near the DNA binding site (L56, E49, and A64),

suggesting that that the non-synonymous variants we observe in the context of MobA may

be involved in altering the DNA binding specificity for the oriT sequence [Pluta et al., 2017]

demonstrating the coevolution of the oriT with the MobA protein between distinct pBI143

versions. Additionally, we find it likely that the cluster of high prevalence variation at residues

V251, A246, V239, T238, I235, and L234 (Figure 3.7B) may be driven by interactions with

different host conjugation machinery for plasmid transfer. The functional implications of

prevalent SAAVs given the structural context of the MobA gene highlight the role of adaptive

processes on the evolution of pBI143 versions.

Unlike the individual gut metagenomes the pBI143 sequences did not occur in a mon-

oclonal fashion in sewage metagenomes as expected (Supplementary Table 7). Sewage

metagenomes had, on average, 35 SNVs with a departure from consensus value of lower

than 0.9, revealing the polyclonal nature of pBI143 in sewage (Figure 3.6C, Supplementary

Table 7). Similar to the individual gut metagenomes, most SNVs in sewage metagenomes

(78.8%) occurred at a nucleotide position that was variable across at least one pair of the

three pBI143 versions (Figure 3.6B, Supplementary Table 7), suggesting that the majority

of the variability in sewage is from the mixing of different versions of pBI143. However, the

number of novel SNVs was much higher in sewage: 61.8% of sewage samples had greater than

three SNVs that did not match a variable position in one of the three reference plasmids

(Figure 3.6B). Given the marked increase in the number of novel SNVs in sewage, it is likely

there are additional but relatively rare versions of pBI143 in the human gut.

Overall, these results indicate that pBI143 has a highly restricted mutational landscape in

natural habitats, frequently occurs as a monoclonal element in individual gut metagenomes,
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Figure 3.7: The mutational landscape of pBI143 in sewage and the human gut. (A) The
proportion of SNVs across 4,516 human gut metagenomes that are present in the same
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Figure 3.7 continued: location (match) or different locations (do not match) as variation
in one of the versions of pBI143 (turquoise). Each point is a single metagenome. (B) The
proportion of SNVs across 68 sewage gut metagenomes that are present in the same location
(match) or different locations (do not match) as variation in one of the versions of pBI143
(pink). (C) Non-consensus SNVs present in 4,516 human gut metagenomes and 68 sewage
metagenomes. (D) AlphaFold 2 predicted structure of the catalytic domain of MobA with
single amino acid variants from all 4,516 human gut metagenomes superimposed as ball-
and-stick residues. oriT DNA (gray) and a Mn2+ ion marking the active site (purple) were
modeled based on 4lvi.pdb (Radoslaw Pluta et al. 2017). The size of the ball-and-stick
spheres indicate the proportion of samples carrying variation in that position (the larger the
sphere, the more prevalent the variation at the residue) and the color is in CPK format. The
color of the ribbon diagram indicates the pLDDT from AlphaFold 2 with red = very high
(>90 pLDDT) and orange = confident (80 pLDDT).

and the non-synonymous variants of MobA in the environment may be responsible for altering

its DNA binding.

3.4.4 pBI143 is vertically transmitted, its variants are more specific to

individuals than their host bacteria, and priority effects best explain its

monoclonality in most individuals

The largely monoclonal nature of pBI143 presents an interesting ecological question:

how do individuals acquire it, and what maintains its monoclonality? Multiple phenomena

could explain the monoclonality of pBI143 in individual gut metagenomes, including (1)

low frequency of exposure (i.e., most individuals are only ever exposed to one version), (2)

bacterial host specificity (i.e., some plasmid versions replicate more effectively in certain

bacterial hosts), or (3) priority effects (i.e., the first version of pBI143 establishes itself in

the ecosystem and excludes others). The sheer prevalence and abundance of pBI143 across

industrialized populations renders the ‘low frequency of exposure’ hypothesis an unlikely

explanation. Yet the remaining two hypotheses warrant further investigation.

Bacterial host specificity is a plausible driver for the presence of a singular pBI143 ver-

sion within an individual, given the interactions between plasmid replication genes and host

105



replication machinery [Thomas, 2014b, Lu et al., 1998]. However our analysis of 82 bacte-

rial cultures isolated from 10 donors shows that the plasmid is more specific to individuals

than it is to certain bacterial hosts (Figure 3.8, Supplementary Table 9). Indeed, identical

pBI143 sequences often occurred in multiple distinct taxa isolated from the same individ-

ual, in agreement with the monoclonality of pBI143 in gut metagenomes and its ability to

transfer within Bacteroidales. If pBI143 monoclonality is not driven by rare exposure or

host specificity, it could be driven by priority effects [Debray et al., 2021], where the initial

pBI143 version somehow prevents other pBI143 versions from establishing in the same gut

community.

Figure 3.8: Phylogeny of pBI143 in human donors versus the phylogeny of bacterial iso-
lates recovered from the same individuals. pBI143 (left) and bacterial host (right) genome
phylogenies. The pBI143 phylogeny was constructed using the MobA and RepA genes; the
bacterial phylogeny was constructed using 38 ribosomal proteins (see Methods). Blue allu-
vial plots are isolates with Version 1 pBI143 and red alluvial plots are isolates with Version
2 pBI143. No isolates had the rarer Version 3.

To examine if priority effects play a role in pBI143 monoclonality, we aimed to determine

how pBI143 is acquired. Given that one established route of microbial acquisition is the

vertical transmission of microbes from mother to infant [Vatanen et al., 2022], we used our

ability to track pBI143 SNVs between environments to investigate if there is evidence for
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vertical transmission. We followed the inheritance of identical SNV patterns in pBI143 using

154 mother and infant gut metagenomes from four countries, Finland [Yassour et al., 2018],

Italy [Ferretti et al., 2018], Sweden [Bäckhed et al., 2015], and the USA [Lou et al., 2021],

where each study followed participants from birth to 3 to 12 months of age. We recruited

reads from each metagenome to Version 1 pBI143 (Supplementary Table 1 and 3, Figure

3.9) and identified the location of each SNV in mobA (Supplementary Table 10). These data

revealed a large number of cases where pBI143 had identical SNV patterns in mother-infant

pairs (Figure 3.10A, Supplementary Table 10). A network analysis of shared SNV positions

across metagenomes appeared to cluster family members more closely, indicating mother-

infant pairs had more SNVs in common than they had with unrelated individuals, which

we could further confirm by quantifying the relative distance between each sample to others

(Figure 3.11, Supplementary Table 10, Methods).
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Figure 3.9: Representative mother-infant coverage plots. Each coverage plot shows the
read recruitment results for an individual metagenome to the Version 1 pBI143 reference
sequence. Vertical bars show single nucleotide variants (red bar = variant in first or second
codon position, green bar = variant in third codon position, gray bar = intergenic variant).
The x-axis is the pBI143 reference sequence. 4 coverage plots are shown, the other 1,020 can
be generated from the anvi’o databases at https://merenlab.org/data/pBI143.
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Figure 3.10: Transfer and maintenance of pBI143. (A) The network shows the degree of
similarity between pBI143 SNVs across 154 mother and infant metagenomes from Finland,
Italy, Sweden and the USA. Each node is an individual metagenome and nodes are colored
based on family grouping. The surrounding coverage plots (colored) are visual representa-
tions of SNV patterns present in the indicated metagenomes. Nodes labeled with an “M” are
mothers; nodes with no labels are infants. (B) Representative coverage plots showing dif-
ferent coverage patterns (maintained, two versions or wilt) observed in plasmids transferred
from mothers to infants.
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Figure 3.11: Mother-infant network quantification. Quantification of distances between sam-
ples in the network, where distance is calculated by converting the network file to a distance
matrix using the python ‘pdist‘ function with cosine distances. The “subtracted difference”
shows the mean within-family distances subtracted from mean between-family distances for
each sample in the mother infant pair network. See methods for more details.

Establishing that pBI143 is often vertically transferred, we next examined the impact of

priority effects on pBI143 maintenance over time. We assumed that if priority effects are

driving persistence of a single version of pBI143, the first version that enters the infant gut

environment should be maintained over time. Indeed, many phage populations are influenced

by priority effects where the presence of one phage provides a competitive advantage to the

host [Joo et al., 2006] or host immunity to infection with similar phages [Bondy-Denomy

et al., 2016, Mavrich and Hatfull, 2019, Chen et al., 2020b]. In our data, we found no

instances where pBI143 acquired from the mother was fully replaced in the infant during

and up to the first year of life (Figure 3.10, Supplementary Table 10). While 69% of infants
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maintained the version received from the mother (Figure 3.10B), we also observed other, less

common genotypes. These less common cases included a ‘two versions’ scenario where the

mother possessed two versions of pBI143, both of which were passed to the infant (21%), and

a ‘wilt’ case, where the transferred pBI143 was neither replaced nor persisted until the end of

sampling (7%) (Figure 3.10B). Although these less prevalent phenotypes are not necessarily

explained by priority effects, 69% maintenance of the initial version of pBI143 suggests that

priority effects have an important role in the maintenance of pBI143 in the gut, despite many

incoming populations colonizing the infant and likely carrying other pBI143 versions.

Overall, by tracking SNV patterns between environments we established that pBI143 is

vertically transferred from mothers to infants and that priority effects likely play a role in

maintaining the predominantly monoclonal populations of pBI143.

3.4.5 pBI143 is a highly efficient parasitic plasmid

An intuitive interpretation of the surprising levels of prevalence and abundance of pBI143

across the human population, in addition to its limited variation maintained by strong evo-

lutionary forces, is that it provides some benefit to the bacterial host. However, the two

annotated genes in pBI143 appear to serve only the purpose of ensuring its own replication

and transfer, contradicting this premise. The coverage of pBI143 and its Bacteroides, Pho-

caeicola and Parabacteroides hosts in gut metagenomes indeed show a significant positive

correlation (R2: 0.5, p-value < 0.001) (Figure 3.12A, Supplementary Table 11), however,

these data are not suitable to distinguish whether pBI143 provides a benefit to the bacterial

host fitness, or acts as a genetic hitchhiker.
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Figure 3.12: The relationship between pBI143 and its bacterial hosts. (A) The average
coverage of pBI143 and the corresponding coverage of predicted host genomes (Bacteroides,
Parabacteroides and Phocaeicola) in 4,516 metagenomes. (B) Competition experiments in
gnotobiotic mice between B. fragilis with and without pBI143. The proportion of pBI143-
carrying cells in 6 mice in the initial inoculum, at Day 8 and at Day 14 are shown. (C) Four
examples of pBI143 assembled from metagenomes that carry additional cargo genes. Gray
genes are the canonical repA and mobA genes of naive pBI143; lilac genes are additional
cargo.
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To experimentally investigate if pBI143 is advantageous or parasitic, we constructed

isogenic pairs of B. fragilis 638R and B. fragilis 9343 with and without the native Version

1 sequence of pBI143 (Supplementary Methods). To determine if pBI143 is well-adapted

to replication in a new Bacteroides host, we tested its maintenance in culture. After 7

days of passaging, pBI143 was still present in all colonies of B. fragilis 638R and B. fragilis

9343 (Supplementary Table 12). Next, we competed the B. fragilis 638R (with and without

pBI143) of B. fragilis 638R in gnotobiotic mice for 2 weeks. At Day 8, 5/6 mice had more

B. fragilis 638R with pBI143 than without; however this trend did not continue into Day

14, where 4/6 mice had fewer cells with pBI143 (Figure 3.12B, Supplementary Table 12).

While we can speculate that these populations may continue to fluctuate, the results at least

suggest a negligible negative fitness impact of pBI143 on its bacterial host.

One potential benefit that pBI143 could provide to its host is to act as a natural shuttle

vector by transiently acquiring additional genetic material and transferring it between cells

in a community. In fact, in our survey of assembled gut metagenomes we observed a few

cases that may support such a role for pBI143. In most individuals, we assembled pBI143 in

its native form with 2 genes. However, there were 10 instances where the assembled pBI143

sequence from a given metagenome contained additional genes (Figure 3.12C, Supplemen-

tary Table 2). Many of the additional genes have no predicted function, but other cargo

include toxin-antitoxin genes conferring plasmid stability, as well as those that may confer

beneficial functions to the bacterial host, such as galacturonosidase, pentapeptide trans-

ferase, phosphatase, and histidine kinase genes. These occasional larger versions of pBI143

share a common backbone of repA and mobA and thus form a “plasmid system” [Yu et al.,

2020], a common plasmid evolutionary pattern suggesting the possibility that pBI143 may

dynamically acquire different genes in different environments.

Overall, it does not appear that the native sequence of pBI143 provides a clear benefit to

its host cells, however it does appear to positively correlate with these hosts in metagenomic
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data, and is maintained in the absence of selection in new hosts in vitro.

pBI143 responds to oxidative stress in vitro, and its copy number is significantly

higher in metagenomes from individuals who are diagnosed with IBD

Mobile genetic elements rely on their hosts for replication machinery, but many have

developed mechanisms to increase their rates of replication and transfer during stressful

conditions to increase the likelihood of their survival if the host cell dies [Beaber et al., 2004,

Comeau et al., 2007, Ubeda et al., 2005, Schumann et al., 1984]. To investigate whether the

copy number of pBI143 changes as a function of stress, we first conducted an experiment

with B. fragilis isolates that naturally carry pBI143.

Given that oxygen exposure upregulates oxidative stress response pathways in the anaer-

obic B. fragilis [Sund et al., 2008], we exposed two different B. fragilis cultures, B. fragilis

R16 (which was isolated from a healthy individual) and B. fragilis 214 (which was isolated

from a pouchitis patient [Vineis et al., 2016]) to 21% oxygen for increasing periods of time

(Figure 3.13A, Figure 3.14, Supplementary Table 13). To calculate the copy number of

pBI143 in culture, we quantified the ratio between the total number of plasmids and the

total number of cells in culture using a qPCR with primers targeting pBI143 and a B. frag-

ilis-specific gene we identified through pangenomics (Methods). As the length of oxygen

exposure increased, the copy number of pBI143 per cell also increased. Notably, the copy

number was quickly reduced to control levels once the cultures were returned to anaerobic

conditions, indicating that copy number fluctuation is a rapid and transient process that is

dependent on host stress.
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Figure 3.13: pBI143 copy number increases in stressful environments. (A) Copy number
of pBI143 in B. fragilis 214 cultures with increasing exposure to oxygen. Arrows indicate
the time point at which the culture was returned to the anaerobic chamber. The control
cultures (gray) were never exposed to oxygen. Opaque lines are the mean of 5 replicates
(translucent lines). (B) Host-specific approximate copy number ratio (ACNR) of pBI143 in
healthy individuals (gray) versus those with IBD (purple).
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Figure 3.14: R16 oxidative stress experiment. Copy number of pBI143 in B. fragilis R16
cultures with increasing exposure to oxygen. Arrows indicate the time point at which the
culture was returned to the anaerobic chamber. The control cultures (gray) were never
exposed to oxygen. Opaque lines are the mean of 5 replicates (translucent lines).
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Oxidative stress is also a signature characteristic of inflammatory bowel disease (IBD), a

group of intestinal disorders that cause inflammation of the gastrointestinal tract [Baumgart

and Carding, 2007]. The dysregulation of the immune system during IBD typically leads

to high levels of oxidative stress in the gut environment [Graham and Xavier, 2020]. We

thus hypothesized that, if oxidative stress is among the factors that drive the increased

copy number of pBI143 in culture, one should expect a higher copy number of pBI143 in

metagenomes from IBD patients compared to healthy controls.

To analyze the copy number of pBI143 in a given metagenome, we calculated the ratio

of metagenomic read coverage between pBI143 and its bacterial host in metagenomes where

pBI143 could confidently be assigned to a single host. With these considerations, we devel-

oped an approach to calculate an ‘approximate copy number ratio’ (ACNR) for pBI143 and

its unambiguous bacterial host in a given metagenome using bacterial single-copy core genes

(see Methods). We calculated the ACNR of pBI143 in 3,070 healthy and 1,350 IBD gut

metagenomes (Supplementary Table 1, Figure 3.2 and 3.15). Our analyses showed that the

geometric mean of the ACNR for pBI143 and its host was 3.72 times larger (robust-Wald

95% CI: 2.66x - 5.20x, p-value < 10-13) in IBD compared to healthy metagenomes, indicat-

ing that the pBI143 ACNR was significantly higher in individuals with IBD compared to

those who were healthy (Figure 3.13B, Supplementary Table 14).
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Figure 3.15: Representative IBD gut metagenome coverage plots. Each coverage plot shows
the read recruitment results for an individual metagenome to a pBI143 Version 1. Vertical
bars show single nucleotide variants (red bar = variant in first or second codon position,
green bar = variant in third codon position, gray bar = intergenic variant). The x-axis is
the pBI143 reference sequence. 3 coverage plots are shown, the other 3,087 can be generated
from the anvi’o databases at https://merenlab.org/data/pBI143.

The copy number ratio of pBI143 to its B. fragilis host in culture calculated with qPCR

primers was much lower (approximately 5X on average) compared to its approximate copy

number ratio in healthy metagenomes (approximately 120X on average). Multiple factors can

explain this difference, including biases associated with sequencing steps or the calculation

of the coverage, or that the conditions naturally occuring communities experience vastly

differ than those conditions encountered in culture media, even in the presence of oxygen.

Nevertheless the marked increase of the relative coverages of pBI143 and its host in IBD

metagenomes suggest the potential utility of this cryptic plasmid for unbiased measurements
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of stress. Overall, these results show that both in metagenomes and experimental conditions,

an increased copy number of pBI143 is a consistent phenotype in the presence of host stress.

3.5 Discussion

Our work shed lights on a mysterious corner of life in the human gut. Even though

pBI143 is found in greater than 90% of all individuals in some countries, the prevalence of

this cryptic plasmid has gone unnoticed for almost four decades since its discovery by Smith,

Rollins, and Parker [Smith et al., 1995]. The remarkable ecology, evolution, and potential

practical applications of pBI143 that we characterized here through ‘omics analyses as well

as in vitro and in vivo laboratory experiments offer a glimpse of the world of understudied

cryptic plasmids in the human gut, and elsewhere.

The application of population genetics principles to pBI143 through the recovery of single-

nucleotide variants (SNVs) and single-amino acid variants (SAAVs) from gut metagenomes

reveals not only the strong forces of purifying selection on the evolution of its sequence,

but also hints the presence of adaptive processes at localized amino acid positions that are

variable in the critical parts of the DNA-interacting residues of the catalytic domain of its

mobilization protein. The presence of pBI143 does not appear to systematically impact

bacterial host fitness in vivo, which makes this cryptic plasmid seem a mundane parasite,

somewhat contradicting the strict evolutionary pressures that maintain its environmental

sequence variants.

That said, our observations from naturally occurring gut environments include cases

where pBI143 carries additional genes, likely acting as a natural shuttle vector. Although

traditionally mobile genetic elements are classified as mutualistic or parasitic with respect

to the bacterial host, the fluidity of pBI143 to fluctuate between the cryptic 2-gene state

and the larger 3 or more gene state with potentially beneficial functions, suggests that the

boundaries between parasitism and mutualism for pBI143 are not clear cut. Instead, pBI143
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may act as a ‘discretionary parasite’, where it has a cryptic form for the majority of its

existence in which it could be best described as a parasite, while occasionally being found

with additional functions that may be beneficial to its host as a function of environmental

pressures. Testing this hypothesis with future experimentation, and if true, investigating

to what extent discretionary parasitism applies to cryptic plasmids, may lead to a deeper

understanding of the role cryptic plasmids play in microbial fitness to changing environmental

conditions.

Our findings show that it has important potential practical applications beyond molecu-

lar biology. The first and most straightforward of these applications relies on the prevalence

and human specificity of pBI143 to more sensitively detect human fecal contamination in

water samples. Human fecal pollution is a global public health problem, and accurate and

sensitive indicators of human fecal pollution are essential to identify and remediate con-

tamination sources and to protect public health [McLellan and Eren, 2014]. While culture

assays for E. coli or Enterococci have historically been used to detect human fecal con-

tamination in environmental samples, the common occurrence of these organisms in many

different mammalian guts and the poor sensitivity of such assays motivated researchers in

the past two decades to utilize PCR amplification of 16S rRNA genes, specifically those

from human-specific Bacteroides and Lachnospiraceae populations, to detect human-specific

fecal contamination with minimal cross-reactivity with animal feces [Feng et al., 2018, Sauer

et al., 2011]. Our benchmarking of pBI143 with qPCR revealed that pBI143 is an extremely

sensitive and specific marker of human fecal contamination that typically occurs in human

fecal samples and sewage in numbers that are several-fold higher than the state-of-the-art

markers, which enabled the quantification of fecal contamination in samples where it had

previously gone undetected. Another practical application of pBI143 takes advantage of its

natural shuttle vector capabilities to incorporate additional genetic material into its back-

bone. Our demonstration that pBI143 (1) replicates in many abundant gut microbes, (2)

120



can be stably introduced to new hosts, and (3) naturally acquires genetic material makes

this cryptic plasmid an ideal natural payload delivery system for future therapeutics tar-

geting the human gut microbiome. Indeed, our observations of pBI143 with cargo genes in

metagenomes indicates that this likely happens in nature. Yet another practical implication

of pBI143 is its utility to measure the level of stress in the human gut. Surveying thousands

of samples from individuals who are healthy or diagnosed with IBD, our results show that

across all bacterial hosts, the approximate copy number of pBI143 increases in individuals

with IBD.

From a more philosophical point of view, the prevalence and high conservancy of pBI143

across globally distributed human populations questions the traditional definition of the

‘core’ microbiome [Neu et al., 2021]. In its aim to define a core microbiome, the field of

microbial ecology has primarily focused on bacteria, although sometimes including prevalent

archaea or fungi [Aguirre de Cárcer, 2018, Mancabelli et al., 2017, Shetty et al., 2022, Nash

et al., 2017]. However, our results indicate that there are mobile genetic elements that fit

the standard criteria of prevalence to be defined as core. Broadening the definition of a

core microbiome beyond microbial taxa may enable the recognition of other mobile genetic

elements (eg. plasmids, phages, transposons) that are prevalent across human populations

and fill critical gaps in our understanding of gut microbial ecology.

3.6 Materials and Methods

3.6.1 Genomes and metagenomes

We acquired the original pBI143 genome from the National Center for Biotechnological

Information (GenBank: U30316.1). We manually assembled the three reference versions of

pBI143 (Version 1, 2 and 3) from metagenomes samples USA0006, CHI0054 and ISR0084.

We acquired 717 human gut isolate genomes from the Duchossois Family Institute collection
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(Supplementary Table 4). We downloaded 4,516 healthy human adult gut metagenomes from

the National Center for Biotechnology Information (NCBI) from (Australia (Accession ID:

PRJEB6092), Austria [Feng et al., 2015], Bangladesh [David et al., 2015], Canada [Raymond

et al., 2016], China [Qin et al., 2010, Wen et al., 2017], Denmark [Le Chatelier et al., 2013],

England [Xie et al., 2016], Ethiopia [Pasolli et al., 2019], Fiji [Brito et al., 2016], Finland

[Yassour et al., 2018], India [Dhakan et al., 2019], Israel [Zeevi et al., 2015], Italy [Ferretti

et al., 2018, Rampelli et al., 2015], Japan [Yachida et al., 2019], Korea [Kim et al., 2021],

Madagascar [Pasolli et al., 2019], Mongolia [Pasolli et al., 2019, Liu et al., 2016], Netherlands

[Zhernakova et al., 2016], Peru [Obregon-Tito et al., 2015], Spain [Li et al., 2014], Sweden

[Bäckhed et al., 2015], Tanzania [Rampelli et al., 2015], and the USA [Obregon-Tito et al.,

2015, Lou et al., 2021, The Human Microbiome Project Consortium, 2012]) (Supplemen-

tary Table 1). We acquired 1,096 gut metagenomes from infant-mother pairs from Italy,

Finland, Sweden and the USA from NCBI (Supplementary Table 1). We downloaded 935

metagenomes from non-human gut environments (marine ecosystems, pet dog guts, monkey

guts, sewage, human oral cavity, and human skin) (Supplementary Table 1).

3.6.2 Metagenomic assembly, read recruitment, and the recovery of coverage

and detection statistics

Unless otherwise specified, we performed all metagenomic analyses throughout the manuscript

within the open-source anvi’o v7 software ecosystem (https://anvio.org) [Eren et al., 2021].

We automated assembly and read recruitment steps using the anvi’o metagenomics work-

flow [Shaiber et al., 2020] which used snakemake v5.10 [Köster and Rahmann, 2012]. To

quality-filter genomic and metagenomic raw paired-end reads we used illumina-utils v1.4.4

[Murat Eren et al., 2013] program ‘iu-filter-quality-minoche‘ with default parameters, and

IDBA_UD v1.1.2 with the flag ‘–min_contig 1000‘ to assemble the metagenomes [Peng

et al., 2012]. We used Bowtie2 v2.4 [Langmead and Salzberg, 2012] to recruit reads from
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the metagenomes to reference sequences and samtools v1.9 [Li et al., 2009] to convert re-

sulting SAM files into sorted and indexed BAM files. We generated anvi’o contigs databases

(https://anvio.org/m/contigs-db) using the command ‘anvi-gen-contigs-database‘, during

which Prodigal v2.6.3 [Hyatt et al., 2010] identifies open reading frames. We created anvi’o

profile databases of the mapping results for each metagenome using ‘anvi-profile‘, which

stores coverage and detection statistics, and ‘anvi-merge‘ to combine all profiles together.

To recover coverage and detection statistics for a given merged profile database, we used the

program ‘anvi-summarize‘ with ‘–init-gene-coverages‘ flag.

3.6.3 Criteria for detection of pBI143 and crAssphage in metagenome

Using mean coverage to assess the occurrence of a given sequence in a given sample

based on metagenomic read recruitment can yield misleading insights due to non-specific

read recruitment (i.e., recruitment of reads from metagenomes to a reference sequence from

non-target populations). Thus, we relied upon the detection statistic reported by anvi’o,

which is a measure of the proportion of the nucleotides in a given sequence that are covered

by at least one short read. We considered pBI143 was present in a metagenome only if

its detection value was 0.5 or above. Values of detection in metagenomic read recruitment

results often follow a bimodal distribution for populations that are present and absent (see

Supplementary Figure 2 in ref. [Utter et al., 2020]). Thus, 0.5 is a conservative cutoff to

minimize a false-positive signal to assume presence.

3.6.4 Distinguishing the presence of distinct pBI143 versions in a genome or

metagenome

We used the results of individual read recruitments to each known version of pBI143 to

measure the coverage of each gene in pBI143 in samples that had a detection of greater than

0.9 and compared the ratio of the coverage of each gene. The pBI143 version where the genes
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have the most even coverage ratio was considered the predominant version in that genome

or metagenome.

3.6.5 Addition of tetQ to pIB143

To study transfer of pBI143 from Phocaeicola vulgatus MSK 17.67 to other Bacteroidales

species, we added tetQ to pBI143. We PCR amplified tetQ from Bacteroides caccae CL03T12C61

and inserted it at the site shown in Figure 3.3 (all primers are listed in Supplementary Table

15). We PCR amplified the DNA regions flanking each side of this insertion site and the

three PCR products were cloned into BamHI-digested pLGB13 [García-Bayona and Com-

stock, 2019]. We conjugally transferred this plasmid into Phocaeicola vulgatus MSK 17.67

and selected cointegrates on gentamycin 200 µg/ml and erythromycin 10 µg/ml. We pas-

saged the cointegrate in non-selective medium and selected the resolvents by plating on

anhydrotetracycline (75 ng/ml). We confirmed pIB143 contained tetQ by WGS the strain

at the DFI Microbiome Metagenomics Facility.

3.6.6 Transfer assays

The recipient strains that received pBI143-tetQ were Parabacteroides johnsonii CL02T12C29

and Bacteroides ovatus D2, both erythromycin resistant and tetracycline sensitive. We grew

the donor strain Phocaeicola vulgatus MSK 17.67 pBI143-tetQ and recipient strains to an

OD600 of approximately 0.7 and mixed them at a 10:1 ratio (v:v) donor to recipient, and

spotted 10 µl onto BHIS plates and grew them anaerobically for 20 h. We resuspended the

co-culture spot in 1 mL basal media and cultured 10-fold serial dilutions on plates with ery-

thromycin (to calculate number of recipients) or erythromycin and tetracycline (4.5 µg/ml)

(to select for transconjugants). We performed multiplex PCR as described [Zitomersky

et al., 2011, Evans et al., 2022] to confirm that TetR ErmR colonies were the recipient strain

containing pBI143-tetQ (Figure 3.3).
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3.6.7 Calculations of purifying selection and characterization of single

nucleotide variants across metagenomes

We calculated dN/dS ratios as described previously [Kiefl et al., 2023]; details of which

can also be found at https://merenlab.org/data/anvio-structure/chapter-IV/#calculating-

dndstextgene-for-1-gene. To determine the mutational landscape of pBI143 across metagenomes,

we first identified all variable positions present in the reference pBI143 sequences. We used

the program ‘anvi-script-gen-short-reads‘ to generate artificial short reads from the version 2

and version 3 pBI143 sequences and recruited these reads to the version 1 pBI143 sequence

to generate data similar to the read recruitment from metagenomes. Then, we took read

recruitment data from the global human gut metagenomes and sewage metagenomes mapped

to version 1 pBI143. We ran ‘anvi-gen-variability-profile‘ on the artificial read recruitment

profile databases as well as on all profile databases from metagenomes with greater than 10X

Q2Q3 coverage to identify all SNV positions. We compared the SNV positions in each gut or

sewage metagenome to those present in our reference sequences and calculated the number of

SNVs in each metagenome that did and did not match SNVs in the references. To calculate

the number of non-consensus SNVs in a metagenome, we again ran the command ‘anvi-

gen-profile-database‘ on the same metagenomes, this time with the flags ‘–gene-caller-ids

0‘, ‘–min-departure-from-consensus 0.1‘, ‘–include-contig-names‘ and ‘–quince-mode‘, which

produces a file that describes the variation in every single position across the reference and

calculates the departure from consensus for each SNV with a departure from consensus

greater than 0.1.

3.6.8 pBI143 structural and polymorphism analysis

To explore the impact of SAAVs on the protein structure of pBI143 MobA, we de novo

predicted the monomer and dimer structures using AlphaFold 2 (AF) in ColabFold with

default settings [Mirdita et al., 2022]. AlphaFold 2 confidently predicted the structure of the
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catalytic domain but had low pLDDT scores for the coil domains and the dimer interactions.

However, we explored variants across the whole dimer complex. Next, we integrated the

pBI143 MobA AF structure into anvi’o structure by running ‘anvi-gen-structure-database’

[Delmont et al., 2019]. After that, we summarized SNV data as SAAVs from the metagenomic

read recruitment data using ‘anvi-gen-variability-profile –engine AA’ to create a variability

profile (https://anvio.org/m/variability-profile). Subsequently, we superimposed the SAAV

data variability profile on the structure with ‘anvi-display-structure’ which filtered for vari-

ants that had at least 0.05 departure from consensus (reducing our metagenomic samples size

from 2221 to 1706). Finally, we analyzed SAAVs that were prevalent in at least 5% of remain-

ing samples. This left us with 21 SAAVs to analyze on the monomer. Next, we explored the

relationship between SAAVs, relative solvent accessibility (RSA), and ligand binding residues

in pBI143 MobA. To do this, we identified the homologous structure PDB 4LVI (MobM)

by searching the high pLDDT pBI143 AF domain against the structure database PDB100

2201222 using Foldseek (https://search.foldseek.com/search). We next structurally aligned

the pBI143 MobA AF structure to PDB 4LVI ( MobM) [Pluta et al., 2014] using PyMol [De-

lano, 2002]. We chose the MobM structure 4LVI rather than a MobA because it had more

structural and sequence homology to the pBI143 MobA catalytic domain AF structure than

any PDB MobA structures. Additionally, we leveraged residue conservation values from the

pre-calculated 4LVI ConSurf analysis to further explore ligand binding residues [Ben Chorin

et al., 2020, Goldenberg et al., 2009].

3.6.9 Phylogenetic tree construction

To construct the pBI143 phylogeny, we identified pBI143 contigs from the isolate genome

assemblies (Supplementary Table 4) using BLAST [Altschul et al., 1990]. We ran ‘anvi-

gen-contigs-database’ on each pBI143 contig followed by ‘anvi-export-gene-calls’ with the

flag ‘–gene-caller prodigal’ and concatenated the resulting amino acid sequences. For the
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bacterial host phylogeny, we ran ‘anvi-gen-contigs-database’ on each assembled genome.

Then, we extracted ribosomal genes (see Supplementary Methods for details), aligned them

with MUSCLE v3.8.1551 [Edgar, 2004a], trimmed the alignments with trimAl [Capella-

Gutiérrez et al., 2009] using the flag ‘-gt 0.5’, and computed the phylogeny with IQ-TREE

2.2.0-beta using the flags ‘-m MFP’ and ‘-bb 1000’ [Nguyen et al., 2015]. We visualized

the trees with ‘anvi-interactive’ in ‘–manual-mode’, and used the metadata provided by the

Duchossois Family Institute to label the isolates to their corresponding donors. We used the

‘geom_alluvium‘ function in ggplot2 to make the alluvial plots.

3.6.10 Construction and analysis of the network that describes shared

single-nucleotide variants across mothers and infants

To investigate whether single-nucleotide variants suggest a vertical transmission of pBI143,

we used metagenomic read recruitment results from four independent study that generated

metagenomic sequencing of fecal samples collected from mothers and their infants in Finland

[Yassour et al., 2018], Italy [Ferretti et al., 2018], Sweden [?], and the USA [Lou et al., 2021],

against the pBI143 Version 1 reference sequence. The URL https://merenlab.org/data/pBI143

serves a fully reproducible workflow of this analysis. The primary input for this investigation

was the anvi’o variability data, which is calculated by the anvi’o program ‘anvi-profile‘, and

reported by the anvi’o program ‘anvi-gen-variability-profile‘ (with the flag ‘–engine NT‘).

The program ‘anvi-gen-variability-profile‘ (https://anvio.org/m/anvi-gen-variability-profile)

offers a comprehensive description of the single-nucleotide variants in metagenomes for down-

stream analyses. Since the mobA gene was conserved enough to represent all three versions

of pBI143, for downstream analyses we limited the context to study variants to the mobA

gene. The total number of samples in the entire dataset with at least one variable nucleotide

position was 309, which represented a total of 102 families (Sweden: 52, USA: 24, Finland:

14, Italy: 11). We removed any sample that did not belong to a minimal complete family
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(i.e., at least one sample for the mother, and at least one sample of her infant), which reduced

the number of families in which both members are represented to 57 families (Sweden: 36,

USA: 16, Finland: 3, Italy: 2). We further removed families if the coverage of the mobA

gene was not 50X or more in at least one mother and one infant sample in the family, which

reduced the number of families with both members represented and with a reliable coverage

of mobA to 49 families (Sweden: 33, USA: 13, Finland: 2, Italy: 1), and from a given family,

we only used the samples that had at least 50X for downstream analyses. We subsampled the

variability data in R to only include the variable nucleotide position data for the final list of

samples. We then used the list of single-nucleotide variants reported in this file to generate

a network description of these data using the program ‘anvi-gen-variability-network‘, which

reports an ’edge’ between any sample pairs that share a SNV with the same competing nu-

cleotides. We then used Gephi [Bastian et al., 2009], an open-source network visualization

program, with the ForceAtlas2 algorithm [Jacomy et al., 2014] to visualize the network. To

quantify the extent of similarity between family members based on single-nucleotide patterns

in the data, we generated a distance matrix from the same dataset using the ‘pdist‘ function

in Python’s standard library with ‘cosine‘ distances. We calculated the average distance

of each sample to all other samples in its familial group (‘within distance‘), as well as the

average distance from each sample to all other samples not present in their familial group

(‘between distance‘). We subtracted the within distance from the between distance to get

the ‘subtracted distance‘.

3.6.11 Metagenomic taxonomy estimation

We used Kraken 2.0.8-beta with the flags ‘–output‘, ‘–report‘, ‘–use-mpa-style‘, ‘–quick‘,

‘–use-names‘, ‘–paired‘ and ‘–classified-out‘ to estimate taxonomic composition of each

metagenome [Wood et al., 2019]. For the genus-level taxonomic data, we filtered for

metagenomes where the total number of reads recruited to a Bacteroides, Parabacteroides or
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Phocaeicola genome was >1000 and the mean coverage of pBI143 was >20X. For the species-

level taxonomic data, we used a cutoff of >0.1% percent of reads recruited to designate

presence or absence of B. fragilis and >0.0001% for pBI143 based on the sizes of the genomes

respectively (the B. fragilis genome is 3 orders of magnitude larger than pBI143).

3.6.12 Isogenic strain construction

We constructed the plasmid vector pEF108 (as shown in Figure 3.16) by PCR ampli-

fying the desired sections with primers vec_108F, vec_108R, frag1_108F, frag1_108R,

frag2_108R and frag2_108R (Supplementary Table 15) from existing plasmids. We as-

sembled the three fragments via Gibson assembly using standard conditions described for

NEB Gibson assembly mastermix. We selected for transconjugants on LB-carbenicillin

(100ug/mL), then conjugated pEF108 into B. fragilis 638R and selected on BHIS + ery-

thromycin 25ug/mL. Then, we counter-selected for recombination events in pEF108 to re-

move the markers and leave naive pBI143 by growing cells on Bacteroides minimal me-

dia plates (BMM) with 10mM p-chlorophenylalanine. We screened pBI143 positive, pheS-

negative colonies via PCR and confirmed them by WGS. See Supplementary Methods for

details.
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Figure 3.16: pEF108 construct assembled via Gibson Assembly as described above
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3.6.13 Mouse competitive colonization assays

All animal experimentation was approved by the Institutional Animal Care and Use

Committee at the University of Chicago. We gavaged three male and three female 10-15

week old germ-free C57BL/6J mice with a 1:1 inoculum of B. fragilis 638R:B. fragilis 638R

pBI143. Males and females were housed separately in isocages and remained gnotobiotic for

the duration of the experiment. We collected fecal pellets after eight and 14 days, diluted

and plated on BHIS plates. We performed PCR on 48 colonies per mouse using a mixture of

four primers (Supplementary Table 15), one set that amplifies a 1248-bp region of the 638R

chromosome and a second set that amplifies a 662-bp segment of pBI143. PCR amplicons

from all colonies included the 1248-bp region of the 638R chromosome and a subset also

contained the amplicon for pBI143, allowing calculation of the ratio over time. The exact

starting ratio for gavage was also calculated using this same PCR.

3.6.14 Approximate copy number ratio calculation in metagenomes

The first challenge to use metagenomic coverage values to study pBI143 copy number

trends in human gut metagenomes is the unambiguous identification of gut metagenomes

that appear to have a single possible pBI143 bacterial host beyond reasonable doubt. To es-

tablish insights into the taxonomic make up of the gut metagenomes we previously assembled,

we first ran the program ‘anvi-estimate-scg-taxonomy‘ (https://anvio.org/m/anvi-estimate-

scg-taxonomy) with the flags ‘–metagenome-mode‘ (to profile every single single-copy core

gene (SCG) independently) and ‘–compute-scg-coverages‘ (to compute coverages of each

SCG from the read recruitment results). We also used the flag ‘–scg-name-for-metagenome-

mode‘ to limit the search space for a single ribosomal protein. We used the following list of

ribosomal proteins for this step as they are included among the SCGs anvi’o assigns taxon-

omy using GTDB, and we merged resulting output files: Ribosomal_S2, Ribosomal_S3_C,

Ribosomal_S6, Ribosomal_S7, Ribosomal_S8, Ribosomal_S9, Ribosomal_S11, Riboso-
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mal_S20p, Ribosomal_L1, Ribosomal_L2, Ribosomal_L3, Ribosomal_L4, Ribosomal_L6,

Ribosomal_L9_C, Ribosomal_L13, Ribosomal_L16, Ribosomal_L17, Ribosomal_L20, Ri-

bosomal_L21p, Ribosomal_L22,ribosomal_L24, and Ribosomal_L27A. For our downstream

analyses that relied upon the merged SCG taxonomy and coverage output reported by anvi’o,

we considered Bacteroides, Parabacteroides and Phocaeicola as the genera for candidate

pBI143 host ‘species’, and only considered metagenomes in which a single species from these

genera was present. Our determination of whether or not a single species of these genera

was present in a given metagenome relied on the coverage of species-specific single-copy

core genes (SCGs), where the taxonomic assignment to a given SCG resolved all the way

down to the level of species unambiguously. We excluded any metagenome from further

consideration if three or more candidate host species had positive coverage in any SCG in

a metagenome. Due to highly conserved nature of ribosomal proteins and bioinformatics

artifacts, it is possible that even when a single species is present in a metagenome, one of

its ribosomal proteins may match to a different species in the same genus given the limited

representation of genomes in public databases compared to the diversity of environmental

populations. So, to minimize the removal of metagenomes from our analysis, we took extra

caution with metagenomes before discarding them if only two candidate host species had

positive coverage in any SCG. We kept such a metagenome in our downstream analyses only

if one species was detected with only a single SCG, and the other one was detected by at least

8. In this case we assumed the large representation of one species (with 8 or more ribosomal

genes) suggests the presence of this organism in this habitat confidently, and assumed the

single hit to another species within the same genus was likely due to bioinformatics artifacts.

It is the most unambiguous case if only a single candidate host species was detected in a

given metagenome, but we still removed a given metagenome from further consideration if

that single species had 3 or fewer SCGs in the metagenome. These criteria deemed 584 of

2580 metagenomes to have an unambiguous pBI143 host that resolved to 21 distinct species
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names. We further removed from our modeling the metagenomes where the candidate host

species did not occur in any other metagenome, which removed 5 of these candidate host

species from further consideration. Finally, we further removed any metagenome in which

the pBI143 coverage was less than 5X. Our final dataset to calculate the “approximate copy

number ratio” (ACNR) of pBI143 in metagenomes through coverage ratios contained 579

metagenomes with one of 16 unambiguous pBI143 hosts. We calculated the ACNR by divid-

ing the observed coverage of pBI143 by the empirical mean coverage of the host by averaging

the coverage of all host SCGs found in the metagenome. To estimate the multiplicative dif-

ference in the geometric mean ACNR, we fit a linear model for the expected value of the

logarithm of the ACRN, with disease status and bacterial host as predictors using rigr to

construct the interval and estimate [Chen et al., 2022].

3.6.15 Oxidative stress experiments

We grew B. fragilis 214 in 5 mL BHIS for 15 hours in an anaerobic chamber. We

inoculated 750 µL of this culture into 30mL BHIS in quintuplicate, and grew them for 3

hours. We divided the 30 mL into a further 5 culture flasks of 5 mL BHIS, and exposed each

to oxygen with constant shaking for the appropriate time before returning the flask to the

anaerobic chamber. At each time point, we took an aliquot of culture to determine the copy

number of pBI143 in that sample. We extracted DNA from the cultures using a Thermal

NaOH preparation [Conrad et al., 1996] to prepare them for qPCR. Copy number calculated

can be found in Supplementary Table 13.

3.6.16 Estimating the pBI143 Plasmid Copy Number by Real-time qPCR

To evaluate plasmid copy number (CN), we developed a real-time TaqMan probe mul-

tiplex PCR assay to amplify both pBI143 and a single-copy B. fragilis-specific genomic

reference gene (referred to as hsp [heat shock protein]) in the same reaction (see Supple-
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mentary Information for details). We confirmed the primer and probe specificity to B.

fragilis with BLAST searches against the NCBI and Ensembl databases, and experimental

validation on 45 common gut isolates. For absolute quantification, we constructed a stan-

dard curve for each gene of interest by plotting the mean quantification cycle (Cq) values

against log[quantity] of a dilution series of known gene of interest amount (range: 3 to 3×106

copies/reaction). We calculated the CN of pBI143 per genome equivalent (hsp), by divid-

ing the absolute quantity of plasmid target by the absolute quantity of chromosomal target

in the sample using the standard-curve (SC) method of absolute quantification [Lee et al.,

2006]. Standard curves were generated with every qPCR run for analysis and to confirm

PCR efficiency. Additional details for qPCR, including standard curves and controls, can be

found in Supplemental Information. Supplementary Table 5 and Supplementary Table 15

report the relevant data and all primers, respectively.

3.6.17 qPCR analysis of animal, untreated sewage and water samples

Samples were tested with the pBI143 assay and two established assays for human fecal

markers that included HF183 and Lachno3 [Olds et al., 2018]. For screening of animal

samples to assess the presence of this plasmid in non-human gut microbiomes, archived

DNA from a previous study [Feng et al., 2020] was analyzed and included 14 different animals

encompassing 81 individual fecal samples. For assessment of fecal contamination of surface

waters, archived DNA from 40 samples of river water [Lenaker et al., 2018, Corsi et al.,

2021, US-gov] and freshwater beaches [Dila et al., 2022] were analyzed. These water samples

were chosen from these previous studies that represented a range of contamination based on

HF183 and Lachno3 levels. A total of 20 archived untreated sewage samples as reported in

Olds et al. [Olds et al., 2018] were also analyzed for comparison. Since we were using archived

samples from previous studies, we retested all the samples for the two human markers to

account for any degradation. Additional details for qPCR, including standard curves and
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controls, can be found in the Supplemental Information.

3.6.18 Visualizations

We used ggplot2 [Wickham, 2016] to generate all box and scatter plots. We generated

coverage plots using anvi’o, with the program ‘anvi-script-visualize-split-coverages‘. We

finalized the figures for publication using Inkscape, an open-source vector graphics editor

(available from http://inkscape.org/).

3.7 Supplementary Tables

All supplementary tables are available at https://doi.org/10.6084/m9.figshare.22

336666.

Table 3.1: The accompanying metadata for all publicly available metagenomes used in this
study. This table contains 3 tabs. (1) healthy_gut: all healthy gut metagenomes. (2) IBD:
all IBD gut metagenomes. (3) alternative_environment: all non-gut metagenomes.

Table 3.2: The nucleotide sequence and average nucleotide identity (ANI) calculations for
all pBI143 contigs. This table has 3 tabs. (1) pBI143_sequences: the nucleotide sequence
for the 3 reference versions of pBI143 assembled from metagenomes. (2) ANI information
for the 3 reference sequences of pBI143. (3) additional_genes: the nucleotide sequences for
pBI143 assembled from metagenomes with additional genetic material.

Table 3.3: Read recruitment data from metagenomes used in this study. This table has 4 tabs.
(1) global adult gut metagenomes: coverage and detection data for the reference versions
of pBI143 in global adult gut metagenomes (2) mother-infant metagenomes: coverage and
detection data for the reference versions of pBI143 in mother and infant metagenomes (3)
crassphage_comparison: coverage and detection data for crassphage in global adult gut
metagenomes. (4) alternative_environments: coverage and detection data for the reference
versions of pBI143 in non-human gut environments.

Table 3.4: The metadata for the Duchossois Family Institute bacterial isolate genomes used
in this study.
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Table 3.5: pBI143 copy number determination via qPCR. This table includes 2 tabs. (1)
Seq DataSource: contains the Gen-Bank accession numbers and other data sources used in
primer and probe development. (2) Hsp BLAST result: contains BLASTN results of the hsp
nucleotide sequence against the 15 Bacteroides fragilis RefSeq complete genomes.

Table 3.6: The data for pBI143 copy number for all animal, environmental and sewage sam-
ples as measured via qPCR. This table has 3 tabs. (1) animal_copy_number: contains the
data showing sample and copy number of pBI143 in animal fecal samples. (2) environmen-
tal_copy_number: contains the data showing sample and copy number of pBI143 in water
samples. (3) sewage_copy_number: contains the data showing sample and copy number of
pBI143 in sewage samples.

Table 3.7: All the data necessary for quantifying number and type of SNV in
gut and sewage metagenomes. Variability profiles are generated by anvi’o to de-
scribe the variation found across all contigs of interest; for more information see
https://merenlab.org/2015/07/20/analyzing-variability. This table has 9 tabs. (1) arti-
ficial_reads_var_profile: The variability profile generated following artificial short read
generation and read recruitment of pBI143 Version 2 and 3 to Version 1 (see Methods).
(2) global_mg_var_profiles The variability profile generated following read recruitment
of all global gut metagenomes to pBI143 Version 1. (3) sewage_mg_var_profiles: The
variability profile generated following read recruitment of all global sewage metagenomes
to pBI143. (4) matching_SNVs_gut: The number of SNVs that do or do not match
one of the reference versions of pBI143 in global gut metagenomes. (5) match-
ing_SNVs_sewage: The number of SNVs that do or do not match one of the reference
versions of pBI143 in global sewage metagenomes. (6) gut_var_profile_quince_mode:
This file does not fit in excel. Link to online data to regenerate single nucleotide vari-
ant data at every position of pBI143 across all global gut metagenomes (for more details
on ‘quince-mode‘ see https://merenlab.org/2015/07/20/analyzing-variability/#parameters-
to-refine-the-output). (7) sewage_var_profile_quince_mode: single nucleotide variant
data at every position of pBI143 across all global sewage metagenomes. (8) gut_non-
consensus_SNVs: Data about the plasmid version and number of non-consensus SNVs in
each global gut metagenome. (9) sewage_non-consensus_SNVs: Data about the plasmid
version and number of non-consensus SNVs in each global sewage metagenome.

Table 3.8: This table contains SNV variability profiles for visualizing SAAVs on the pBI143
AF structure. This table has 3 tabs: (1) merged_variability: contains all SNV variability
data calculated with ‘anvi-gen-variability-profile –engine AA’ which summarized metage-
nomic read recruitment results to pBI143; (2) merged_variability_filtered: filtered version
of merged_variability that reflects the SAAV data visualized on the pBI143 structure in
Figure 3.6D; (3) most_prevelent_SAAVs: this tab contains a list of all SAAVs and their
residue positions that are prevalent in at least 5% of samples.
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Table 3.9: The necessary data to generate pBI143 and isolate genome phylogenies. This
table has 5 tabs. (1) amino_acid_repA_mobA_concat: the concatenated MobA and
RepA sequences from all 82 isolate genomes. Concatenated genes are separated by
‘XXX‘. (2) repA_mobA_treefile: the treefile generated from the concatenated mobA and
repA sequences. (3) amino_acid_SCG_concat: the concatenated ribosomal protein se-
quences from all 82 isolate genomes. Concatenated genes are separated by ‘XXX‘. (4)
SCG_treefile: the treefile generated from the concatenated ribosomal protein sequences. (5)
species_donor_information: the associated isolate data that matches the donor, species and
pBI143 version.

Table 3.10: The data necessary for generating and quantifying the mother-infant network
based on single nucleotide variants. This table has 8 tabs. (1) Finalnd_variability_profile:
data for all single nucleotide variants (SNVs) present in pBI143 in Finnish mother and infant
metagenomes. (2) Sweden_variability_profile: data for all single nucleotide variants present
in pBI143 in Swedish mother and infant metagenomes. (3) Italy_variability_profile: data for
all single nucleotide variants present in pBI143 in Italian mother and infant metagenomes.
(4) USA_variability_profile: data for all single nucleotide variants present in pBI143 in
American mother and infant metagenomes. (5) network_data: data used to generate the
network. (6) distance_matrix_cosine: distance matrix calculated from network data used
for quantification of distances between samples. (7) subtracted_distance_df: quantified
distance between mother and infant samples based on cosine distance matrix. (8) summary
of pBI143 version maintenance in infants over the sampling period.

Table 3.11: Kraken data. This table contains 2 tabs. (1) Kraken data for all Bacteroides (this
includes Phocaeicola with old Bacteroides genus names) and Parabacteroides taxa in global
gut metagenomes and the corresponding pBI143 coverage in each of these metagenomes. (2)
Kraken data for the number of reads recruited to a B. fragilis compared to the coverage of
pBI143 in the same metagenomes.

Table 3.12: pBI143 competition experiment additional data. This table contains 2 tabs. (1)
The data for the mouse competition experiments. (2) The pBI143 maintenance in culture
data.

Table 3.13: The data for pBI143 copy number for each timepoint and condition of the Bac-
teroides fragilis stress experiments in culture as measured via qPCR. This table has 2 tabs.
(1) 214_oxidative_stress_qPCR_data: contains data on the copy number for each test
condition for the Bacteroides fragilis 214 strain. (2) R16_oxidative_stress_qPCR_data:
contains data on the copy number for each test condition for the Bacteroides fragilis R16
strain.
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Table 3.14: The calculated ACNR and necessary data for these calculations. This table has
4 tabs. (1) Coverage_ratio_data: the final ACNR for all predicted single hosts of pBI143
in metagenomes. (2) pBI143_healthy: the coverage of pBI143 in healthy gut metagenomes.
(3) pBI143_IBD: the coverage of pBI143 in IBD gut metagenomes. (4) SCG_taxonomy:
Link to files containing SCG coverage data.

Table 3.15: The names and sequences of all primers and probes used in this study.

3.8 Supplemental Methods

3.8.1 Phylogenetic tree construction

To construct the pBI143 phylogeny, we identified pBI143 contigs from the isolate genome

assemblies (Supp. Table 3.4) using BLAST (cite). We ran ‘anvi-gen-contigs-database’ on

each pBI143 contig followed by ‘anvi-export-gene-calls’ with the flag ‘–gene-caller prodigal’

and concatenated the resulting amino acid sequences. For the bacterial host phylogeny, we

ran ‘anvi-gen-contigs-database’ on each assembled genome, then extracted ribosomal genes

(Ribosomal_L1, Ribosomal_L13, Ribosomal_L14, Ribosomal_L16, Ribosomal_L17, Ri-

bosomal_L18p, Ribosomal_L19, Ribosomal_L2, Ribosomal_L20, Ribosomal_L21p, Ri-

bosomal_L22, Ribosomal_L23, Ribosomal_L27, Ribosomal_L27A, Ribosomal_L28, Ri-

bosomal_L29, Ribosomal_L3, Ribosomal_L32p, Ribosomal_L35p, Ribosomal_L4, Ribo-

somal_L5, Ribosomal_L6, Ribosomal_L9_C, Ribosomal_S10, Ribosomal_S11, Riboso-

mal_S13, Ribosomal_S15, Ribosomal_S16, Ribosomal_S17,

Ribosomal_S19, Ribosomal_S2, Ribosomal_S20p, Ribosomal_S3_C, Ribosomal_S6, Ri-

bosomal_S7, Ribosomal_S8, Ribosomal_S9, ribosomal_L24) using the command ‘anvi-get-

sequences-for-hmm-hits’ with the flags ‘–return-best-hit’, ‘–get-aa-sequences’, ‘–concatenate’

and ‘–min-num-bins-gene-occurs 82’ and ‘–hmm-source Bacteria_71’ [Lee et al., 2019]. For

both phylogenies, we aligned the genes with MUSCLE v3.8.1551 (Edgar 2004), trimmed the

alignments with trimAl [Capella-Gutiérrez et al., 2009] using the flag ‘-gt 0.5’, and computed

the phylogeny with IQ-TREE 2.2.0-beta using the flags ‘-m MFP’ and ‘-bb 1000’. We visu-
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alized the trees with ‘anvi-interactive’ in ‘–manual-mode’, and used the metadata provided

by the Duchossois Family Institute to label the isolates to their corresponding donors. All

data for the phylogenies can be found in Supp Table 3.9. We used the ‘geom_alluvium‘

function in ggplot2 to make the alluvial plots.

3.8.2 Isogenic B. fragilis strain construction +/- pBI143

We constructed the plasmid vector pEF108 (as shown in Supp Figure

pEF108_plasmid_map) by PCR amplifying the desired sections with primers vec_108F,

vec_108R, frag1_108F, frag1_108R, frag2_108R and frag2_108R (Supplemental Table 15)

from existing plasmids. We assembled the three fragments via Gibson assembly using stan-

dard conditions described for NEB Gibson assembly mastermix

(https://www.neb.com/protocols/2012/12/11/gibson-assembly-protocol-e5510). See pEF108

plasmid map below (Figure 3.16). We transformed the construct into E. coli S17 λpir via elec-

troporation with a BioRad micropulser using 0.1cm cuvettes and selected on LB-carbenicillin

100ug/mL agar plates. We conjugally transferred pEF108 from E. coli S17 λpir into B. frag-

ilis 638R. Briefly, we grew the donor and recipient strains in LB-carbenicillin 100ug/mL

broth and vitamin K supplemented brain-heart infusion media (BHIS) broth respectively

for 12-15 hours. We spun down the cultures and resuspended in BHIS and combined at

a 1:5 ratio of donor to recipient. We spotted the donor and recipient mixture onto BHIS

plates and incubated for 12 hours aerobically. We scraped the cells off the plate, resuspended

in BHIS, then plated on BHIS + erythromycin 25ug/mL. We restreaked the colonies and

validated the presence of the construct via PCR and sanger sequencing. Next, we wanted

to select for cells where a recombination event had removed the vector containing pheS,

ampicillin and erythromycin resistance and left pBI143 in its native form. Colonies with the

full sized pEF108 construct were grown in Bacteroides minimal media (BMM) with 10mM

p-chlorophenylalanine (PCPA) broth for 24 hours, and plated onto BMM + 10mM PCPA.
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PCPA prevents the growth of cells that are expressing the pheS gene. Colonies that grew

on BMM + 10mM PCPA were screened for presence of pBI143 and absence of the vector

containing the pheS negative selection marker.

3.8.3 Primer and probe design for B. fragilis hsp/pBI143 copy number qPCR

We aligned the canonical pBI143 plasmid DNA sequence from GenBank, whole genome

assemblies and metagenome-assembled genomes (MAGs) as outlined in Supplemental Table

15. The two known pBI143 genes, rep and mob, are common plasmid features across the

bacterial kingdom (DelSolar et al., 1998; Wawrzyniak et al, 2017) and use of either gene

alone had high potential for cross-amplification from other mobile genetic elements. To en-

sure pBI143 specificity, we designed our primer set so that the forward primer was located

within the 3’ region of the rep gene (Table primers pBI143_F) while the reverse primer was

located in the intergenic region (Table primers pBI143_R). This required that two conditions

would have to be met for amplification to occur: (1) presence of the gene of interest and (2)

homology to the pBI143 plasmid backbone. Despite the existence of plasmid variants differ-

ing across the rep gene, the 3’ region used in the forward primer design is conserved across

the source sequences. The 38-yr old canonical pBI143 sequence (U30316.1) demonstrated

greater sequence variation in intergenic regions than more contemporary sequences as de-

termined by existing publicly-available metagenomic data. In designing the reverse primer,

we strategically excluded U30316.1 in favor of using the more recent pBI143 sequences. The

FAM-labeled hydrolysis probe was designed within a conserved plasmid feature, the 56-bp

inverted repeat (IR) region and in concert with the designed primers, amplified/detected a

145-bp product (Supplemental Table 15). The choice to use rep, over mob, as our target was

based on (1) its conservancy in the 3’ gene region and (2) technical difficulties in optimizing

a mob-based assay.

To perform relative quantification experiments and to normalize bacterial cell numbers
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between samples for the purposes of determining the copy number of pBI143 per genome

equivalent required identifying a suitable genomic reference gene. A key prerequisite was

identifying a single copy gene present in the genus Bacteroides, but absent in other common

gastrointestinal (GI) tract organisms. We employed a pangenomic analysis of 12 Bacteroides

and 15 other human commensal gut microbe genomes to determine potential candidates and

used the program ‘anvi-run-workflow’ with ‘–workflow pangenomics’. Anvi’o pangenomics

workflow is detailed elsewhere [Delmont et al., 2018]. Briefly, the pangenomic analysis used

the NCBI’s BLAST [Altschul et al., 1990] to quantify similarity between each pair of genes,

and the Markov Cluster algorithm (MCL) [Enright et al., 2002] (with inflation parame-

ter of 2) to resolve clusters of homologous genes. The program ‘anvi-summarize’ created

summary tables for pangenomes and ‘anvi-display-pan’ provided interactive visualizations of

pangenomes. Using the criteria of (1) maximum functional homogeneity of 0.99 and (2) max-

imum geometric homogeneity of 0.99, we identified 35 gene clusters for further interrogation.

The corresponding DNA sequences were gathered using the program ‘anvi-get-sequences-for-

gene-cluster’ and aligned using Kalign (https://www.ebi.ac.uk/Tools/msa/kalign) for mul-

tiple sequences.

Despite our initial desire to identify a target that could serve as a reference gene across

all Bacteroides spp., we found that within these 35 gene clusters, the percent sequence

identity dropped from >98% in B. fragilis to 50-85% in non-B. fragilis sequences. There-

fore, we focused on finding a B. fragilis-specific target by further requiring 100% coverage

and 99.8% - 100% percent identity across all B. fragilis genomes. Five gene clusters qual-

ified; a single gene cluster demonstrated 100% identity across all seven B. fragilis genomes

used in the pangenome. Using this gene clusters’ 177-bp nucleotide sequence, we performed

BLASTN (Zhang et al., 2000) on the NCBI Reference Sequence (RefSeq) Database (release

99, 3/2/2020), using Megablast (optimize for highly similar sequences) to conduct a system-

atic and thorough in-silico assessment of B. fragilis specificity. A list of the 17,785 complete
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genomes was downloaded from RefSeq

(https://www.ncbi.nlm.nih.gov/genome/browse#!/prokaryotes/, accessed 3/31/2020) and

found to contain 39 Bacteroides genomes; of which, 15 were catalogued as B. fragilis. 6

organisms labeled as B. fragilis in this collection appeared to be a different species, given

their overall ANI to B. fragilis genomes was only 84-85% and we disregarded these organ-

isms. The only significant BLAST alignments of the hsp gene were to the nine true B.

fragilis genomes. These genomes annotated the gene cluster protein product as hypotheti-

cal or conserved hypothetical protein (n=2); DUF4250 domain-containing protein (n=5); or

heat shock protein (n=2) (Supplemental Table 15).

Based on its specificity to B. fragilis only, the previous use of heat shock proteins to

discriminate amongst anaerobes [Sakamoto and Ohkuma, 2010], and the documented con-

servancy of these molecules [Gallie et al., 2002], this gene cluster was chosen as our candidate

reference gene and is hereafter referred to as hsp. The primers and Cy5-labeled hydrolysis

probe were designed to amplify/detect a 101-bp product (Supplemental Table 15).

3.8.4 qPCR analytical specificity

We assessed the in vitro analytical specificity of the hsp qPCR assay using DNA templates

extracted from a collection of 41 bacterial isolates (13 aerobes, 28 anaerobes; representing 16

commonly encountered commensal gastrointestinal tract genera). hsp was not detected in

any aerobic or anaerobic microorganisms, except for the collections’ four B. fragilis isolates.

The lack of amplification in other Bacteroides spp., including B. ovatus (n=3), B. thetaio-

tamicron (n=2), B. uniformis (n=1) and B. vulgatus (n=3) corroborated the previous in

silico results.
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3.8.5 qPCR experimental conditions

We performed real-time PCR amplification on a LightCycler 480 II system (Roche Di-

agnostics), using 10 microliter reactions consisting of 2X PrimeTime Gene Expression mas-

ter mix (Integrated DNA Technologies, Coralville, IA), 0.8 µM pBI143_R, and 0.4 µM of

pBI143_F, B.fragilis_hsp_F, and B.fragilis_hsp_R primers. We used optimized probe

concentrations of 0.2 µM HSP and 0.4 µM pBI143 probe. Probe and primer sequences are

outlined in Supplemental Table 15. We assessed triplicate PCR reactions using genomic

DNA templates (2-ul volume per reaction) and the optimal cycling conditions of an initial

denaturation step of 95°C for 3-min, followed by 40 cycles of 95°C for 15-s (denaturation)

and 60°C for 60-s (annealing and extension).

3.8.6 qPCR assay performance characteristics

We constructed a single plasmid, by standard recombinant DNA methods, containing

both the entire pBI143 plasmid and the reference gene (hsp) DNA and then transformed

the plasmid into E. coli EC100D. The DNA concentration of the recombinant plasmid was

converted to the number of template copies using the mass of the plasmid molecule [Whelan

et al., 2003]. Using a 10-fold serial dilution series of the plasmid DNA standard (ranging

from 3 to 3×106 copies/reaction), we constructed standard curves for both chromosomal

reference gene and the target plasmid.

Each targets’ lower limit of detection (LOD) was determined to be 30 copies per reaction,

as defined by the first dilution that detects 95% of positive samples [Bustin et al., 2009]. We

validated a linear dynamic range of six orders of magnitude for each target, and this range

was then used in further assay performance metric calculations.

The primer amplification efficiencies were determined by standard procedure [Bustin et

al., 2009] that includes (1) making a log10 dilution series of target DNA, (2) calculating a

linear regression based on the targets’ mean Cq data points and (3) inferring the efficiency
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from the slope of the line. Over 11 experiments, mean Cq values were derived and PCR

efficiencies were calculated as 97.8% and 98.98% for pBI143 and hsp, respectively. We

demonstrate less than a 5.2% difference when comparing same run target and reference gene

efficiency, demonstrating the two genes amplify similarly.

3.8.7 qPCR for animal, water and sewage samples

Quantification of two established human specific markers, HF183 and Lachno3 following

methods as published previously (cite olds). The HF183 marker is specific for human Bac-

teroides and is targeted by several assays (green:, seurnick,); including the HB assay (olds)

used here. Standard curves were generated based on a minimum of 16 runs (in triplicate)

and consisted of linearized plasmids containing the HF183, Lachno3, and pBI143 target

sequences. The plasmids used for the standard curves were purified using a Qiagen mini

plasmid prep kit (Qiagen, Valencia, CA) according to the manufacturer’s instructions. Stan-

dard curves were run with DNA serially diluted from 1.5 x 106 to 1.5 x 101 copies/reaction

with resulting linear equations and efficiencies as follows:

HF183: Slope: -3.37, Y-intercept 39.363, R2 0.998, Eff% 98.18

Lachno3: Slope: -3.42, Y-intercept 38.13, R2 0.999, Eff% 95.92

pBI143: Slope: -3.43, Y-intercept 39.363, R2 0.999, Eff% 95.90

For each run, two of the standard concentrations (as quality assurance for the standard

curve, sterile water (as negative control) and each sample was run in duplicate in a final

volume of 25 µL with a final concentration of 1 µM for each primer, 80 nM for the probe, 5

µL of sample DNA, and 12.5 µL of 2X Taqman® Gene Expression Master Mix Kit (Applied

Biosystems; Foster City, CA). DNA template was added as undiluted sample for surface

water and animal samples, and 1:100 dilutions of sewage samples. Amplification conditions

consisted of the following cycles: 1 cycle at 50°C for 2 minutes to activate the uracil-N-

glycosylase (UNG); 1 cycle at 95°C for 10 minutes to inactivate the UNG and activate the
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Taq polymerase; 40 cycles of 95° C for 15 seconds; and 1 minute at 60°C for HF183 or 1

minute at 64°C for Lachno3 using a StepOne Plus™ instrument (Applied Biosystems; Foster

City, CA).

Water samples that amplify after 35 cycles were considered below the standard curve

limit of 15 CN/reaction and were therefore considered below limit of quantification (BLQ).

For water samples where 400 ml was filter for extraction, this value is 113 CN/100 ml. All

no template controls (water) showed no amplification.

3.8.8 pBI143 is specific to the human gut and hosted by a wide range of

Bacteroidales populations

pBI143 was absent from all marine samples (n=241, 72 of 63 billion reads match, avg.

detection: <0.01, avg. coverage: <0.01X), macaques (n=19, 1885 of 2.6 billion reads match,

avg. detection: <0.1, avg. coverage: <0.2X) and pets (n=125, 0 of 1.2 billion reads match,

avg. detection: 0, avg. coverage: 0X) (Supplementary Table 3). As expected, pBI143 was

present in sewage (n=77; 98,914 of 18 billion reads match, avg. detection: 0.9, avg. coverage:

>70X) (Figure 3.4, Supplementary Table 3). Given the near-absolute absence of pBI143 in

non-human associated habitats, we also screened metagenomes from human skin and oral

cavity 70. Unlike the extremely high presence of pBI143 in the human gut (n=100, 5.1

million of 9 billion reads match, avg. detection: 0.8, avg. coverage: >2,000X), pBI143 was

poorly detected both in samples from skin (n=54, 9 thousand of 2.9 billion reads match, avg.

detection: 0.4, avg. coverage: 6.4X) and the oral cavity (n=418, 8 thousand of 37 billion

reads match, avg. detection: 0.2, avg. coverage: 0.9X) (Supplementary Table 3).

3.8.9 Data Availibility

All genomes and metagenomes are available via the NCBI Sequence Read Archive, and

the accession numbers for metagenomes and genomes are reported in Supplementary Table

145



1 and Supplementary Table 4, respectively. The data object identifier (DOI)

10.6084/m9.figshare.22336666 gives access to Supplementary Table and Supplementary In-

formation files. Additional DOIs for anvi’o data products that describe metagenomic read

recruitment results as well as sequences for pBI143 versions and bioinformatics workflows

are accessible at the URL https://merenlab.org/data/pBI143 to reproduce our findings.

Bacterial cultures for host range investigations, which are listed in Supplementary Ta-

ble 4, are courtesy of The Duchossois Family Institute (https://dfi.uchicago.edu/). B.

fragilis strains with pBI143 are available upon request from the Comstock Lab collection

(https://comstocklab.uchicago.edu/).

All supplementary tables are available at https://doi.org/10.6084/m9.figshare.22

336666.
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CHAPTER 4

CONCLUSION

4.1 Summary of contributions

Cryptic plasmids have been vastly understudied due to the difficulty of identifying them

from naturally occurring environments and the inconveniences they present for designing

experiments. The first half of this work demonstrated how new plasmids can be robustly

identified from complex samples using a machine learning model trained on gene families

from reference plasmids. Through applying this model to predict plasmids from globally

distributed human gut metagenomes, I showed that our current datasets have systematically

missed many plasmids, and that this new approach increases the number of known human

gut plasmids by a factor of ten. With this large dataset, it became possible to identify

evolutionary relationships between plasmids based on a shared circular backbone, even when

they occurred in individuals living in geographically distant locations. As a result of defining

plasmid systems, I was able to identify genes that were incorporated into plasmid backbones

and that corresponded to distinct evolutionary pressures present in different geographic

locations.

The second half of this work, I dive deep into the analysis of the most prevalent, ex-

perimentally verified plasmid across all those we identified in human gut metagenomes. I

show that this plasmid, pBI143, is present primarily in industrialized countries and has un-

precedented levels of abundance for such a small mobile genetic element. Although globally

distributed across individuals from industrialized countries, this plasmid is specific to the

human gut, and therefore can be used to identify human fecal contamination in water. I

examine the population structure of pBI143 across individuals, and find that while it is pri-

marily under purifying selection, the few prevalent non-synonymous variants likely contribute

to the MobA protein binding different origin of transfer sequences. Surprisingly, pBI143 is
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also monoclonal within an individual gut, which I determined was most likely due to priority

effects of the version usually acquired from the mother. Given the highly conserved nature of

pBI143 and the positive correlation with its bacterial hosts in metagenomes, I hypothesized

that it played a beneficial role in the lifestyle of its Bacteroidales hosts. However, my com-

petition experiments demonstrated that instead pBI143 most likely acts as a well-adapted

parasite. Further exploration of my metagenomic data showed that pBI143 transiently ac-

quires other genes which it likely transfers to new hosts before reverting back to its parasitic

state. Genetic parasites, indeed most mobile genetic elements, respond to microbial host

stress. In the final part of Chapter 3, I experimentally demonstrate that pBI143 increases

its copy number when the host undergoes oxidative stress. The increase in copy number was

also apparent in inflammatory bowel disease patients, a naturally occuring form of oxidative

stress in the human gut.

4.2 Future directions

My work focuses on identifying human gut plasmids, identifying their evolutionary rela-

tionships, and deeply characterizing one plasmid, chosen from 68,350. I chose this plasmid

based on its cryptic nature, presence in plasmid systems, and widespread distribution, but

as this dissertation shows, there are thousands of plasmids whose functions remain complete

mysteries, and plasmid-specific phenomena, such as plasmid systems, that have not been

fully investigated. If I were to do another PhD in microbial ecology, one of my primary goals

would be to experimentally test the concept of plasmid systems to show active acquisitions

of new genes by backbone plasmids to form cargo plasmids. Given the large dataset of plas-

mid systems available as I describe in Chapter 2, I would choose a system that is present

in a tractable organism for ease of genetic manipulations, and encodes for conjugation ma-

chinery to transfer between cells. These experiments could utilize a clear selective pressure

like sub-lethal concentrations of antibiotics, and determine if the backbone plasmid from
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a plasmid system is capable of uptaking antibiotic resistance present on the bacterial host

chromosome or on a non-transmissible MGE, then transferring it to neighboring cells that

previously lacked resistance.

Another goal for my hypothetical second PhD would be to examine the functions carried

on larger versions of pBI143 assembled from gut metagenomes. I would synthesize these

larger plasmids, create isogenic strain sets similar to those described in Chapter 3, then use

biolog assays (plates with large arrays of environmental conditions and nutrients) to test the

conditions in which these additional functions could benefit host cells.

The final goal for this second PhD would be to validate the practical applications of

pBI143. To determine its potential to be used as a drug delivery system for complex mi-

crobial communities, I would insert a common resistance marker into the pBI143 backbone,

introduce this into Bacteroides, and colonize an SPF mouse with this strain. To deter-

mine if the antibiotic-carrying pBI143 transferred and replicated in new hosts, I would use

a combination of Hi-C sequencing and cultivation on antibiotic-containing media. Another

application of pBI143 is to measure gut inflammatory stress, which is promising according

to metagenomic and in vitro data, but lacks validation in a mouse model. I would use a

murine model of inflammatory bowel disease to validate that oxidative stress also increases

the copy number of pBI143 in vivo. In parallel, I would also analyze metagenomic data from

patients with other gut stressors like antibiotic treatment, colorectal cancer or Clostridium

difficile infections to determine if pBI143 copy number is elevated in all stressful conditions

or if it is limited to oxidative stress caused by inflammatory bowel disease.

Collectively this dissertation demonstrates the power of combining data-driven insights

with tailored experiments to bring a simple observation, initially made possible by state-

of-the-art plasmid classification, to a highly characterized component of the human gut

microbiome, and finally, provides a foundation for future exploration of cryptic human gut

plasmids.
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