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ABSTRACT OF THE DISSERTATION

Examining Extrachromosomal Elements in Fermented Food Microbiomes:

Leveraging Long Reads to Characterize Plasmids and Viruses

Cong Ba Dinh

Doctor of Philosophy in Biology
University of California San Diego, 2023

Professor Rachel J. Dutton, Chair

The physiological processes associated with microbiomes represent the biology of

individual microbial cells and their interactions with other cells. Moreover, the interactions

between microbes are not static, but represent dynamic processes that are subject to ecological
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and evolutionary changes. One of the main drivers of rapid evolution in microbial species is the
process of horizontal gene transfer, often mediated by mobile genetic elements. Few systems or
tools exist that allow the study of this process in microbiomes. In this thesis, we review
experimental methods to study horizontal gene transfer, as well as catalog computational
methods to sequence and filter for mobile elements, including integrative and conjugative
elements, plasmids, and viruses. We next leverage long read DNA sequencing to lay the
groundwork for a complex in vitro washed cheese rind microbiome model. With our microbiome
model and computational methods, we are able to 1) probe natural microbiomes in kefirs and
cheese rinds to better understand the breadth and novelty of mobile elements and 2) begin to
understand how different community members play a role in the evolution of species and
mobility of plasmids within a genus. Our work in the identification, characterization, and
tracking of mobile elements in microbiomes enhances our understanding of the unique and
niche-adaptive genes carried by these fermenting microbes. Finally, we explore the potential

clinical and industrial applications of long read and proximity ligation.
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CHAPTER 1: Review of Experimental Methods to Study
Horizontal Gene Transfer

Experimental approaches to tracking mobile genetic elements in microbial communities
Christina C. Saak, Cong B. Dinh and Rachel J. Dutton
Abstract

Horizontal gene transfer is an important mechanism of microbial evolution and is
often driven by the movement of mobile genetic elements between cells. Due to the fact that
microbes live within communities, various mechanisms of horizontal gene transfer and types
of mobile elements can co-occur. However, the ways in which horizontal gene transfer
impacts and is impacted by communities containing diverse mobile elements has been
challenging to address. Thus, the field would benefit from incorporating community-level
information and novel approaches alongside existing methods. Emerging technologies for
tracking mobile elements and assigning them to host organisms provide promise for
understanding the web of potential DNA transfers in diverse microbial communities more
comprehensively. Compared to existing experimental approaches, chromosome conformation
capture and methylome analyses have the potential to simultaneously study various types of
mobile elements and their associated hosts. We also briefly discuss how fermented food
microbiomes, given their experimental tractability and moderate species complexity, make
ideal models to which to apply the techniques discussed herein and how they can be used to
address outstanding questions in the field of horizontal gene transfer in microbial

communities.



Introduction

Horizontal gene transfer (HGT) involves the intragenerational sharing of genetic
material, as opposed to the intergenerational sharing characteristic of vertical inheritance. In
bacteria, it is an effective evolutionary process that allows the rapid acquisition of new
phenotypes and metabolic abilities (Wiedenbeck and Cohan 2011; Hall, Brockhurst and
Harrison 2017), and has been hypothesized to significantly alter microbial communities, such
as the one associated with the human gut, and its interactions with the body (Lerner, Matthias
and Aminov 2017; Sitaraman 2018). For example, HGT can lead to rapid adaptation to new
environmental pressures such as antibiotics (Lester et al. 2006). It can also turn non-virulent
bacteria into pathogens (Avery, Macleod and McCarty 1944; Waldor and Mekalanos 1996;
Faruque and Mekalanos 2012; Khalil et al. 2016) or allow bacteria to adapt to entirely new
niches through the acquisition of metabolic pathways (Hehemann et al. 2010; Tasse et al.
2010). Genes associated with these phenomena are frequently found on mobile genetic
elements (MGEs) or are moved alongside them. In brief, MGEs are pieces of DNA that can
show mobility within their host's genome or between genomes of donor and recipient cells.
Microbial MGEs include plasmids, bacteriophages and transposable elements. These elements
differ in regards to their genetic structure as well as means of mobilization as outlined in the
next section.

Due to the fact that microbes live together in microbial communities, or microbiomes,
MGE:s can form a web of potential concurrent DNA transfers. Furthermore, other types of
interactions between species within a community may influence the process of HGT. Thus, it

is crucial to understand not only the movement of individual MGEs, but to also understand



how they move collectively within communities, and how this process is impacted by
interactions with other species and the environment. Therefore, we need global approaches
that are capable of tracking as much of the diversity of MGEs as possible within a variety of
communities and in as wide a range of hosts as possible.

In this review, we discuss open questions related to the process of HGT specifically
within communities, and approaches that allow the tracking of genetic material within them.
In discussing the breadth of techniques available, a particular focus is put on the transfer of
plasmids between bacteria. Since plasmids often carry antibiotic resistance genes (ARGs) and
the dissemination of ARGs via HGT has critical implications for public health, we will also
incorporate discussions of techniques particularly aimed at these genes of interest. In the
second half of the review, we highlight the emerging metagenomics techniques based on
chromosome conformation capture (3C) and methylome analyses as they are opening new
doors for studying the presence and transfer of MGEs in communities. Since the best
techniques are not useful unless they can be applied to suitable model systems, we will end
the review on discussing how the communities associated with fermented foods might

constitute useful models to be studied with techniques discussed here.

Horizontal gene transfer in microbial communities: canonical and emerging mechanisms
Canonical HGT mechanisms

MGEs move within and between bacterial genomes through four canonical
mechanisms: transformation, transposition, conjugation, and transduction. In transformations

(Figure 1.1.1), environmental DNA is taken up via a proteinaceous DNA uptake machinery



(Chen and Dubnau 2004; Claverys, Martin and Polard 2009; Dubnau and Blokesch 2019).
Bacteria that express this machinery are referred to as competent. Transposition (Figure 1.1.2)
is mediated by transposable elements (TEs) that move, or transpose, between different
locations in the genome (Siguier, Gourbeyre and Chandler 2017). In bacteria, it has long been
known that antibiotic-encoding transposons can integrate into and transpose between MGEs
such as plasmids, and then these transposons can be horizontally shared along with their host
plasmids (Hedges and Jacob 1974). Integrons are another class of elements that have been
found to capture genes associated with antibiotic resistance very efficiently. They employ site-
specific recombination downstream of a resident promoter to enable expression of the
integrated genes (Mazel 2006). These elements are not mobile by themselves, but have been
found on transposons and plasmids, thereby contributing to HGT of their cargo genes via
conjugation. Conjugation (Figure 1.1.3) is the transfer of DNA, such as extrachromosomal,
circular plasmids, at points of physical contact (or mating junctions) between neighboring
cells, often referred to as mating pairs (Chen, Christie and Dubnau 2005). In addition to
circular plasmids, linear plasmids are known to exist in Gram-positive and Gram-negative
bacteria (Hinnebusch and Tilly 1993) and to be able to undergo conjugation (Dib et al. 2015).
In addition to plasmids (Figure 1.1.3b), conjugative and integrative elements (ICEs),
sometimes referred to as conjugative transposons, can be shared by conjugation given suitable
conditions (Figure 1.1.3a). Prior to conjugation, ICEs excise from the host genome and
circularize; after transfer they can integrate into the new host's genome (Wozniak and Waldor
2010; Delavat et al. 2017). Prokaryotic viruses, called bacteriophages, mediate transduction of

DNA (Figure 1.1.4). Transduction can happen due to faulty DNA packaging into viral



particles (general transduction), or due to imprecise excision of prophages from genomes
(specialized transduction), or through emerging mechanisms (Chiang, Penadés and Chen

2019).

@Q \ .2./:
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Figure 1.1 In microbial communities, a web of potential horizontal gene transfer mechanisms
can co-occur. In transformation (1), free DNA (light green), for example released by lysed
cells, is taken up from the environment. In transposition (2), DNA (blue) translocates from
one location in the genome to another. If this location is on a conjugative element, such as an
integrative and conjugative element (ICE, orange), it can then move to another cell by
conjugation (3a). Other conjugative elements include plasmids (mauve, 3b). Transduction is
mediated by prophages (dark green), which are integrated into the host genome. Given
suitable conditions, they excise and induce production of infectious phage particles, which
can carry host DNA (4).



Emerging HGT mechanisms

While these major classes of MGEs and their associated mechanisms of HGT have
been studied for decades, new information about these elements is continuously coming to
light. For example, ICEs are not always encoded in one contiguous sequence, but can be
found in pieces that are distributed along chromosomes and that excise individually and then
assemble into the complete ICE before transfer (Haskett et al. 2016, 2018; Greenlon et al.
2019). In addition, new HGT mechanisms and types of mobile DNA are still being
discovered. Gene transfer agents, for example, combine elements of transduction and
transformation (Westbye, Beatty and Lang 2017). Additionally, membrane vesicles can form
from the donor's cell membrane or by phage-induced cell lysis and can carry chromosomal,
plasmid or phage nucleic acids (DNA or RNA) (Griill, Mulligan and Lang 2018). While the
packaging mechanisms of nucleic acids into membrane vesicles are generally unknown, an
archaeal plasmid has been found to cause its own transfer to plasmid-free related strains via

membrane vesicles (Erdmann et al. 2017). The term “vesiduction” was recently proposed for

this type of membrane vesicle-mediated HGT (Soler and Forterre 2020). It was further
proposed that vesiduction is comprised of the extrusion of membrane vesicles into the
environment, followed by their attachment to recipient cell surfaces, transport of DNA into
the cytoplasm and finally the acquisition of genetic material. Distributive conjugal transfer
(Gray and Derbyshire 2018; Clark, Gray and Derbyshire 2020) and mycoplasma
chromosomal transfer (Dordet-Frisoni et al. 2019) are two recently described conjugative
processes that can cause the exchange of large amounts of unrelated chromosomal loci. While

having similar consequences, the two processes seem to rely on different machineries.



Transjugation, another emerging mechanism, is a hybrid of transformation and conjugation,
but has so far only been described in Thermus thermophilus (Blesa et al. 2015, 2017). In
addition, nanotubes are being investigated as possible conduits for non-conjugative plasmids
(Dubey and Ben-Yehuda 2011). To make matters even more complicated, MGEs themselves
can be contained within one another. As mentioned above, transposons can insert themselves

into plasmids and even other transposons, for example (Sheppard et al. 2016).

Open questions about HGT in microbial communities

A multitude of open questions remains specifically about HGT in the context of
communities. We believe that many of these questions can be addressed with emerging
metagenomics techniques discussed in this review, since they aim at providing a
comprehensive overview of the MGE pool and its movement through diverse microbial
communities. In the future, this could allow us to predict how individual MGEs and their
transfer might be affected by the overall pool of mobile DNA present. Gaining this birds-eye
view is important both for understanding MGEs within an individual cell, as well as
understanding HGT within communities. For example, conjugative elements have been found
to silence transformation machinery in Legionella, showcasing that the different routes of
HGT can affect each other's efficacy (Durieux et al. 2019). Conjugative elements are also
known to affect each other's intercellular transfer and can be divided into three classes based
on their transmissibility: self-transmissible, mobilizable and non-mobilizable (Smillie et al.
2010). Self-transmissible plasmids encode their own type IV secretion system in addition to

other elements required for transmission including relaxases, which are proteins that



recognize the origin of transfer (oriT) and are crucial for the initiation and completion of
conjugation. As such, they can be shared by conjugation between two bacterial cells in what is
also referred to as a bi-parental mating. Mobilizable plasmids carry only the relaxases and an
oriT, while relying on type IV secretion systems that are available in trans, for example from
the chromosome or a co-resident plasmid. In tri-parental matings, the plasmid supplying the
type IV secretion system is introduced into the donor cell by a third bacterial strain, often
referred to as a helper strain. Last, non-mobilizable plasmids carry none of the factors
required for conjugative transfer. Given the potential complexities of DNA transfer in
microbial communities, techniques are required that enable the monitoring of many different
MGE:s at the same time.

Spatial heterogeneities within communities should also be considered when addressing
HGT dynamics in diverse communities. For example, the concept of microbial hotspots and
hot moments in soil was recently introduced and is characterized by increased activity and
cellular interactions (Kuzyakov and Blagodatskaya 2015). It has been proposed that by
contributing to the creation of these hotspots within soil, fungal hyphae change HGT
dynamics within the soil community (Pratama and van Elsas 2019). To address the effect of
spatial heterogeneities on HGT dynamics, tools are required that allow the tracking of MGEs
at relevant spatial scales.

HGT in communities does not happen independently of other microbial interactions.
For example, type six secretion (T6S) activity has been shown to be co-regulated with the
competence machinery of V. cholerae; DNA released by susceptible, lysed cells was shown to

be horizontally acquired by the predatory cells (Borgeaud et al. 2015). In a follow-up study, it



was shown that V. cholerae can acquire large genomics regions (larger than 150 kilobases) in
a T6S-dependent manner (Matthey et al. 2019). Similarly, T6S-mediated killing of E. coli by
Acinetobacter baylyi was shown to increase horizontal acquisition of genetic material by A.
baylyi (Cooper, Tsimring and Hasty 2017). To study these microbial interactions in more
complex systems or environments, it will be necessary to develop tools that allow
simultaneous monitoring of a wide range of HGT events and other types of microbial
interactions such as contact-dependent killing.

Together, these examples demonstrate that in order to understand global HGT
dynamics in microbial communities, a variety of factors ranging from environmental and
biotic interactions to the presence of other HGT machineries and MGEs should be considered.
While more targeted approaches described in this review alone might not allow for this global
approach, emerging metagenomics approaches are now opening the door to studying these
aspects of HGT in microbial communities. Additionally, as better tools for bacterial single-cell
genomics and RNA-seq become available, it should be possible to address HGT dynamics in

the context of other processes happening in communities.
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Figure 1.2 Considerations and approaches to studying HGT in microbial communities. (A)
Potential transfer directions in microbial communities. MGEs (intracellular grey circles) can
move between donor (D) and recipient (R) cells that have been introduced into a native
community (transfer direction I, red arrow). Alternatively, the introduced donor can transfer
MGEs to native recipients within the community (transfer direction II, green arrow). MGEs
can also move from a native donor to an introduced recipient (transfer direction III, yellow
arrow). Last, MGEs can be exchanged between native members of the community (transfer
direction IV, blue arrow). (B) Experimental approaches detecting MGEs and/or identifying
their host in microbial communities. Color outlines indicate the highest order transfer
direction potentially detected based on Figure 1.2A; grey outlines indicate the inability to
detect transfer direction. exog. isol. = exogenous plasmid isolation, TRACA = transposon-
aided capture, MDA = multiple displacement amplification, WGS = whole genome
sequencing, shotgun metag. = shotgun metagenomic sequencing. n.d. = not determined.
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Experimental approaches to interrogate MGE transfer in microbial communities

Within the context of microbiomes, MGEs can be exchanged either between
experimentally introduced organisms (transfer direction I), between introduced and native
organisms (transfer directions II and III) or between native organisms (transfer direction V)
(Figure 1.2A). While transfer directions I-IIT might be of particular interest for assessing the
risk of an introduced organism acquiring an undesirable gene from the native community or
vice versa, transfer direction IV is particularly important when one wants to understand how
microbes evolve within the context of natural microbial communities. A variety of techniques
is available to researchers to track MGEs in microbial communities, some more suitable for
certain research questions than others. For example, some techniques are appropriate for
tracking plasmids, while others might be designed to track the overall population of mobile
elements.

In this review, we give an overview of techniques available to study transfer of mobile
DNA in microbial communities (Figure 1.2B). In Section 1, we discuss techniques that target
pre-determined MGEs, i.e. that require pre-existing knowledge about specific elements. In
Section 2, we discuss techniques that are partially targeted and allow the study of specific
groups of MGEs, such as plasmids that can be maintained in a specific host, without requiring
pre-existing knowledge about specific elements. However, certain research questions might
require a broader view of MGEs in the community, such as those questions addressing the
potential for microbial evolution within the context of microbial communities. To this end, in
Section 3, we discuss various genomics and metagenomics techniques that have the potential

to provide information about a wider range of mobile elements and their hosts and thus afford

11



a more untargeted approach to studying HGT in microbial communities. The novel
metagenomics techniques described herein, 3C-related methods and the analysis of
methylation profiles, are especially helpful for the study of DNA transfer in microbiomes
since they have the potential to assign extrachromosomal elements such as plasmids to their

host genomes, which remains challenging with traditional metagenomics approaches.

SECTION 1: TECHNIQUES TARGETING KNOWN MGEs

Detection of MGEs and Associated Genes of Interest in Microbiomes

In some cases, the potential HGT of specific genes or groups of genes is of interest.
For example, the dissemination of ARGs is a world-wide problem and the presence of ARGs
has been studied in diverse microbiomes ranging from those in wastewater (Karkman et al.
2018) and hospitals (Kamathewatta et al. 2019) to those associated with various types of food
(Boehme et al. 2004; Devirgiliis et al. 2014; Fraqueza 2015; Abriouel et al. 2017; Quintieri,
Fanelli and Caputo 2019). While experimental confirmation of antibiotic resistance is a
common approach to confirming a suspected antibiotic resistance, this relies on the isolation
and cultivation of specific microbial species, which is often not feasible. However, for clinical
or public health surveillance, knowing the antibiotic resistance profile of unculturable or
slowly growing community members can be critical. To avoid issues related to culturability,
PCR-based approaches of candidate ARGs can be used to interrogate the presence of panels
of pre-determined ARGs (Nawaz et al. 2011; Guo et al. 2017). In a variety of microbiomes,
the PCR-based approach has also been directed at various MGEs including plasmids and

integrons (Smalla et al. 2000b; Gillings et al. 2015) that are frequently associated with ARGs,
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such as those associated with river waters (De la Cruz Barron et al. 2018) and full-term infant
guts (Ravi et al. 2018). A recent review of MGEs associated with ARGs showed that this is
indeed a viable approach (Partridge et al. 2018).

The described PCR-based approaches rely on updated and stable databases of both
MGE:s and genes of interest, a myriad of which have been developed (Table 1.1). For
example, databases allow researchers to search for common motifs of MGE types, therefore
helping the detection of these elements by PCR. Automated screening of published genomes
and manual curation of published phenotypic studies of isolated species and their
antimicrobial resistance profiles further helps in generating these databases. Surveillance
programs such as WHO AWaRe (Assessing Worldwide Antimicrobial Resistance Evaluation)
and INFORM (International Network for Optimal Resistance Monitoring), CDC/FDA/USDA
NARMS (National Antimicrobial Resistance Monitoring System), Pfizer ATLAS
(Antimicrobial Testing Leadership and Surveillance) are not included in this table, but they
use similar databases to track these elements epidemiologically. Many MGE databases
overlap in their contents, but use different filtering and inclusion methods. We do not show
specialized databases that only contain ARGs within a specific genus or against specific
antibiotics. Additional databases combine and filter those found in databases listed in Table
1.1, such as ARG-ANNOT (uses NCBI) (Gupta et al. 2014), PATRIC (uses CARD, NCBI,
manually curated) (Davis et al. 2016; Antonopoulos et al. 2019), DeepARG-db (based on
CARD, ARDB (Liu and Pop 2009), UniProt (Uniprot Consortium 2019)) (Arango-Argoty

et al. 2018), SARG (CARD, ARDB and NCBI-NR (Yin et al. 2018)) and BacMet (based on
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NCBI Genbank, UniPortKB, Transporter Classification Database, and publications; separated
into experimentally confirmed and predicted in NCBI-nr; manually curated) (Pal et al. 2014).

Table 1.1 Public databases of genes of concern and mobile genetic elements.

Genes or MGEs
of Concern

Name

Description

Reference

Antibiotic Resistance
(reviewed in
Hendriksen et al.
2019)

CARD

Functional ARGs and
mutations using
Antibiotic Resistance
Ontology. Manually
curated

(Alcock et al. 2019)

ResFinder

Acquired antibacterial
resistance or
chromosomal
mutations

(Zankari et al. 2012)

MEGARes

~8,000 antibiotic,
metal, and biocide
resistance sequences.
Manually curated and
formatted for
bioinformatics

(Lakin et al. 2017)

NCBI National
Database of Antibiotic
Resistant Organisms

(NDARO)

Public collection of
antibiotic resistance
sequences, including
Resfinder, AMRFinder,
CARD, and individual
contributions. Includes
phenotypic
antibiograms, as
designed by EMBL
AMR data hub

EMBL-ENA
Antimicrobial
Resistance data hub

Central infrastructure
to share and analyze
pathogen sequencing,
including phenotypic
antibiograms and
metadata about source

(Matamoros et al.
2019)

UniProt

Contains general
protein sequences with
ortholog categories.
Manually curated and
automated literature
association

(UniProt Consortium
2019)




Table 1.1, continued Public databases of genes of concern and mobile genetic elements.

Genes or MGEs
of Concern

Name

Description

Reference

Antibiotic Resistance
(reviewed in
Hendriksen et al.
2019)

ABRES, ResFams,
SARGfams (from
ARGs-OAP, an ARG
database)

Hidden Markov Models
for antibiotic resistance

(Gibson, Forsberg and
Dantas 2015; Xavier et
al. 2016; Yin et al.
2018)

RED-DB

From EMBL, DDBJ,
and Genbank. Genes
clustered on 70%
average nucleotide
and associated with
host organisms.
Manually curated

(D’Andrea)

Virulence Factors
(VFs)

NCBI Pathogen

Includes NCBI

Detection NDARO above as well
as pathogenic isolate
sequences
Victors VFs of human and (Sayers et al. 2019)

animal pathogens.
Manually curated

Virulence Factor
Database

Medically significant
bacterial pathogens
and VFs

(Liu et al. 2019a)
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Table 1.1, continued Public databases of genes of concern and mobile genetic elements.

PLSDB, PlasmID

contains public
submissions. PLSDB
and PlasmID contain
curated plasmid
sequences from NCBI-
nt

Genes or MGEs Name Description Reference
of Concern
Plasmids ACLAME Gene ontology specific | (Leplae, Lima-Mendez
for MGEs, especially and Toussaint 2010)
phage, prophage, and
plasmids
NCBI plasmids, NCBI database (Brooks, Kaze and

Sistrom 2019; Galata
et al. 2019)

PubMLST

Part of BIGSdb,
containing multi-locus
sequence typing
associated with
phenotype and
incompatibility groups

(Jolley and Maiden
2010)

PlasmidFinder and
pMLST

Sequences and
multilocus sequence
typing of plasmids
originally derived from
PubMLST. Limited to
enterobacteriaceae

(Carattoli et al. 2014;
Jolley, Bray and
Maiden 2018)

Genomic Islands
(Gls)

IslandViewer 4
databases: IslandPick
and Islander

Manually curated

(Bertelli et al. 2017)

ICEberg

Curated and
automated database of
bacterial ICEs,
integrative and
mobilizable Elements,
and cis-mobilizable
elements

(Liu et al. 2019b)

DarkHorse

DarkHorse results from
isolate genomes in
NCBI-nr, JGI, and
JCVI

(Podell, Gaasterland
and Allen 2008)

Genomic Islands
(Gls)
continued

PAIDB

Pathogenicity and
antimicrobial
resistance islands from
literature, and those
with similar GC bias

(Yoon, Park and Kim
2015)

Predict Gl database

Prokaryotic Gls. Part
of Seqword with EuGl
for eukaryotic Gls and
hislands for human
Gls

(Pierneef et al. 2015)
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Table 1.1, continued Public databases of genes of concern and mobile genetic elements.

Genes or MGEs
of Concern

Name

Description

Reference

Genomic Islands
(Gls)

ImmeDB

MGEs associated with
intestinal microbiome

(Jiang et al. 2019)

Transposons,
integrons, and
repetitive regions

GyDB

Phage and
transposons,
especially LTR-
retroelements

(Llorens et al. 2011)

The Transposon
Registry

Nomenclature and
database of
transposons and
mobile genomic
islands. Public
submissions

(Tansirichaiya,
Rahman and Roberts
2019)

Repbase

Automated database
on recon and LTR-
FINDER. Manually
curated

(Bao, Kojima and
Kohany 2015)

repetDB

Automated database
from REPET. Linked to
Repbase and GyDB

(Amselem et al. 2019)

SINEBase

Short interspersed
elements eukaryotes

(Vassetzky and
Kramerov 2013)

ISfinder

Bacterial and archaeal
insertion sequences.
Requires written
authorization to
download

(Siguier et al. 2006)

DFAM

HMM database of
repetitive sequences,
including eukaryotic

(Hubley et al. 2016)

INTEGRALL

Integron and related
sequences and gene
cassettes, such as
ARGs

(Moura et al. 2009)

However, despite these vast resources several problems still remain to be overcome.

First, as indicated above, database-centered approaches to identifying ARGs rely on database
accuracy and completeness (Boolchandani, D'Souza and Dantas 2019). Thus, unknown ARGs

will be missed. Additionally, results from PCR-based approaches do not always correlate with
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actual phenotypic antibiotic resistance profiles (Aristimufio Ficoseco et al. 2018). Various
reasons for the discordance between genotypic and phenotypic antibiotic resistance profiles
have been put forth (Hughes and Andersson 2017). For example, bacteria can be intrinsically
resistant to antibiotics due to slow antibiotic uptake or efficient antibiotic efflux due to efflux
pumps. Alternatively, the genomic context of a given resistance gene can affect its phenotypic
expression. In addition, these approaches merely detect the presence of particular ARGs and
MGESs without information about their genomic context or host species, making risk
assessment of transfer to unwanted species impossible. Nevertheless, as our understanding of
antibiotic resistance and HGT improves, these databases will continue to expand and inform
computational tools that can identify these sequences in metagenomes for surveillance and

tracking purposes.

Linking genes and MGE:s of interest to their host

While these approaches have the potential to investigate ARGs and MGEs in
communities, they fail to associate these elements with their hosts. One method to overcome
this challenge, epicPCR (Emulsion, Paired Isolation and Concatenation PCR) was developed
(Spencer et al. 2016). epicPCR is based on the premise of encapsulating individual cells in
polyacrylamide beads before lysis. The DNA is released into the confinement of the bead and
amplified by fusion PCR, which can be used to create a physical linkage of phylogenetic
markers such as 16S rRNA genes with functional genes of interest. Control experiments
showed that this technique was able to detect representatives of all major bacterial groups of a

lake water community, with additional lysis steps improving detection of certain groups of
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bacteria including Actinobacteria and Bacteroidetes. According to the authors, millions of
cells can be screened this way for the cost of a single sequencing library preparation (Spencer
et al. 2016). Given its ability to link genes or DNA sequences of interest to their bacterial
host, this technique could hypothetically be used to investigate the linkage of specific MGEs
of interest, including plasmids, with their host genomes. Since it does not require
manipulation of the MGE or cultivation of its host, epicPCR has the potential to detect HGT
events in all four transfer directions listed in Figure 2. Previously, this technique has been
used to assign ARGs and a class I integron to their hosts in wastewater treatment plant
communities (Hultman et al. 2018). Comparing influent and effluent water, this study detected
putative HGT of resistance genes between operational taxonomic units. However, the authors
concede that they were not able to definitely attribute the change of association between
ARGs and 16S rRNA genes to HGT given the observed experimental variation. Further
development of this technique or combination with other techniques discussed in this review

might improve its power to detect HGT events.

Detecting transfer of plasmids to culturable members of microbiomes

Some of the initial experiments that were aimed at estimating the potential for ARGs
to spread through a microbial community involved the introduction of donor species carrying
ARGs on known mobile elements into microbiomes and selecting recipients on the respective
antibiotic. In this type of experiment, it is important to be able to distinguish between donors
and recipients. If both are co-introduced into the community (transfer direction I) and express

different antibiotic/metal resistances, it is possible to enumerate recipients by selective plating
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(Bale, Day and Fry 1988; Richaume et al. 1992). Alternatively, preventing expression of the
MGE's resistance marker in the donor eliminates the need for additional, selectable markers in
the potential recipients (Top et al. 1990). For these experiments it is necessary that the
introduced donors and recipients can survive in the investigated environment long enough to
allow horizontal transfer to take place.

In other cases, it is of interest to what degree native bacteria of a particular
environment can act as hosts for a mobile element originating from an introduced donor
(transfer direction II). In such experiments, it is also crucial to be able to distinguish original
donors from potential recipients, especially if transfer efficiencies are low and the number of
introduced donors is high. This can be done by ensuring that the donor has a limited lifespan
within the probed community, while persisting long enough for transfer to occur. For
example, an early study measured the transfer of a plasmid-encoded tobromycin resistance
gene from E. coli SM10Apir, a strain capable of efficient plasmid mobilization, to a soil
microcosm. This experiment was able to identify tobromycin-resistant recipients native to the
soil microbiome after 25 days due to the disappearance of the introduced E. coli that was not
adapted to the soil environment (Henschke and Schmidt 1990). On the other hand, it might be
of interest to test transfer dynamics involving a donor that is able to survive in the community
long-term. In these cases, an additional selection criterion is required to efficiently distinguish
recipients from donors and non-recipients. Auxotrophic donors can be counter-selected for by
plating on selection media lacking the compound the donor cannot self-produce. This
approach was used to test the transfer of RP4 to the native microbiome present in a lake water

microcosm (Sengelov and Serensen 1998). RP4 is a conjugative plasmid from the
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incompatibility group Pa (IncPa) that has a long history of use as a genetic tool (Jacob and
Grinter 1975; Babic, Guérout and Mazel 2008). As the authors of this study point out, there
are several potential problems that could lead to an underestimation of the true extent of
plasmid transfer: recipients that are native to the interrogated microbiome could be
auxotrophic themselves; recipients could be prototrophic, but unable to express the transferred
resistance gene or grow under laboratory conditions; the auxotrophic donor's ability to
transfer plasmids in the tested environment could be impaired as compared to an otherwise
isogenic non-auxotrophic strain. Another option to select against donors is to use
bacteriophages that specifically eliminate donor cells from the population and allow the
detection of native recipients (Smit et al. 1991; Richaume et al. 1992; Daane et al. 1996).
Last, in a study comparing different donor counter-selection methods, counter-selection via
donor-encoded suicide genes was found to be successful in filter-matings, but not in
microcosm experiments (Sengelov and Serensen 1998).

The in situ mating approaches described above have not only been applied to detecting
the transfer of plasmids to native members of microbiomes, but also of other genetic elements
subject to HGT. One study tested the transfer efficiency of gene transfer agents in marine
environments using antibiotic selection of the transconjugants (McDaniel et al. 2010).
Elimination of the donor was not necessary in this study, since the authors subjected the

communities directly to the MGE.
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Detecting transfer of plasmids to unculturable members of microbiomes

As hinted at in the previous section, one common problem with the in situ mating
approaches to tracking MGEs in communities is that they rely on the cultivation of recipients
under laboratory conditions, which might lead to an underestimation of the true extent of
HGT in communities. In experiments in which the interest is only in specific bacteria that are
culturable under known conditions, this drawback might not be prohibitive. However, often
all possible recipients within a community are of interest. In these instances, culture-
independent approaches to identifying MGE recipients are required.

This class of approaches relies largely on the expression of fluorescent reporter genes
in the cells that harbor a particular mobile element. These approaches have been extensively
reviewed (Serensen et al. 2005; Pinilla-Redondo et al. 2018), thus we will only give a brief
overview. As with antibiotic resistance markers, lack of expression of fluorescent reporters in
the recipient can be responsible for false negatives and lead to an underestimation of the true
extent of HGT in a community. However, unlike with antibiotic resistance markers,
cultivation under laboratory conditions is not required for many of these techniques, because
reporter expression can be evaluated on a cellular level in a high-throughput manner. The next
few paragraphs will discuss the various reporter methods that have been used to investigate
HGT in microbial communities.

Generally, these approaches are targeted at MGEs that can be isolated, genetically
manipulated and re-introduced into a donor. In addition, as with the in situ mating approaches,
steps need to be taken to distinguish between donors and recipients. This was originally done

by repressing reporter expression in the donor, for example by utilizing a lactose-repressible
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promoter. One of the earliest studies employing this approach investigated how a plasmid
encoding a GFP-reporter under the control of a lac promoter was transferred from an
introduced Pseudomonas putida strain to native recipients of a marine bacterial community
(transfer direction II) (Dahlberg, Bergstrom and Hermansson 1998). In this study, GFP
expression was repressed in the donor cells, which chromosomally encoded the repressor
Lacl, and it was de-repressed in recipients, which did not encode Lacl and could thus be
enumerated by epifluorescence microscopy. While the single-reporter approach can be
powerful, it does not distinguish donors and native non-recipients based on fluorescent
signals. As such, dual-reporter approaches have been developed that distinguish the donors
via a second, chromosomally encoded fluorescent reporter (Mglbak et al. 2003; Kliimper et al.
2015). This creates three different pools of bacteria: donors expressing the chromosomally
encoded fluorescence, non-fluorescent potential recipients and recipients expressing the
plasmid-encoded fluorescence.

For higher throughput studies, the recipients can also be enumerated by flow
cytometry and even isolated by fluorescence-activated cell sorting as was done for an
experiment that introduced plasmid donors into a barley rhizosphere (Musovic et al. 2006).
Subsequent 16S rRNA analysis of the sorted recipients showed broad range transfer, including
from the Gram-negative donor to a Gram-positive recipient. One disadvantage of the flow
cytometry-based approach of enumerating recipients is its failure to separate true recipients
from cells that have vertically inherited the MGE. An alternative approach has thus been
employed based on minimal-cultivation solid-surface matings followed by the enumeration of

fluorescent microcolonies in a community, since it is presumed that each microcolony
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originated from a single recipient cell (Musovic et al. 2010; Kliimper et al. 2014).
Stereomicroscopy coupled with micromanipulation can then be used to isolate recipients. The
feasibility of this approach in natural environments depends on its complexity and ease of
microscopic investigation. In addition, it was found that while stereomicroscopy made for a
more efficient protocol, confocal microscopy detected higher rates of conjugation (Musovic
et al. 2010). Last, mating approaches that rely on minimal cultivation re-introduce potential
biases associated with growing complex microbial communities under laboratory conditions.

Another potential blind spot to consider is the transfer of plasmids from primary
recipients to secondary recipients. For example, if the plasmid of interest can be efficiently
shared between the potential recipients, high numbers of transconjugants sorted by
fluorescence-activated cell sorting might lead to an overestimation of initial transfer rates
between the donor and the primary recipients. This experimental gap is starting to be
addressed through methods using barcoded plasmids that allow the distinction between
primary and secondary transfer events (Bakkeren et al. 2019). Other approaches to
exclusively estimating conjugation rates from donor cells to primary recipient cells exploit the
different types of plasmid transmissibility. In one study, the transfer of a mobilizable, but not
self-transmissible plasmid was induced by a second plasmid present in donor cells that itself
is non-mobilizable due to lack of a suitable origin of transfer (del Campo et al. 2012).

In addition to the classification of the recipient pool, it might also be of interest to
characterize effects of spatial organization on HGT in communities. Flow-cytometry
approaches require the breaking apart of communities into individual cells causing a

disruption of spatial organization. In contrast, combining the dual-reporter approach with
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confocal microscopy allows the interrogation of spatial dynamics of MGE transfer. For
example, confocal microscopy was used to investigate the spatial distribution of plasmid
recipients on alfalfa sprouts and it was found that transfer to native community members was
dominant on the roots (Mglbak et al. 2003).

To really understand HGT dynamics in communities, it is necessary to not only
understand spatial aspects, but also temporal dynamics. Microfluidics can continuously
supplement a growing community with nutrients over extended periods of time, while
allowing the observation of cellular changes. To this end, microfluidics approaches have been
applied to the question of HGT in microbial communities. For example, a study investigating
the transfer of the broad host range plasmid RP4 from a Pseudomonas putida donor to a
recipient community made up of activated sludge bacteria combined the dual-fluorescence
approach with temporal imaging in a microfluidics device and 16S rRNA sequencing of the
final recipient pool (Li et al. 2018a). It was found that more than 46% of the genera present in
the activated sludge community were permissive to the RP4 plasmid. While these
microfluidic devices allow a temporal study of the transfer dynamics in communities, the
community needs to be grown in the microfluidic device under known conditions, which
reintroduces the limitation imposed by culturability.

While most of the other reporter gene approaches discussed above allow the
circumvention of problems associated with recipient culturability, they are still subject to
shortcomings, which have also been recently reviewed (Pinilla-Redondo et al. 2018). One of
such shortcomings is associated with expression and activity of the reporter gene in the new

host. Similar to in situ mating approaches, this might cause an underestimation of the true
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extent of HGT within a community. In addition, if detectable levels of the fluorescent reporter
are not reached before the MGE is lost from a recipient cell, these transient transfers will be
missed. The reporter gene approach also relies on the genetic manipulation of donors and
MGE:s limiting the kind of questions that can be answered with this approach. While
alternative quantitative PCR approaches have been developed to address this shortcoming by
detecting changes in donor-plasmid ratios without the need for genetic manipulation (Bonot
and Merlin 2010; Merlin et al. 2011), they cannot be used to determine the identities of
recipients. Another limitation of the reporter gene approaches is the reliance on fluorescent
proteins, which might not be functional in all recipients or environmental conditions. For
example, anaerobic or acidic environments often interfere with proper functioning of
fluorescent proteins. This has been started to be addressed, for example by exposing cells to
oxygen for aerobic fluorescence recovery before analysis by flow cytometry (Pinilla-
Redondo, Riber and Serensen 2018). Last, strong autofluorescence of environmental samples
can impede the detection of native recipients (Bellanger et al. 2014). Overall, while the
fluorescent reporter approaches have been powerful tools, their associated limitations cause

them to provide a still partially targeted view on potential hosts of the introduced MGEs.
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SECTION 2: PARTIALLY TARGETED TECHNIQUES THAT ALLOW THE

STUDY OF SPECIFIC GROUPS OF MGES

Techniques Targeting Specific Groups of MGEs

While certain research questions are sufficiently addressed by focusing on known
MGESs, other questions require a broader view. For example, it might be of interest to
determine the frequency with which a species acquires ARG-containing MGEs from a given
environment. In other cases, it might be of interest to characterize the diversity of mobile
elements carrying a gene of interest within an environment. In cases such as these, techniques
targeting specific groups of MGEs can be appropriate. These groupings can be based on host

range, genetic cargo or element type.

Identifying plasmids that can be transferred to specific recipients

As mentioned above, sometimes it is important to know whether a specific bacterium,
such as a pathogen, is at risk of acquiring MGEs from the surrounding microbial community.
One area in which this knowledge is of particular importance is the emergence and risk
management of antibiotic-resistant bacteria in the hospital environment, which while
recognized as important for slowing the global increase of antibiotic resistance, has so far
been understudied (Lerminiaux and Cameron 2019). However, one of the few studies
addressing this question detected a diverse reservoir of carbapenemase-encoding plasmids in
hospital plumbing and even found evidence for horizontal transfer of a carbapenemase-

encoding plasmid between Enterobacter cloacae and Klebsiella pneumoniae in a hospital sink

27



(Weingarten et al. 2018). In this case, E. cloacae had been introduced into the sink by one
patient and was able to establish itself in the surrounding community. Klebsiella pneumoniae
was later introduced into the same sink community by another patient and engaged in
conjugative plasmid exchange with E. cloacae.

Exogenous plasmid isolation has been employed to investigate the mobile plasmid
fractions of various microbiomes that can be transferred to a specific, introduced recipient
(transfer direction III). A variety of questions can be addressed by different variations of the
exogenous plasmid isolation experimental design. For example, bi-parental matings between
bacteria from porcine manure slurries as donors and Escherichia coli or Pseudomonas putida
as recipients identified a variety of plasmids belonging to the incompatibility group Q (IncQ)
in the porcine manure bacterial community (Smalla et al. 2000a). Curiously, IncQ plasmids
are usually mobilizable, but not self-transmissible, indicating that mobilizing plasmids must
have also been present in the donor community. The ability of microbial communities to
mobilize an IncQ-derived plasmid, pD10, was previously demonstrated for the microbial
community of a river epilithon (algae growing on rocks) (Hill, Weightman and Fry 1992). In
this experiment, tri-parental matings including a pD10-carrying P. putida donor, a plasmid-
free P. putida recipient and homogenized bacteria isolated from the epilithon were carried out
to identify plasmids in the microbial community that could mobilize pD10. As with the in situ
mating approaches described above one important consideration for exogenous plasmid
isolation is the ability of the chosen recipient strain to colonize and persist in the community

of interest. For example, a study involving a marked P. fluorescens strain, which is known to
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be able to colonize and persist in the natural sugar beet phytosphere, isolated a handful of
likely related plasmids (Lilley and Bailey 1997).

Exogenous plasmid isolation approaches rely on the presence of selectable markers on
the transferred MGE which can be expressed in the chosen recipient strain. Mobile elements
encoding for more complex phenotypes that might not be straightforward to select for can
therefore be easily missed. In addition, this approach relies on favorable conditions for
transfer and maintenance of the plasmid in the new host. For example, in a study employing
exogenous isolation from porcine manure, more recipients were originally identified than the
ones that were retained after three rounds of sub-culturing. This indicated that the pool of
captured MGEs contained additional elements that could not be maintained in the E. coli host
long-term (Binh et al. 2008). In contrast, a recently developed method employing an E. coli
recording strain that stably integrates DNA sequences from acquired plasmids into a genomic
CRISPR array does not rely on maintaining the MGE in the cell and can thus provide
information on more transient transfer events (Munck et al. 2020).

Overall, using exogenous plasmid isolation to identify plasmids in microbial
communities that can be transferred to a specific host is almost guaranteed to underestimate
the range of MGESs present in a microbial community. In addition, this method fails to identify
the original hosts of the isolated plasmids. However, as described above this technique is still
of great interest to the scientific and medical community, for example if one wants to assess
the risk that a particular species that has been introduced into an environment acquires

specific resistance genes.
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Culture-independent isolation of plasmids from microbiomes

In other cases, the overall pool of MGEs from a given community are of interest,
rather than only those elements that can be transferred to a particular recipient of interest. For
example, a bioinformatic algorithm designed to detect chromosomal mobile elements in
human gut microbiomes identified many elements containing genes with predicted adaptive
functions in this environment (Jiang et al. 2019). Thus, having insight into the overall pool of
mobile elements in a given environment has the potential to shed light on the adaptive
pressures it exerts on its resident bacteria. In the next few paragraphs, we will give an
overview of culture-independent methods that have been developed to investigate the
plasmidome of microbial communities, which represents one important constituent of the
overall MGE pool. Since the described techniques specifically isolate circular episomal
elements, such as circular plasmids, and each have technical limitations as outlined below that
make the determination of the complete plasmid content of a sample unlikely, they fall into
the category of partially targeted techniques (Figure 1.2B).

Transposon-aided capture (TRACA) of extrachromosomal, circular elements such as
plasmids allows the capture of elements that might not encode a selectable marker or might
not be stably maintained in a lab-adapted host. This method has been used to investigate
various plasmidomes including those of the human gut (Jones and Marchesi 2007) and dental
plaques (Warburton et al. 2011). To isolate the plasmidome, chromosomal DNA is sheared
and removed with plasmid-safe DNAse. While it is possible to directly sequence the isolated
DNA, contaminating chromosomal DNA that remains after exonuclease treatment can

complicate assembly of sequencing reads (Zhang, Zhang and Ye 2011; Dib et al. 2015).
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Instead, TRACA calls for tagging the remaining circular DNA with a Tn5 transposon
containing a selectable marker and transforming it into E. coli (Figure 1.3). Since the
transposon also contains its own origin of replication suitable for E. coli, the transformed
plasmids can be maintained in the cells regardless of their native origin of replication.
Downstream analyses include sequence determination of isolated plasmids using primer
walking (Jones and Marchesi 2007; Warburton et al. 2011; Zhang, Zhang and Ye 2011) and
phenotypic analyses, such as determination of antibiotic resistance profiles (Delaney, Murphy
and Walsh 2018). This approach allows the isolation of plasmids lacking selectable markers
and did not show a GC bias (Jones and Marchesi 2007). It thus has the potential to help fill
the picture of which plasmids are present in a given microbial community. However, only
relatively small plasmids (3 - 10 kb) were isolated by TRACA (Jones and Marchesi 2007;
Warburton et al. 2011). The authors of both studies pointed out that it is still under
investigation whether this points to a limitation of this method or whether the studied
microbiomes contained predominantly small plasmids. Additionally, linear plasmids remain
undetected with TRACA since they require a different type of replication machinery and can
thus not be maintained in the E. coli host (Warburton et al. 2011; Dib et al. 2015).

Another approach to plasmid isolation from uncultured microbiome samples is the use
of CsCl-ethidium bromide gradient ultracentrifugation. This technique allows the purification
of plasmid DNA and its separation from proteins, RNA and chromosomal DNA (Garger,
Griffith and Grill 1983). It has been used to enrich plasmid DNA in samples of activated
sludge communities (Sentchilo et al. 2013). Since DNA is not amplified before analysis, large

amounts of DNA are required, and thus low abundance plasmids are likely to be overlooked.
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Multiple displacement amplification (MDA) was found to be another promising
alternative (Delaney, Murphy and Walsh 2018). As with TRACA, exonuclease treatment is
used in this technique to eliminate sheared chromosomal DNA and other linear DNA
molecules. Random hexamer primers are then added to the sample along with phi29
polymerase. When the polymerase comes into contact with the primer of the adjacent
amplified fragment, it displaces one of the strands and continues DNA synthesis. The
displaced single strand of DNA is in turn bound by new primers and amplified (Figure 1.3).
This process leads to a branching network of amplified DNA (Dean et al. 2001). The final
amplified plasmidome can then be analyzed in various ways, including transformation into an
E. coli host for further phenotypic characterization (Delaney, Murphy and Walsh 2018) or
high-throughput sequencing for bioinformatic analyses (Kav et al. 2012, 2019; Li et al. 2012;
Norman et al. 2014). MDA has been used to interrogate the plasmid contents of
environmental (Li et al. 2012; Norman et al. 2014) or animal-associated communities (Kav et
al. 2012, 2019). The amplification of DNA prior to downstream analyses can be viewed as a
double-edged sword. On one hand, it can help generate enough DNA for high-throughput
sequencing (Li et al. 2012). On the other hand, it can bias plasmid detection towards smaller
plasmids (Norman et al. 2014). However, including an electroelution step in the MDA
protocol allowed the recovery of larger plasmids (median size of 30 kb) from wastewater
samples (Norman et al. 2014).

For both TRACA and MDA, the need for shearing chromosomal DNA reduces the
chances of isolating and identifying very large plasmids, which are more likely to also be

sheared than smaller plasmids. In addition, linear plasmids are excluded from detection in
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both methods since they are degraded during treatment with circular plasmid-safe DNase (Dib
et al. 2015). Last, since these techniques isolate plasmids from bulk extracted DNA, they fail
to provide information about their hosts in the community context and thus cannot by
themselves be used to interrogate actual transfer events in communities. A recent study
compared six methods for extracting plasmidomes (exogenous plasmid isolation, alkaline
lysis- and commercial kit-based methods as well as TRACA and MDA) from chicken cecal
microbial communities consisting of hundreds of bacterial species (Delaney, Murphy and
Walsh 2018). The authors found that exogenous plasmid isolation was the most consistent
method for isolating a range of plasmids (at least four different plasmids), while MDA
isolated a slightly larger number of diverse plasmids. The best plasmidome isolation method
probably depends on the nature of the respective community and likely requires combining

various approaches.

Comparing MGEs from species carrying a common gene of interest

From an epidemiological standpoint, one might only be interested in the specific
MGESs associated with an antibiotic-resistant infection. This was the case in a study on
extended-spectrum B-lactamase (ESBL)-producing Enterobacteriaceae isolated during an
outbreak in a neonatal intensive care unit. Here, the authors investigated whether the presence
of two ESBL-producing strains, Klebsiella pneumoniae and E. coli, in the same patient was
due to horizontal transfer of the ESBL-carrying plasmid (transfer direction V) (Bikkarolla
et al. 2019). The study employed a method termed optical mapping, which uses fluorescent

probes that differentially label AT- and GC-rich regions of the MGE of interest and
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fluorescence microscopy to visualize individual DNA molecules in nanofluidic devices. The
authors coupled this approach with a CRISPR-guided identification of the location of the
ESBL gene on each plasmid. Comparison of the resulting plasmid bar codes and locations of
the ESBL genes led to the conclusion that HGT of the ESBL-carrying plasmids had likely not
occurred between the co-colonizing strains. Other methods for analyzing the isolated MGE
DNA include sequencing, restriction fragment length polymorphism analysis as well as
pulsed-field gel electrophoresis. However, the authors of the described study posit that their
optical mapping approach constitutes a faster and more efficient way (Bikkarolla et al. 2019).
As such, this method might also be of interest if one wants to analyze and compare MGEs

isolated from microbiomes using previously described techniques.
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Figure 1.3. Transposon-aided capture (TRACA) and multiple displacement amplification
(MDA) of plasmidomes rely on common pre-processing steps of metagenomic DNA. For
both techniques, metagenomic DNA is extracted from the microbial community of interest.
The extracted DNA 1is subjected to shearing and sheared DNA is removed with a circular
plasmid-safe DNAse. Quantification of 16S rRNA gene sequences can be used to control for
the successful removal of chromosomal DNA. The extracted plasmidome can then be
subjected to high-throughput sequencing, TRACA and/or MDA. In TRACA, the plasmidome
DNA is tagged with a Tn5 transposon containing a selectable marker (black insert) and
transformed into E. coli. The isolated plasmids can then be analyzed in various ways
including sequence determination by primer walking or phenotypic characterization. In MDA,
the extracted plasmidome is amplified using random hexamer primers (short, grey arrows)
and phi29 polymerase (thick, black arrows). When phi29 contacts the primer of the adjacent
fragment, it displaces the newly synthesized strand and continues synthesis. The displaced
strand is then bound by new random primers and further amplified, resulting in a branched
network of amplified DNA, which can be analyzed by various techniques, such as

transformation into E. coli for phenotypic characterization or high-throughput sequencing for
bioinformatic analyses.
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SECTION 3: UNTARGETED TECHNIQUES FOR INVESTIGATING MGE
TRANSFER BETWEEN NATIVE MICROBIAL COMMUNITY MEMBERS

The techniques described in the previous sections target known or specific groups of
MGEs. However, discovering novel mobile elements, genes of interest, and mechanisms of
transfer requires techniques that provide less-biased overviews of the MGE pool and their
hosts in communities. To this end, cultivation-independent techniques are needed that allow
the direct linkage of native MGEs to their host genomes and determine their transfer between
native community members (transfer direction V). Ideally, these techniques should enable the
simultaneous tracking of many different types of mobile elements, including chromosomally
integrated elements such as prophages and ICEs, as well as non-integrated elements such as
plasmids. In the following section, we will address different metagenomics approaches that
allow the association of various types of MGEs with their host genomes. We will first discuss
how different metagenomics approaches have been used to interrogate the presence of MGEs
in microbiomes. We will then specifically highlight how high-throughput 3C-based
techniques as well as DNA methylome analyses can be used to assign extrachromosomal

elements to their host genomes in microbiomes of varying complexity.

Identifying genes of interest and MGEs in metagenomes

Whole genome sequencing can allow for sequence analysis of MGEs and genes of
interest in isolated species. However, this requires the ability to cultivate the particular species
in isolation and under lab conditions. Metagenomic sequencing does not rely on cultivation

and can provide insights into the genomic content of microbial communities in an untargeted
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manner. It thus allows for a more exhaustive characterization of genes of interest or MGEs
present in a given microbiome. For example, Zhang et al. used shotgun metagenomic
sequencing to analyze the occurrence of ARGs in communities from different environments:
glacial soil, permafrost and sediment (Zhang et al. 2018a). Further combining shotgun
metagenomic sequencing with functional metagenomic selections against predetermined
panels of antibiotics allows not only the detection of known ARGs, but also the confirmation
of their phenotype and the discovery of new ARGs. In brief, functional metagenomics
selections involve the subcloning of DNA fragments from metagenome extractions into a lab-
adapted plasmid and host strain, which can then be screened for a phenotype of interest, such
as antibiotic resistance (Handelsman et al. 1998; Rondon et al. 2000; Moore et al. 2011). This
approach was used, for example, to interrogate the resistomes of preterm infant gut
microbiomes (Gibson et al. 2016). In this study, a total of 794 ARGs functional against 16
different antibiotics were detected. 79% of these genes were identified as ARGs for the first
time. Similarly, functional selection of soil metagenomic libraries lead to the discovery of
2895 ARGs, most of which were previously unknown (Forsberg et al. 2014). Interestingly,
this study also found that the genomic co-localization of ARGs and MGEs is lower in soil
genomes as compared to pathogenic genomes, suggesting that HGT of ARGs might play
different roles in different environments. For example, shotgun metagenomic sequencing of a
microbiome isolated from a lake affected by industrial antibiotic pollution revealed the
presence of a wide variety of ARGs and genes associated with MGEs (Bengtsson-Palme et al.
2014). What is more, in several instances their co-localization suggested the potential for

HGT of ARGs in this environment. Despite these useful metagenomics approaches, the
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content and genomic context of MGEs often remain elusive and the elements themselves can
be difficult to assemble with short-read sequencing data, given the repetitive sequence
structure often associated with these elements. This is starting to be addressed with
microfluidics-based techniques (Lan et al. 2017; Bishara et al. 2018) and long-read
sequencing technologies, such as PacBio SMRT sequencing (Eid et al. 2009) and Oxford
Nanopore sequencing (Branton et al. 2008).

A recently developed microfluidics-based technique, single cell genomic sequencing
(SiC-seq), distributes intact cells into individual droplets and tags each genome with unique
barcodes (Lan et al. 2017). SiC-seq has been used to associate bacterial genera with ARGs as
well as virulence factors and phage sequences within a coastal seawater community (Lan et al.
2017). While this technique can theoretically associate episomal sequences with their host
genomes, the lack of genome amplification prior to sequencing yields low genome coverage
(0.1%—1%) per barcode (i.e. per microbial cell), limiting the assembly of whole genomes
from metagenomic data. Generally, for the study of extrachromosomal mobile elements, deep
metagenomic sequencing and assembly, followed by single cell sequencing approaches may
allow for association of physically unlinked sequences (Stepanauskas 2015). For example,
combining metagenomic and single-cell sequencing has been used to explore the biology and
genomes of uncultured cells from novel phyla (Dodsworth et al. 2013).

Just like microfluidics-based techniques, long-read technologies aim to preserve long-
range sequence information. These technologies generate sequencing reads of many
kilobases, which inherently preserve genomic context and improve assemblies of MGEs. For

example, a study of metagenomic samples from a veterinary hospital comparing PCR-based
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detection and Oxford Nanopore sequencing of ARGs found that the PCR-based approach
could detect very low-abundance ARGs, while the long-read approach was able to assign
chromosomal ARGs to bacterial genera (Kamathewatta et al. 2019). Another publication
associated ARGs and their host mobile elements using long-read sequencing in wastewater
treatment plant samples (Che et al. 2019). Open-access web tools are being developed to
analyze Nanopore sequencing data of environmental samples and return information on
ARGs, metal resistance genes, MGEs and associated taxa (Arango-Argoty et al. 2019). In
another study, combining [llumina short-read with both PacBio SMRT and Oxford Nanopore
long-read sequencing technologies allowed researchers to assemble full genomes from low-
complexity natural whey starter cultures, distinguish between microbes on a strain level and
assign prophages to their host genome (Somerville et al. 2019).

The described metagenomic sequencing generates reads that can then be mapped
against the databases in Table 1.1 to screen for known resistance and mobile genes. The
current standard in medical and research settings is unbiased, metagenomic Illumina short-
read sequencing, but this remains time-consuming due to quality-controlled library
preparation and bioinformatics analysis (Gu, Miller and Chiu 2019). Real-time sequencing
and basecalling through Oxford Nanopore Technologies creates the opportunity to quickly
screen communities, such as those associated with an infection, against a database of ARGs or
MGEs. The Nanopore system involves parallel processing of DNA molecules through
biological pores that measure displacement of the molecules (Branton et al. 2008). As
sequence data for each piece of DNA becomes available in real time, each molecule can be

screened for similarities against a known database with software by Metrichor called ARMA
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(Real-time detection of antibiotic-resistance genes using Oxford Nanopore Technologies’

MinlON 2016; Schmidt et al. 2017) or a licensed University of California San Francisco
pipeline called MetaPORE (Greninger et al. 2015) in just a few minutes after library
preparation. Long-read technologies may further be able to provide genomic contexts to these
resistance genes to allow for host association if these genes are chromosomally integrated and
real-time analysis of reads may allow background human genomic reads to be removed to
increase sequencing depth of the microbial community (Loose, Malla and Stout 2016). Web-
based tools, such as nanoARG (Arango-Argoty et al. 2019) for Nanopore reads, and PATRIC
(Wattam et al. 2017) or MG-RAST (Keegan, Glass and Meyer 2016) for [llumina short reads,
as well as alignment against databases in Table 1.1, can be used for analysis of raw sequences.
Together, these metagenomic sequencing techniques continue to expand databases and
generate data sets that can be used to develop tools for computational analysis and

cataloguing of MGEs within metagenomes (Table 1.2).
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Table 1.2 Computational tools that identify mobile elements and genes of interest in
metagenomes. Tools that allow for metagenomic input are marked with an asterisk (*), those
that accept reads (metagenomic or isolate) are marked with a plus sign (+), and those that
require annotated contigs are marked with a cross (). Tools without a symbol require either
isolate genomes or binned metagenome-assembled genomes. (1) - request required for
software. Hidden Markov Models (HMMs) are reviewed in (Eddy 2004).

Software Output Reference
Plasmid Identification
Plasflow * Phyla and plasmid annotation (Krawczyk, Lipinski and
Dziembowski 2018)
PPR-meta * Phage and plasmid annotation (Fang et al. 2019)
PLACENET Assembly and contig linkages (Lanza et al. 2014)

PlasmlIdent *+

Circular plasmids and predicted genes,
ARGs

github.com/imgag/plasmIDent

PlasmidFinder, Assembly if input reads, hits to database | (Carattoli ef al. 2014)
pMLST *+

Cbar * Plasmid annotation (Zhou and Xu 2010)
PlasmidSeeker Hits to database (Roosaare et al. 2018)
Plasmid ATLAS + Hits to database and related plasmids (Jesus et al. 2019)

plasmidSPAdes *+

Plasmid contig assembler, includes
Plasmid Verity

(Antipov et al. 2016)

Phage and Prophage Identification

VirSorter * Phage and prophage annotation (Roux et al. 2015)
virMine *+ Viral assembly and annotation (Garretto et al. 2019)
PHASTER * Taxonomic and functional annotation (Arndt et al. 2017)
PATRIC/RAST *+ Gene annotation, taxonomy. Assembly | (McNair et al. 2018)

if input reads.

vConTACT 2, iVirus

*

Gene, phage and archaeal virus
annotation, taxonomy

(Merchant et al. 2016; Bolduc et
al. 2017)

PPR-meta *

Plasmid and phage annotation

(Fang et al. 2019)

Viraminer *+

Viral annotation

(Tampuu et al. 2019)
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Tablel.2, continued Computational tools that identify MGEs and genes in metagenomes

Software Output Reference
Phage and Prophage Identification
FastViromeExplorer | Metagenomic viral abundance, hits to (Tithi et al. 2018)
+ database
MARVEL Phage annotation (Amgarten et al. 2018)
VirFinder, Viral annotation (Ren et al. 2017), github.com/

DeepVirFinder *

jessieren/Deep VirFinder

Phage Finder ¥

Putative prophage regions

(Fouts 20006)

Phigaro * Putative prophage regions and insertion | (Starikova ef al. 2020)
sites
PhiSpy *t Putative prophage regions (Akhter et al. 2012),
github.com/linsalrob/PhiSpy
VIBRANT * Viral metabolic pathway annotation (Kieft, Zhou, and Anatharaman

2020)

metaviralSPAdes *+

Viral contig assembler. Includes
viral Verify, viralComplete

(Antipov et al. 2020)

Genomic Island Identification

PredictBias T

Putative genomic and pathogenicity
islands

(Pundhir, Vijayvargiya and
Kumar 2008)

Alien_Hunter,
GIHunter, GIV,
GIDectector (1r)

Putative GIs and abnormal windows

(Vernikos and Parkhill 2006;
Che et al. 2010, 2014; Che and
Wang 2013)

GI-SVM, Hgtident,
MgFC, RVM, SVM-
AGP

Putative Gls, HGTs, abnormal windows

(Tsirigos and Rigoutsos 2005;
Vernikos and Parkhill 2008;
Xiong et al. 2012; Lu and Leong
2016)

MJSD, GEMINI *

Segmentation to putative Gls

(Zhang et al. 2014; Arvey et al.
2009)

Centroid (1r)

Clusters, putative Gls

(Rajan, Aravamuthan and
Mande 2007)

Design-Island

Putative GIs, functional annotation

(Chatterjee, Chaudhuri and
Chaudhuri 2008)
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Tablel.2, continued Computational tools that identify MGEs and genes in metagenomes

Software Output Reference

Genomic Island Identification

INDeGenlUS (rr) Clusters, putative GIs (Shrivastava, Reddy and Mande
2010)
IslandCAFE *% Clusters, putative Gls, putative HGTs (Jani and Azad 2019)
IGIPT Putative Gls (Jain, Ramineni and Parekh
2011)
Sighunt Putative HGTs (Jaron, Moravec and
Martinkova 2014)
GI-Cluster T Putative Gls and functions (Lu and Leong 2018)
GEMINI Putative Gls, atypical windows (Paila et al. 2013)
Shutter Island Putative Gls (Assaf, Xia and Stevens 2019)
SWGIS Putative Gls, also eukaryotic (Clasen et al. 2018)
GC-Profile * (1r) Contigs segmented based on GC (Gao and Zhang 20006)
content
Cumulative GC- Contigs segmented based on GC (Zhang and Zhang 2004)
profile T (1) content
Zisland Explorer Putative Gls and GC profile (Wei et al. 2017)
LEMON + Strain level assembly and putative HGT | (Li, Jiang and Li 2019)
from reference
CONlJscan/ Relaxasosome, T4CP/VirB4, and T4SS | (Cury et al. 2020)
MacSyFinder * annotation
DaisySuite Putative donor and acceptor within (Seiler, Trappe and Renard
(MicrobeGPS, reference 2019)
DaisyGPS, Daisy) +
Hgtident * (rr) Putative HGT (Xiong et al. 2012)
JS-CB Putative HGT (Jani et al. 2017)
MGTlIpick Putative Gls (Dai et al. 2018)
SIGI-CRF, Colombo | Putative GIs (Waack et al. 2006)
CGS 1 (rr) Putative GIs (Elhai, Liu and Taton 2012)
Kvasir Comparative phylogenetics, unusual (Bonham, Wolfe and Dutton
sequence identity 2017)
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Tablel.2, continued Computational tools that identify MGEs and genes in metagenomes

Software Output Reference
Genomic Island Identification

RecentHGT Comparative phylogenetics, unusual (Liet al. 2018b)
sequence identity

MOSAIC Comparative phylogenetics, unusual (Chiapello et al. 2005, 2008)
sequence identity

Near HGT Comparative phylogenetics, putative (Adato et al. 2015)
HGT

Waafle + Comparative phylogenetics, putative huttenhower.sph.harvard.edu/
HGT waafle

DLIGHT Putative HGT orthologs, potential donor | (Christophe Dessimoz, Daniel
and recipient, and estimated time since | Margadant and Gaston H.
HGT Gonnet 2008)

DarkHorse Phylogenetic discordance in hits to (Podell and Gaasterland 2007)
database, putative donors

RGPFinder Comparative phylogenetics, genome (Vallenet et al. 2009; Ogier et
segmentation al. 2010)

MSGIP Comparative phylogenetics, putative (de Brito et al. 2016)

Gls, atypical windows

Identification of Other Mobile Elements and Associated Sequences

tRNAscan-SE *

tRNA genes annotation

(Lowe and Eddy 1997)

tRNAcc tRNA-associated Gls (Ou et al. 2006)
OriTFinder * Virulence factor and ARG annotation, (Lietal 2018c)
hits to database
ISsaga * Insertion sequence annotation (Varani et al. 2011)
ISMapper + Insertion sequence annotation (Hawkey et al. 2015)
ISEScan * Insertion sequence annotation, by (Xie and Tang 2017)
category
INTEGRALL * Hits to integron database (Moura et al. 2009)

IntegronFinder * ¥

Hits to attC and int]

(Cury et al. 2016)

I-VIP *

Integron annotation

(Zhang et al. 2018)
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Tablel.2, continued Computational tools that identify MGEs and genes in metagenomes

Software

Output

Reference

Identification of Other Mobile Elements and Associated Sequences

REPuter *

Exact repeats

(Kurtz and Schleiermacher

1999)

TEdenovo, TEannot,
and PASTEC *

Repeated sequences, TE copies by
cluster and transposon classification
(Wicker et al. 2007)

(Flutre et al. 2011; Hoede et al.

2014)

deviaTE *+

TE identification and copy number
quantification

(Weilguny and Kofler 2019)

Generic Repeat Interspersed exact repetitive regions (Shi and Liang 2019)

Finder *

ProGeRF * Imperfect repetitive regions (Lopes et al. 2015)

SPADE * Repetitive regions, periodicity, and (Mori et al. 2019)
putative function

RED * HMM model, repetitive regions (Girgis 2015)

iMGEins + Putative transposon and retrotransposon | (Bae et al. 2018)

insertions

Antibiotic Resistance Identification

Resistance Gene
Identifier *

OREF prediction and hits to database

(Alcock et al. 2019)

PATRIC

Gene and ARGs annotation

(Davis et al. 2016)

AMRFinderPlus *

Hits to database

(Feldgarden et al. 2019)

MetaCherchant *+

Hits to database, assembly graph

(Olekhnovich et al. 2018)

kmerResistance *+

Hits to database and abundance

(Clausen et al. 2016)

ResFinder,
PointFinder *+

Hits to database and chromosomal
mutations

(Zankari et al. 2012, 2017)

ARG-ANNOT * Hits to database (Gupta et al. 2014)

SRST2 *+ Hits to database (Inouye et al. 2014)
NanoARG *+ Taxonomy and hits to database (Arango-Argoty et al. 2019)
ARGpore *+ Hits to database (Xia et al. 2017)
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Tablel.2, continued Computational tools that identify MGEs and genes in metagenomes

Software Output Reference
ABRicate * Hits to database github.com/tseemann/abricate
fARGene *+ Assembly, fragmented and complete (Berglund et al. 2019)

OREFs, previously uncharacterized

resistance genes

Antibiotic Resistance Identification
ABRESFinder * Hits to database http://scbt.sastra.edu/ABRES/
hmmer.php

Ariba + Assembly, hits to database (Hunt et al. 2017)
Mykrobe + Hits to database, assembly graph (Bradley et al. 2015)
TypeWriter *+ Hits to database (Mason et al. 2018)

GeneFinder *+

Hits to database

(Mason et al. 2018)

SSTAR *

Hits to database

(de Man and Limbago 2016)

MetaCompare +

Assembly, ARG, MGE abundance and
hosts. Resistome hazard level

(Oh et al. 2018)

ARGs-OAP * ARG annotation (Yin et al. 2018)
VRprofile Putative GI, virulence factors, ARGs, (Li et al. 2018a)
secretion system annotation
Virulence Factor Identification
PAI-IDA Pathogenicity Islands (Tu and Ding 2003)
VFAnalyzer Hits to database (Liu et al. 2019a)

virulenceFinder +

Assembly if input reads, hits to database

(Joensen et al. 2014)

VirulentPred *{

Virulence Factor annotation

(Garg and Gupta 2008)

PAIfinder *

GIs, ARGs, Virulence Factor annotation

(Yoon et al. 2005)
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Generally, metagenomic sequencing and assembly generates contiguous sequences, or
contigs, that can then be analyzed by various computational techniques and tools to identify
known and putative MGEs and suggest a host, as was recently reviewed in (Bertelli, Tilley
and Brinkman 2018; da Silva Filho et al. 2018; Douglas and Langille 2019). Some groups
have generated pipelines that combine multiple tools to annotate multiple classes of MGEs
within metagenomes (Hasan et al. 2012; Lee et al. 2013; Soares et al. 2016; Bertelli et al.
2017; Gargis et al. 2019; Guliaev and Semyenova 2019; Song et al. 2019); lab-maintained
servers and programs such as snakemake (Kdster and Rahmann 2012) and docker
(docker.com) increase the reproducibility of these pipelines. Generally, these computational
tools differ in the type of input requirements, such as completeness of genomes to be
analyzed, their tolerance of fragmented genes, whether they require contigs binned into
genomes, as well as the generated output, e.g. the types of MGEs identified. Furthermore,
these tools identify mobile elements either using comparative phylogenetic approaches or
using parametric approaches considering factors such as GC content, gene functions or
integration sites. For example, various computational methods have been developed to
assemble and detect plasmid sequences from metagenomic data, such as those using
sequencing coverage, codon-bias or the presence of plasmid-associated genes (Rozov et al.
2017; Arredondo-Alonso et al. 2018; Krawczyk, Lipinski and Dziembowski 2018; Antipov
etal. 2019; Wood, Lu and Langmead 2019). However, while these tools are useful for
assembling plasmids from metagenomic data, they often fall short in identifying their hosts.
For example, recently transferred plasmids may not have been ameliorated to the host

chromosome's codon bias and thus might show a different GC profile. In addition, plasmids
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are often present in cells at a different copy number than chromosomes making the use of
coverage information less useful for host assignment. Hence, despite the improvements of
metagenomic assemblies, the association of extrachromosomal MGEs with their host
genomes remains a challenge. The next two parts of this review will discuss 3C- and
methylome-based analyses that are promising emerging strategies for overcoming these

limitations.

Assigning MGE:s to their hosts based on their interaction with host chromosomes

The 3D organization of chromosomes within cells has long been an interesting open
question in the field of genetics. 3C-based techniques, also known as proximity ligation, have
been used to address this question. These techniques rely on the cross-linking of DNA-
binding proteins to tether pieces of physically proximal DNA within intact cells. After cross-
linking and cell lysis, DNA is digested with restriction enzymes. The fragmented DNA-
protein complexes are diluted prior to the subsequent ligation. This encourages ligation of
DNA ends part of the same protein-DNA complex, rather than the ligation of DNA ends of
separate complexes. The resulting chimeric ligation junctions combine DNA that was co-
localized within the cell. Cross-links are then reversed and DNA is purified (Figure 1.4A).
Ligation junctions can be analyzed in various ways, ranging from investigating the
interactions between two specific loci by PCR to the investigation of all versus all genomic

loci by next generation sequencing (Dekker, Marti-Renom and Mirny 2013).

48



(A) Chromosome conformation capture (3C) in microbial communities || (B) SMRT sequencing
Microbial Cross-linking DNA  Dilution &  Cross-link  Hi-C library o Inibal methytation
community and cell lysis digestion ligation reversal  preparation patterns:
— e (D / . X
o o \o\ ; . lPIasmld
lF’Iasmid — — HGT
HGT -
. a0 / o é /) . — Q New methylation
(o) pe rs) J/ — T« pattern:
pu —
o
O Common steps in 3C approaches o

Figure 1.4 Novel metagenomics techniques that have the potential to assign
extrachromosomal elements to their host genomes (A), Chromosome conformation capture
(3C)-based metagenomics in microbial communities. Common steps of 3C-based techniques
include the crosslinking of proteins (grey dots) associated with DNA molecules in intact cells
followed by cell lysis. The DNA is digested with a restriction enzyme (or a combination of
restriction enzymes) and diluted to encourage the formation of intramolecular ligation
junctions (black bars) in the subsequent ligation reaction. Last, crosslinks are reversed. 3C
techniques have the potential to detect contacts between chromosomal DNA (orange) and
extrachromosomal DNA, such as plasmids (red circles). Hi-C, a high-throughput 3C-based
technique, has the potential to detect HGT of MGEs, such as plasmids, in metagenomes.
During Hi-C library preparation, the ligation junctions (black bars) are marked with biotin
allowing for the specific enrichment of ligation junction-containing fragments, which can
subsequently be sequenced using short-read sequencing. The black arrowhead indicates a
ligation junction detected due to HGT of the plasmid from the original host (orange
chromosome) to the new host (green chromosome). (B), Methylation profile-based
assignment of MGE:s to their hosts in microbial communities. Both chromosomally integrated
and extrachromosomal elements carry their host cell's methylation profile (diamonds). Long-
read sequencing that also detects these methylation patterns allows the assignment of MGEs
to their host genomes. If DNA is shared with an organism that exhibits a measurably different
methylation profile, it will acquire its new host's profile. New methylation patterns associated
with MGEs are thus indicative of HGT in the community.

The earliest 3C technique detects interactions between two specific loci (Dekker et al.

2002). This technique requires the design of primer pairs that allow the detection of hybrid

ligation junctions that would be created if two genomic loci of interest interact, such as a gene

of interest with a putative regulatory region. This technique was then further developed into

4C (Simonis et al. 2006; Zhao et al. 2006), which detects interactions between one specific
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loci and all other loci from the genome. This is achieved by circularizing the hybrid ligation
product and using inverse PCR to amplify all genetic loci captured by the locus of interest.
The resulting PCR fragments can then be identified by microarray (Simonis et al. 2006) or
sequencing (Zhao et al. 2006). This technique could be useful, if one is interested in potential
HGT events of a specific MGE that has a known sequence and thus allows the design of
appropriate primers. While 4C investigates the interaction of one locus with all other genomic
loci, another variation of 3C, called 5C, detects interactions between many specific genomic
loci (Dostie et al. 2006). Finally, Hi-C tests the interactions between all possible pairs of loci
in the genome and is the only unbiased 3C-based technique (Lieberman-Aiden et al. 2009).
This is achieved by repairing restriction fragments with biotinylated nucleotides before
ligation thus creating ligation junctions that can be affinity-purified. This ligation-junction
enriched library can then be subjected to high-throughput, paired-end sequencing with each
sequencing read from a pair representing one of the two interacting loci.

Together, 3C-based methods have helped develop 3D models of genomes of a variety
of organisms and general principles are starting to be identified (Dekker, Marti-Renom and
Mirny 2013). For example, the 3D structure of the Caulobacter crescentus genome was found
to be organized at least partly by parS sequences (Umbarger et al. 2011). These centromere-
like sequences have been shown to be essential for chromosome segregation in C. crescentus
(Toro et al. 2008). Since 3C-based techniques exploit physical contacts between DNA in the
confines of cells, it was posited that the resulting contact maps could be exploited to bin
contigs, including those of extrachromosomal MGEs, for de novo assembly of genomes in the

context of metagenomes. Table 1.3 gives an overview of studies that have used Hi-C-based
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approaches to associate MGEs with their hosts in microbial communities of varying diversity.
They all follow the general outline shown in Figure 1.4A. One of the first published studies, a
synthetic community of five bacteria was parsed at strain level and DNA molecules residing
in the same host cells, such as plasmids or multiple chromosomes, were associated with each
other (Beitel et al. 2014). Similarly, the Hi-C-based MetaPhase workflow was shown to
effectively parse genomes belonging to a synthetic community of 16 yeast strains and another
community consisting of eight yeasts, nine bacteria and one archeon at species level (Burton
et al. 2014). That same year, a workflow termed meta3C was applied to other microbial
communities, including an environmental community of unknown composition that was
collected from river sediments and enriched for bacterial microorganisms capable of growth
in lysogeny broth (Marbouty et al. 2014). Contact data from this experiment revealed 184
significant clusters. The 11 largest clusters were further investigated and over 80% of genes
identified by MG-RAST within in each cluster were attributed to the same taxonomic class.
Further, the contact data enabled the authors to study the 3D genome organization of an
unknown species within the community. More recently, 850 draft genomes were assembled
from cow rumen metagenomes using traditional methods, but with the help of Hi-C contact
information, an additional 63 draft genomes could be assembled (Stewart et al. 2018). In other
studies employing Hi-C, plasmids and other MGEs were repeatedly associated with their
presumed host genomes in microbiomes of varying levels of complexity (Marbouty et al.
2017; Press et al. 2017; Bickhart et al. 2019; Yaffe and Relman 2019). For example, it was
shown that Hi-C can be used to assess host ranges for natural plasmids in a wastewater

community without the need for cultivation of the hosts (Stalder et al. 2019). The authors of
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this study report a detection limit of 0.01%, meaning that at least 1 in 10 000 cells in the
sample must be of a particular host-plasmid association. Finally, it will be interesting to test to
which degree Hi-C is able to detect recent or transient plasmid transfer. This likely depends
on the level of noise in the Hi-C data and the frequency of plasmid transfer, i.e. how many
recipients are to be expected within the community at any given time. Being able to detect
transient transfers might also help illuminate transfer routes since the detection of a particular
MGE in a new host might not be due to transfer to this organism from the initial host but

might be due to secondary transfer via a third organism.
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Table 1.3 Studies employing Hi-C techniques to assign MGEs to their hosts in microbial
communities. All Hi-C libraries in these studies were sequenced by Illumina short-read

approaches.
Reference Metagenome sequencing | Community Taxonomies | Interactions
reported reported
(Beitel et al. | Simulation of Illumina synthetic (5 bacteria plasmid-
2014) short reads using bacteria) chromosome
reference genomes
(Burton et al. | [llumina short reads and | synthetic (16 bacteria, plasmid-
2014) mate-pair reads or yeast); synthetic | archaea, chromosome
simulation of 10 kb (8 yeasts, 9 yeast
contigs from reference bacteria, 1
genomes archaeon)
(Marbouty et | from meta3C library synthetic (3 bacteria, plasmid-
al. 2014) bacteria), yeast chromosome
synthetic (11
yeast),
environmental
(river sediment)
(Marbouty et | from meta3C library host-associated mostly Phage-chromosome
al. 2017) (mouse feces) bacteria, few
archaea or
eukaryotes
(Press MO et | Illumina short reads host-associated bacteria plasmid-
al. 2017) (human feces) chromosome
(Bickhart et | PacBio long-reads host-associated mostly phage/ARG-
al. 2019) (cow rumen) bacteria, few | chromosome
archaea or
eukaryotes
(Stalder et al. | Illumina short reads environmental bacteria ARG/plasmid/
2019) (wastewater) integron-
chromosome
(Yaffe and [llumina short reads host-associated bacteria various MGE-host
Relman (human feces) association
2019)
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Since DNA interactions can be studied directly through Hi-C, they do not rely on
cultivation of host organisms or on the expression of reporter genes. It thus has the potential
to detect the transfer of artificially introduced MGEs (transfer direction I and II) as well as the
transfer of native mobile elements to introduced recipients (transfer direction III) or between

native community members (transfer direction I'V) regardless of the microbes’ culturability.

While these approaches are very promising toward gaining new insights into HGT dynamics
within microbial communities, they are not without drawbacks. For example, strain-level
genome deconvolution remains challenging (Burton et al. 2014). In addition, Hi-C data poses
a computational challenge and requires expertise in its analysis. In regards to the latter barrier,
open source computational pipelines, such as MetaTOR (Metagenomic Tridimensional
Organization-based Reassembly), have been developed to aid in the analysis of data from
metagenomic samples (Baudry et al. 2019). In this study, the authors collected a total of 20
mouse gut samples, constructed meta3C libraries, and compared assembly bins generated by
MetaTOR to other binning softwares, MetaBAT (Kang et al. 2015) and CONCOCT (Alneberg
et al. 2014). They report that MetaTOR compares favorably to these computational pipelines.
When combining all 20 samples, MG-RAST (Keegan, Glass and Meyer 2016), a short-read
metagenomics analysis pipeline, predicted the presence of 268 bacterial genomes; of these
MetaTOR was able to provide 82 high-quality genomes, while MetaBAT and CONCOCT
generated 22 and 12, respectively. A drawback to the MetaTOR pipeline is that it excludes
MGESs that share physical contacts with more than one host genome, i.e. those that might have
been transferred. However, the authors posit that this drawback can be overcome by

incorporating additional analysis tools such as VirSorter (Roux et al. 2015) and PlasFlow
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(Krawczyk, Lipinski and Dziembowski 2018). Other computational pipelines developed for
the analysis of Hi-C data generated from metagenomes include the proprietary ProxiMeta
(Press et al. 2017) and the open source bin3C (DeMaere and Darling 2019). Both studies
tested their computational pipeline on the same data set generated from the microbiome
isolated from a human fecal sample by (Press et al. 2017). bin3C showed an improved
retrieval of high-quality, nearly complete genomes as compared to ProxiMeta for this data set.
The best analysis pipeline to use for a given experiment probably depends on the sample type

and complexity as well as the noisiness of the data.

Assigning MGEs to their hosts based on methylomes

3C-based techniques are not the only ones that have been used to address the largely
unexplored transfer direction I'V. An alternative approach is based on analyzing methylation
profiles generated by sequencing technologies such as Illumina bisulfite sequencing (SmC/
CpG, 5-hmC, 5-caC, 5-fC (Darst et al. 2010; Booth et al. 2012, 2014; Yu et al. 2012; Dalia,
Lazinski and Camilli 2013; Lu et al. 2013; Song et al. 2013; Chen et al. 2017)), PacBio SMRT
bisulfite sequencing (SmC/CpG, 5-hmC, m6A, m4C (Flusberg et al. 2010; Clark et al. 2012;
Fang et al. 2012; Zhu et al. 2018; Chen et al. 2019; Hiraoka et al. 2019)), and Nanopore
sequencing (5SmC, ShmC, 4mC, 5 mA; (Rand et al. 2017; Simpson et al. 2017; Stoiber et al.
2017; Mclntyre et al. 2019; Ni et al. 2019; Liu et al. 2019b)) (Figure 1.4B). In brief,
prokaryotes often encode restriction-modification (RM) defense systems, which employ
restriction endonucleases that target specific DNA sequence motifs. To prevent self-targeting

by the restriction endonuclease, these systems encode methyltransferases to mask the targeted
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motifs within the host genome, creating characteristic methylation signatures. Known RM
systems in prokaryotic genomes have been catalogued in REBASE (Roberts et al. 2010). In
fact, a recent survey of 230 prokaryotic genomes found that 93% of genomes showed signs of
methylation with 834 distinct methylation motifs (Blow et al. 2016). Since these systems are
often associated with MGEs (Kobayashi et al. 1999), even closely related strains can display
unique combinations of methylation motifs, also known as methylation profiles. Since all
DNA molecules within a given host are exposed to the same RM systems, they are expected
to receive the same methylation marks by their host cells, which has indeed been observed
experimentally (Beaulaurier et al. 2018). In this study, the authors were not only able to use
methylation profiles to identify 9 distinct contig bins in the fecal microbiome of low-to-
medium complexity from an adult mouse, but they were also able to assign eight of the 19
detected MGEs to their respective hosts. This technique allowed for the association of both
small and large MGEs to their hosts. What is more, five of the assigned MGEs were circular
plasmids, showing the ability of this approach to assign extrachromosomal elements to their
host genomes. Since this approach relies on the ability to detect unique methylation profiles
for each member of the community, it follows that the ability to unambiguously assign MGEs
to their hosts decreases with increasing community complexity. Indeed, in a simulation using
methylomes available on REBASE, communities ranging from 20 to 200 members were
investigated for their methylome diversity, and a sharp decrease of methylome uniqueness
was observed beyond 20 community members (Beaulaurier et al. 2018). Since this study only
took into account 6 mA methylation motifs detected by SMRT sequencing, the authors posit

that future pipelines incorporating other methylation motifs, such as 5 and 4 mC, might allow
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for the study of more complex microbiomes. In addition, combining this method with other
computational binning methods such as CONCOCT or with Hi-C approaches might improve
MGE detection and assignment to hosts.

Methylome analysis of SMRT sequencing data was also used to assign plasmids to
their hosts in low-complexity natural whey starter cultures (Somerville et al. 2019). One of
these cultures consisted of three species, one S. thermophilus, one L. delbrueckii and two L.
helveticus strains, and contained three plasmids. One of the plasmids could not be assigned to
its host. Low plasmid coverage as well as small plasmid sizes can both cause the failure to
assign plasmids to host genomes. The other two plasmids showed methylation profiles
consistent with a L. helveticus host. Since the methylation profiles of the two L. helveticus
strains were found to be quite similar, the authors also considered coverage data to suggest
specific hosts for these plasmids. This example demonstrates that combining different
metagenomic analysis approaches usually generates more comprehensive results as compared
to each individual tool by itself.

Together, the established and novel metagenomics techniques described in the above
section constitute exciting tools for studying HGT in microbial communities. However,
having the right tools is not sufficient without suitable model systems. In the last section of
this review, we will discuss how the microbial communities in fermented foods might make

ideal models for studying HGT dynamics within microbiomes.
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SECTION 4: STUDYING HGT IN FERMENTED FOODS

Given the complexity of microbiomes, studying the movement of MGEs in simpler,
experimentally tractable microbial communities could lead to the discovery of general
principles of HGT that can be extrapolated to more complex communities. In addition, these
model communities should allow for temporal sampling from their native environment. The
native environmental conditions in turn should be easily replicable under laboratory
conditions for further mechanistic studies. The microbial communities associated with
fermented foods, which are made through the metabolic processes of microbial communities
(Sieuwerts et al. 2008), could provide useful model systems for studying HGT in
microbiomes. Cheese, yogurt, beer, wine, and chocolate are among the best known fermented
products in the Western world, but cultures across the globe have developed their own
fermented products with a variety of starting materials and microbes (Chilton, Burton and
Reid 2015) providing diverse microbial communities within a range of environments to study
and compare. Indeed, the diversity of a variety of these communities has been well
characterized (Marsh et al. 2013; Meersman et al. 2013; Bokulich et al. 2014; Wolfe et al.
2014; Wolfe and Dutton 2015; Tamang, Watanabe and Holzapfel 2016; Walsh et al. 2017; De
Mandal et al. 2018; Groenenboom et al. 2019). Depending on the type of fermented food, the
associated microbial communities live in surface-associated biofilms, liquid-suspended
biofilms, semi-solid substrates or in suspended cultures (Wolfe and Dutton 2015). Sometimes
multiple types of these microbial habitats occur within the same fermented food. One example
is kefir, in which part of the community lives associated with kefir grains, while the other part

lives in the surrounding milk, with the kefir grains showing a more stable microbial
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composition than the milk (Blasche et al. 2019). The variety of microbial lifestyles is a useful
aspect of fermented food communities, since HGT dynamics are predicted to vary in different
environments and studying HGT in these different communities could thus allow comparison
of gene transfer dynamics in different types of environments and microbial community
lifestyles. For example, HGT is proposed to be more efficient in biofilms because of more
robust physical interactions between donors and recipients; furthermore, MGEs themselves
often encode factors promoting biofilm formation (Madsen et al. 2012, 2018).

Another important aspect of finding suitable model communities for the study of HGT
is the actual occurrence of HGT in these communities. From previous research, it is already
known that bacteria and fungi associated with fermented foods often carry genes or genetic
elements showing evidence of HGT (Rossi et al. 2014). This survey reported that niche
adaptive genes, such as genes for the utilization of specific substrates, as well as ARGs and
virulence factors have been hypothesized to be exchanged in food environments, especially in
dairy products. Indeed, culture-dependent approaches that test isolated lactic acid bacteria
against a panel of antibiotics revealed wide and varied resistance profiles (Nawaz et al. 2011;
Guo et al. 2017). In addition to culture-dependent approaches, various computational and
genomic approaches have been applied to study the potential for HGT in fermented food
environments, especially the microbial communities associated with cheese (Cheeseman et al.
2014; Ropars et al. 2015; Bonham, Wolfe and Dutton 2017). Similar to what was reported by
Rossi et al., bacteria isolated from cheese surfaces are often found to carry MGEs that harbor
genes predicted to be adaptive in the cheese environments (Bonham, Wolfe and Dutton 2017;

Pham et al. 2017; Anast et al. 2019; Levesque et al. 2019). For example, ActinoRUSTI
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(Actinobacteria-associated iRon Uptake/Siderophore Transport Island) constitutes a conserved
group of predicted siderophore uptake systems, which are encoded on various mobile
elements in Actinobacteria including a plasmid and various ICEs. This uptake system is
predicted to provide access to iron in the cheese environment and might thus provide a fitness
advantage by providing access to a limited resource (Bonham, Wolfe and Dutton 2017).
Understanding how RUSTI-encoding MGEs are shared within communities and what their
consequences on hosts and surrounding communities are could help to identify metabolic
approaches to modulating microbial communities.

While the described data hint at HGT happening between members of fermented food
communities, it is unclear whether HGT happens within the relatively short time period of
fermentation or whether it requires longer timescales. It is also unclear whether HGT happens
only between community members that are regularly co-cultured during production processes
or between microbes that co-occur in other environments. Since the individual community
members of fermented foods can generally be cultured under standard conditions, whole
genome sequencing allows for exact genomic characterization, including the presence of
MGESs such as ICEs, plasmids and prophages. Given that in vitro systems containing defined
communities based on fermented foods can be established, this opens up the possibility of
temporal studies of these communities under laboratory-controlled conditions (Wolfe et al.
2014; Blasche et al. 2019). Applying the techniques discussed in this review, such as Hi-C and
methylome analyses, to these defined communities could help elucidate how the identified

elements are shared between members. Since abiotic conditions such as the pH or salinity of

60



the in vitro medium can be easily adjusted, it is possible to measure the effect of specific
environmental parameters on HGT dynamics as well.

It is also important to consider the possibility that HGT happens between members of
different microbiomes once they come into contact with one another. For example, a
microbiome that is ingested might come in contact and exchange genetic material with the
resident gut microbiome. Since fermented foods are meant for consumption often with the
microbial community still intact and alive, the presence and mobility of MGEs has to be
considered from a human health and food safety perspective. The degree to which genes can
be transferred between ingested microbes and commensal microbiota is still being
investigated and so far, conflicting results have emerged. For example, one study found no
evidence of transfer of a tetracycline-resistance encoding plasmid from ingested Lactobacillus
reuteri after transfer through the human gut microbiota (Egervérn et al. 2010). In contrast, a L.
acidophilus strain was found to acquire vancomycin resistance from resident microbes in the
mouse gut during transit (Mater et al. 2008). The true degree of HGT between ingested food
and the resident gut microbiota is still unknown and should be further investigated in future
experiments.

While this review has focused on MGE transfer between prokaryotes, HGT between
eukaryotes and even interkingdom HGT between prokaryotes and eukaryotes should be
considered further in future studies. For example, a genome analysis of a commercial yeast
strain used for wine making was found to have horizontally acquired genes important for
fermentation processes (Novo et al. 2009). Even more intriguing, some of these genes seem to

have originated from another yeast species, which often contaminates wine fermentations and

61



suggests that invasion of a fermentation community may result in significant evolutionary
effects. An intriguing example of the horizontal transfer of genetic material between
prokaryotes and eukaryotes is an ancient transfer event of a siderophore synthesis operon
from bacteria to yeast followed by operon amelioration (Kominek et al. 2019). Given the
changes in gene structure required to switch from bacterial to eukaryotic gene expression, it is
unclear whether and how such transfers might happen during relatively fast fermentation
processes or whether these types of transfers are restricted to communities that establish
themselves for long periods of time. Further, discovery of inter-kingdom HGT in
microbiomes can be challenging due to the resistant cell walls of many eukaryotes, creating
greater difficulty with DNA extractions and leading to biased DNA extractions, longer
repetitive genomic regions that limit assembly, and misassemblies which produce false
positive HGT hits (Pignatelli and Moya 2011; McLaren, Willis and Callahan 2019). In vitro
cheese communities including yeast and filamentous fungi have been assembled in the
context of other studies (Wolfe et al. 2014; Morin, Pierce and Dutton 2018; Bodinaku et al.
2019) and the increasing number of sequenced fungal genomes from these microbiomes
might aid in overcoming the challenges in detecting HGT from and to these organisms. The
presence of filamentous fungi in fermented food communities is also interesting from the
perspective of microbial hotspots within microbiomes, to which fungi can contribute
(Kuzyakov and Blagodatskaya 2015). A cheese rind-associated filamentous fungus, Mucor
lanceolatus, was shown to contribute to the dispersal of various Proteobacteria, likely by
allowing these bacteria to swim along the hyphae in the liquid layer surrounding it (Zhang

et al. 2018b); hence it is conceivable that filamentous fungi in cheese rind communities
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contribute to the creation of hotspots within which HGT is facilitated. Indeed, using a
fluorescence-based approach similar to those described herein, the filamentous fungi Pythium
ultimum was shown to facilitate plasmid conjugation between Pseudomonas putida donors
and recipients, likely by promoting physical contacts between cells (Berthold et al. 2016). It
remains to be seen whether this also applies to more complex microbial communities. Overall,
the microbiomes of fermented foods have already been shown to make experimentally
tractable models (Wolfe et al. 2014; Kastman et al. 2016, 2017; Morin, Pierce and Dutton
2018; Zhang et al. 2018b; Blasche et al. 2019; Bodinaku et al. 2019). Future research will
show whether fermented food communities also make suitable models for studying HGT

dynamics in microbial communities of varying diversity.

Concluding remarks

In this review, we have discussed techniques for associating MGEs, such as plasmids,
with their host genomes in microbial communities. While emerging techniques such as Hi-C-
based methods and methylome analyses open new experimental doors for studying HGT in
communities, the most suited technique for a given study will depend on the specific
microbial community and experimental questions. Given that different approaches have
different advantages and disadvantages, it is likely that the most successful experimental
designs will combine different approaches. Further combining them with other molecular
approaches such as transcriptomics, proteomics and metabolomics could be a powerful way of
investigating complex, multispecies HGT dynamics in the context of other forms of bacterial

interactions, such as T6S-mediated competition. Applying these techniques to model
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microbiomes such as those associated with fermented foods may provide powerful insights
into microbial HGT dynamics and increase our mechanistic understanding of HGT in

multispecies communities.

Acknowledgements

The authors would like to thank Brooke E. Anderson for useful feedback on the
manuscript. Chapter 1, in full, is a reprint of the material as it appears in Federation of
European Microbiological Societies Microbiology Reviews, 2020, Saak, Christina C.; Dinh,
Cong B.; Dutton, Rachel J. The dissertation author was an investigator and author.
of this paper. This work was supported by funds from the National Institutes of Health [DP2

AT010401], the Pew Charitable Trust and Packard Foundation to R.J.D.

64



Chapter 2: Novel Mobile Genetic Elements in Fermented Foods
Characterization of Mobile Elements in Fermented Food Microbiomes using Long Reads
Cong B. Dinh, Rachel J. Dutton
Abstract
Metagenomic short read sequencing of natural microbial communities has enabled extensive
characterization of the taxonomic and functional composition of diverse environments.
Although mobile elements are major drivers of microbial evolution, their recovery from short-
read metagenomics can be challenging due to their sequence characteristics, such as the
presence of repetitive regions. As a result, it can be difficult to characterize both the diversity
of mobile elements within a given environment, and the complement of genes that are
encoded on mobile elements. The application of long read sequencing, which can generate
sequences of lengths over 100kb, to metagenomics can dramatically improve assembly of
DNA sequences into long contiguous regions and complete genomes. Here, we use long read
sequencing to characterize the microbial and predicted mobile genetic diversity within a set of
fermented dairy products, cheese and kefir. Although fermented foods are typically less
complex than other microbiomes, they contain viruses, fungi, and bacteria. Using nanopore
long-read sequencing, we are able to recover a highly diverse set of complete phage genomes
and plasmids, the majority of which have not previously been documented. Genes predicted to
provide adaptive functions in the dairy environment are encoded in these elements. Our work
demonstrates the utility of long-read sequencing for the detection and characterization of
mobile elements within these microbiomes, and highlights the previously hidden plasmid and

viral diversity in fermented foods.
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Importance

Around the world, fermentation is used to preserve and enhance foods. Within the
microbiomes of these fermented foods, microbial interactions and evolution can drive
community function and stability, improving flavor and resisting invasion from possibly
pathogenic microbes. However, the genetic capacity for key elements responsible for some of
these interactions, such as phage and plasmids, has been challenging to document in a culture-
independent way. In this work, we use recent advances in sequencing technology to examine
the diversity of plasmids and phage in the cheese and kefir microbiomes and the functional

potential encoded within these genetic elements.

Introduction

Diverse microbial communities drive dynamics and stability in natural environments,
in various hosts, and in fermented food. The metabolic processes that underlie actions in the
microbiomes are encoded in the genomes of fungi, bacteria, and viruses. The environments in
which microbiomes exist are dynamic, and evolutionary processes can underlie survival in
response to local biotic and abiotic changes. One of the major drivers of rapid adaptation in
microbial species is horizontal gene transfer, in which entire genes and gene clusters can be
incorporated into the genome of a new host, thus providing access to new metabolic pathways
or gene products. Beyond changing composition of the microbiome, these gene transfer
events can change the ecosystem’s physiology, the resulting metabolites and products created
by the community (Larkin & Martiny, 2017; Niccum et al., 2020). Two canonical methods of

horizontal gene transfer are conjugation and transduction, largely conducted by plasmids and
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viruses that carry these genes to new hosts. Examining the functions encoded on these
elements can highlight the stressors and availability of various resources within the
microbiome (Ochman et al., 2000).

Here, we apply long read sequencing to environments that have been controlled by
humans for millennia: cheese rinds and kefir, both fermented dairy products. Many fermented
food microbiomes are relatively simple, composed of fewer than 10 abundant genera of fungi
and bacteria, and exhibit reproducible community assembly, making them useful as models
for understanding the biological processes within microbiomes (Blasche et al., 2021; Kim &
Chun, 2005; Landis et al., 2021; Marsh et al., 2013; May et al., 2019; Walsh et al., 2016;
Wolfe et al., 2014). In light of the utility of fermented food microbiomes as models for
community-based biological processes, we sought to expand our understanding of these
systems through the application of long-read metagenomic sequencing, specifically by
examining the plasmid and viral populations within these simple microbiomes. We identify a
diverse set of plasmids and viruses associated with these fermented foods, many of which are
not previously represented in public databases. We analyze the gene functions encoded on
these plasmids and identify a number of genes that would be predicted to be beneficial in a
dairy environment, or would be involved in microbial interactions with the fermented food
microbiomes. Mobile elements within these various environments provide insight into
possibly unknown stressors within their environment, and can reveal how long read
sequencing can significantly contribute to our catalog of mobile elements from microbial

communities.
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Results

The five samples in this analysis included two kefirs and three cheese rinds: one each
of natural rind, bloomy rind, and brine-washed rind. Long read sequencing generated reads
that were up to 1.5 million basepairs (bp) long, with weighted medians (N50s) ranging from
~3 to 11kbp (Supplemental Figure 2.1). Long reads were assembled into contigs with
metaFlye, corrected with five rounds of consensus-based methods (Kolmogorov et al., 2020;
Vaser et al., 2017), and polished using a protein-annotation method to correct frameshifts
resulting from nanopore-based sequencing errors, as described in (Arumugam et al., 2019).
The resulting assemblies have N50s that range from 37kb to 1,161kb (Supplemental Table
2.1), correlating with genus level community complexity and long read N50s. Figure 2.1a
shows a summary of the assemblies, with contigs clustered by tetramer frequency and
coverage using anvi'o (Eren et al., 2015); their circularity from metaFlye assembly
(Supplemental Figure 2.3); their genus taxonomic assignments by kraken2 (Wood et al.,
2019); their annotation as plasmid or virus by viral Verify (Antipov et al., 2020) and
VIBRANT (Kieft et al., 2019), respectively.

To estimate the relative abundances of taxa within these samples, we mapped raw long
reads to the final assemblies (Figure 2.1b, Supplemental Figure 2.2). By using assembly
taxonomy, rather than the relatively error-rich long longs, we improved the percentage of
nucleotides remaining unclassified from 20% to 10% of compared to mapping the raw reads
against RefSeq database alone using MetaMaps (Figure 2.1B, supplemental figure 2.2
(Dilthey et al., 2019)). This was not limited to reads shorter than 1kb, suggesting that both

methods are not dependent on read length. We next sought to evaluate the quality of the
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Figure 2.1 Summary of microbiomes. (a) anvi’o plots of each metagenome: tetramer and
coverage based hierarchical clustering; Contigs: continuity of contigs with alternating colors
for each separate contig with a count of total number of sequences on the right; Circularity: by
metaFlye with the count of self-circular contigs on the right; GC: relative GC percentage;
Coverage: of the contig by minimap2, MGE: plasmid (black, p = number of plasmids) and
viral (purple, v=number of viruses+proviruses) annotations. (b) Relative abundances based on
taxonomic assignment from manual binning of contigs at the phyla level. (¢) Counts of the
circular and linear contigs assigned as the various MGE:s.
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metagenome-assembled genomes (MAGs) resulting from the assembly and binning of each
sample. We searched for conserved single copy genes as a measure of completeness and
possible species and strain diversity (Cissé & Stajich, 2019; Parks et al., 2015) (Supplemental
Table 2.9). For fungal bins, FGMP (Cissé and Stajich 2019) completeness scores of 96.1%
and 95.6%, and similar length to genomes within the same genera suggest that the
Debaryomyces bin from the natural rind and Geotrichum bin from the bloomy rind represent
high-quality MAGs (Supplemental Table 2.4). In contrast, the Candida and Scopulariopsis in
the natural rind, Penicillium in the bloomy rind, and the Debaryomyces and Fusarium in the
washed rind were largely incomplete (Supplementary Table 2.2); the Penicillium bin within
the bloomy rind is dominated by its mitochondrion. There were significant fungal species

detected within these kefirs, with <1% reads mapping to Kluyveromyces or Saccharomyces.

Exploring Plasmid Diversity

Plasmids were determined by using the program ViralVerify (Antipov et al., 2019),
which relies on functional annotation of contigs in the metagenome assemblies. These results
are shown in the Mobile Genetic Elements (MGEs) row (Figure 2.1a, Supplemental Table
2.4), with black lines indicating plasmid contigs. Out of 162 circular contigs found in the
original assemblies, 73 are plasmids (Figure 2.1c, 2.2a). We found an additional 264 linear
contigs annotated as plasmids, which may be examples of linear plasmids, unable to be
circularized, or incomplete. To examine whether the plasmids from these samples had higher
potential for horizontal gene transfer, we annotated 77 plasmids as mobilizable using mob-

suite (Robertson & Nash, 2018). We identified 23 mobilizable plasmids in the cheese rinds, 7
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of which were also circular. In the kefirs 1 and 2, there were 26 and 28 mobilizable plasmids,
10 and six of which were circular. One plasmid in kefir 1, two plasmids in kefir 2, and 1
plasmid in the washed rind coded for conjugation proteins.

We assigned a putative host to the plasmid contigs (Supplemental Figure 4a). In the
natural rind cheese, the plurality of the 95 plasmid contigs were assigned to Staphylococcus
(28, four of which are mobilizable), Brevibacterium (17), and Lactococcus (10). One plasmid
contig was assigned to the Ascomycota Fusarium. The bloomy rind cheese’s 16 plasmid
contigs are annotated as coming from Lactocaseibacillus (3), Halomonas (2),
Pseudoalteromonas (2), Vibrio (2), Oceanisphera (1), and Stenotrophomonas (1, also known
as Xanthomonas). The washed rind cheese's 68 plasmid contigs are from the genera
Psychrobacter (22), Glutamicibacter (8), Pseudoalteromonas (7, 1 mobilizable),
Brachybacterium (6), Halomonas (6), Vibrio (3), Marinobacter (2, 1 mobilizable), and one
each from Corynebacterium, Euzebyella, Geminocystis, Microbacterium, Oceanisphaera,
along with 9 unclassified plasmid contigs. The majority of the 153 plasmid contigs from
kefirs were assigned to Lactococcus, with additional plasmids in related lactobacilli
Leuconostoc (14) and Enterococcus (1); there was 1 plasmid from Cercospora in Kefir 1 and
there were 2 unclassified plasmid contigs in Kefir 2.

To better understand whether the collection of plasmids from these metagenomes
represented previously-uncharacterized diversity, we used BLAST to compare the contigs to
NCBI's nucleotide database (Figure 2.2b, Supplemental Figure 2.5b, Supplementary Table
2.4, 2.6); we permitted matches up to an e-value of 1 to capture distantly related sequences,

we then split the matches with an arbitrary 40% coverage. As dairy products have been
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Figure 2.2 Plasmid analysis. (a) bandage plots of circular plasmid contigs, colored by putative
genus. (b) BLAST results against ncbi-nt and plasmiDB. (¢) example plasmid. (d) relative
amounts of COG annotated proteins: black gradients: DNA structure and replication,

blues: transcription and translation, greens: energy and macronutrient metabolism, oranges:
micronutrients, reds and purples: structural pathways, trafficking, defense mechanisms
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studied extensively, we expected many plasmids within these fermented products to match
previously sequenced samples, especially Lactococcal plasmids (Kelleher et al., 2019). In
kefir, half (50.3%) of the plasmids have a hit that covers more than 40% of the plasmid
contig. In contrast, the majority of plasmid contigs from the cheese rinds did not have any
BLAST matches, and of the 42 with a hit, only one from a natural rind Brevibacterium, and
seven contigs from the bloomy rind had a coverage match above 40%. The plasmids that did
not have any taxonomic assignment did not have a match in the database either, possibly
because both the kraken and BLAST database uses NCBI. Within the bloomy rind, 3 of the
contigs were a match to a Lacticaseibacillus paracasei plasmid.

We next analyzed the gene functions carried on the plasmid contigs using Eggnogger
2.0 and COG functions (Huerta-Cepas et al., 2017, 2019). 6282 genes were identified on the
plasmids, with 80% falling into a functional category (Figure 2.2D). Principal component
analysis (Supplemental Figure 2.8, Supplemental Table 2.8) of the relative proportion of each
COG functional category indicates that there are more common distributions of functions
within the mobile element portion, driven both by replication, transcription, translation, as
well as metabolism of transport and metabolism of carbohydrates, lipids, and inorganic ions.
Within the plasmids, the largest known functional categories are involved in replication,
transcription, and translation (27-37.5% of all proteins, Supplemental Table 2.8), with 59
replication initiation proteins (51 repA, 8 repB), 49 plasmid partitioning proteins (24 parA, 25
parB), 84 type IV secretion systems, 36 transposons and 701 transposases, and 271 resolvases,
234 integrases (42 of which were similar to known phage integrases), 32 invertases, and 11

recombinases (Supplemental Table 2.8). An increased proportion of these replication and
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partitioning genes are expected as these sequences are searched for by function-based plasmid

annotators.

Carbohydrate, protein, and lipid metabolism and divalent cation uptake

We evaluated whether there were genes that had the potential to benefit the host by
improving the accessibility and metabolism of nutrients on the cheese rind and milk
environment. In Figure 2.2d, the genes involved in energy production are highlighted in green
hues, and those involved in secondary metabolite and ion transport are in orange. As the main
sugar in milk products, lactose, and its fermentation product lactate are major carbon sources,
with trace amounts of glucose and galactose. Within the metagenomes, we identified 222
genes associated with carbohydrate metabolism, 44 of which were specifically lactate
transport and dehydrogenases. In each of the kefirs, beta-galactosidase was found on a
plasmid that has a high level homology to each other, and this plasmid is mobilizable in kefir
1. This enzyme was also found in bloomy and washed rind plasmids. Other carbon sources
include milk proteins and triglycerides. In the cheeses, we find 228 genes associated with
protein transport and metabolism. For example, we see peptidase that removes 5-oxoproline
from the end of polypeptides; the main protein available in milk, casein, consists of a plurality
of prolines and branched chain amino acids (leucine, isoleucine, valine). An additional 42
enzymes are predicted to be involved in fatty acid utilization (~1% of all proteins on
plasmids). These were largely limited to the cheese samples, with only two found in kefir
plasmids. In contrast, kefir plasmids had an average of 4.3% of their proteins annotated with

carbohydrate transport and metabolism.
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One major limiting component for microbial growth in dairy products is iron (Monnet
et al., 2012); 2 iron-siderophore genes are found on plasmids in the natural rind, 4 in bloomy,
and 5 in the washed. FhuF, a ferric iron reductase, was found on a Pseudoalteromonas
plasmid (298) in the bloomy rind. As iron can be limited in milk products due to lactoferrin
and other iron chelators(Kell et al., 2020), lactic acid bacteria are known to use other divalent
cations as a replacement(Archibald, 1986). 8 divalent cation transporters are found on
plasmids from the natural rind and both kefirs. In kefir, there is a manganese transporter, three
explicitly manganese dependent phosphatases, and two transporters of other divalent cations:

magnesium and cobalt.

Defense mechanisms, antimicrobial resistance, heavy metals resistance, CRISPR

Genes associated with microbial defense systems may indicate selection factors in
these food environments as well, beyond the expansion of nutrient availability. There are 163
defense related genes on plasmids in cheese rinds, and 178 between both kefirs by eggnog-
mapper; Resistance Gene Identifier (Alcock et al., 2019) found four antibiotic resistance
genes using the strict filter: two genes associated with fosfomycin, and two genes associated
with beta-lactam resistance, all in 4 different Staphylococcus equorum contigs of the Natural
Rind. One of the beta-lactamase-containing plasmids contains the genes for antibiotic
resistance regulation, heavy metal efflux and its regulation, as well as a Type I restriction
modification system. In both of the beta-lactamase plasmids and one of the fosfomycin
resistance plasmids, there is a toxin-antitoxin system, which can be associated with plasmid

persistence. In one of the fosfomycin resistance plasmids, there is a cadmium resistance
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Figure 2.3 Virus analysis. (a) shows relative amounts of COG annotated proteins, as well as the

total number of proteins on the right, with re-ordering for similar COG categories. (b)
summarizes BLAST analysis of these contigs against ncbi-nt and viral Verify’s database. (c)
summary of auxiliary metabolic genes of viruses and proviruses of medium, high, and
complete quality, with similar color legend as the COG functions.

genomic island. None of these plasmids are mobilizable on their own by mob-suite, though

they contain mobilizing genes.

The majority of defense associated genes found on plasmids belong to functional

categories involved in preventing the introduction of foreign DNA. We found 227 restriction

nuclease-containing proteins (43nr+14br+37wr+65k1+79k2) which are classified in COG
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category O: post-translational modification, protein turnover, chaperones; and category L:
replication, recombination, and repair); and one CRISPR-Cas1 system on a washed rind
plasmid. Using CRISPRCasFinder, we find spacers in the natural rind and washed rind
(Couvin et al., 2018). CRISPR-Cas systems on plasmids appear to be biased against targeting
other plasmids (Pinilla-Redondo et al., 2021), but may also confer their traditional immunity
by enhancing restriction endonuclease activity against phage in DISARM systems (Ofir et al.,
2018): we find examples of both in cheese rind plasmids. In one of these plasmids in the
natural rind (Figure 2.2c), we find an intact CRISPR system with spacers targeting the rep
gene of another plasmid. In addition, a putative CRISPR array on a Moraxella plasmid in the
natural rind (5624) may target a Psychrobacter phage, as well as other uncharacterized phage.
However, there were no Cas proteins identified within this plasmid, nor on contigs within the
same genus. In the washed rind, there were 93 unique confident spacers found, with two
Psychrobacter plasmids, each containing a Cas protein cluster along with 44 confident
spacers on one, and 39 spacers on the other. Similarly, some of these spacers target replication
initiation proteins on Psychrobacter plasmids and other viruses. In one case, the spacers target
a RelB-like antitoxin on Psychrobacter plasmid, which could also limit the ability of a new
plasmid from creating dependency, instead destroying poisoning the host with the relevant

toxin; in another set of Psychrobacter spacers target Pseudomonas phage.

Exploring viral diversity
We next analyzed the metagenomes for viral-associated contigs using VIBRANT

(Kieft et al., 2019), analyzing sequences for specific sets of proteins and protein families to
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classify contigs as either plasmid or viral (Figure 2.1¢). In total, 33 contigs were confidently
assigned as viral and 49 chromosomal contigs contain prophages. We found higher numbers
of viruses in the natural rind cheese sample (16 viral and 12 prophage contigs) and the kefir
samples (9 viruses and 28 prophage), compared to the bloomy and washed rind cheese
samples, which had a total of 4 viruses each and 5 prophages in the bloomy rind and 4
prophages in the washed rind.

Some of the viral contigs clustered with bacterial contigs, based on kmer similarity,
indicating their possible host (Supplemental Figure 2.4b). For the natural rind, there are 12
contigs annotated as viral, and these are related to Staphylococcus (3), and two to
Brevibacterium and one each to Streptomyces and Sphingobium. Of the 12 prophages, three
are on Staphylococcal contigs, two on Brevibacterium contigs, and one each on Streptomyces
and Sphingobium. Some of these prophages show both lysis and lysogeny, with long reads
mapping across their circularized state and long reads that map across the genome into the
Brachybacterial genome (contig 2619). Between the five bloomy rind prophages, three
potentially target Hafnia (example contig 593 in Supplemental Figure 2.9a), and one each
target Staphylococcus and Vibrio, and this rind's phages were all in lactobacilli. The washed
rind contained two viruses with a significant kmer match: with one targeting Glutamicibacter
and Pseudoalteromonas. One of the prophage contigs in the washed rind remained without a
known host. However, the other prophages were found in Glutamicibacter (3) and
Psychrobacter (1). One of the Glutamicibacter prophages has long reads that map across the
circularized region, suggesting that a subset of these prophages were in a lytic cycle. This

excised prophage appears to be present at half the abundance of its host, and we are able to

78



capture this phenomenon with a read depth of 5-10X (contig 337). The kefirs were dominated
by Lactococcus phage and prophage, with one contig unassigned and one phage against
Streptococcus in Kefir 2. Similarly for the prophages, most of these were found in
Lactococcal (Kefir 1: 15; Kefir 2: 13) and Leuconostoc (Kefir 1: 3; Kefir 2: 2), with some
evidence of active lysogeny as well (Example of Kefir 1 contig 595 in Supplemental Figure
2.9b).

In addition to these phages, there are some eukaryotic viruses in these environments.
In the natural rind, there is a small 2kb gemycircularvirus, a very small virus that mainly
infects fungi; in the bloomy rind, there are three contigs (157, 281, 423) that may be viral and
cluster with Geotrichum and Penicillium. Even in the kefirs, there were contigs with kmer
similarity and strong alignment to known phage, causing a kraken hit to the appropriate virus,
but protein level matches were incomplete.

To better characterize the diversity within the viral population in these foods, we
applied vcontact2 (Zablocki et al., 2019) to perform protein-based searches against
previously-sequenced viruses (Supplemental Figure 2.6). When applying these clustering
methods, we find that many contigs cluster together, suggesting either closely-related groups
of viruses found in these samples or these contigs are fragments of the same viral genome.
Within these clusters, we find that there are some contigs that share a large number of genes,
but have different insertions. To further assess for viral novelty, we BLASTed these contigs
against NCBI-nt (Figure 2.3b). Similar to the plasmids, we considered this a new virus if the

best alignment covered less than 40% of the contig. Overall, all but one of the 24 cheese rind
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viruses and 18 of the 22 prophages are novel. In kefir, 8 of 10 lactobacilli phage and 11 of 31
prophages were novel.

We then analyzed the genes encoded on these viral and proviral sequences. Some
phage increase their host fitness to improve access to carbon and energy to maximize phage
replication (Hurwitz et al., 2013). Of the 4,296 virally-encoded genes, 52% could be assigned
to a known functional category, much less than proteins encoded on plasmids or
chromosomes (Figure 2.3a). Similar to the plasmids, the viral contigs have a high proportion
of replication, recombination, and repair proteins as these are often used to classify contigs as
viral (Supplemental Figure 2.8, Supplemental Table 2.8). The other significant section
includes membrane biogenesis, which includes many phage structural and tail proteins, and
defense mechanisms, which includes restriction modification systems. Prophage may even
encode fitness-improving metabolic pathways to increase their host abundance before
activating their lytic cycle; as they do not directly benefit the prophage, and add more on the
proviral genome, these added genes are sometimes called auxiliary metabolic genes. Of the
medium and high quality viruses, we find 26 auxiliary metabolic genes, mostly associated
with metabolism of carbohydrates, proteins, and lipids (Figure 2.3¢), highlighting PurAMN
proteins in the bloomy rind and an iron-sulfur binding protein in a bloomy rind provirus.
These nucleotide metabolism genes have been found to be important in the cheese rind
environment (Morin et al., 2018; Pierce et al., 2021), and viruses can potentially increase the
production or availability of these nucleotides for their own replication. In this case, prophage

encoding of purine related genes may also support the replication of the host before entering
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its lytic cycle. Indeed, prophages are also more likely to contain genes associated with
metabolism (Fig3a, Supplemental Table 2.8).

We also examined the contigs that were identified as both plasmid and phage (Brown-
Jaque et al., 2015), that exemplify the lack of binary divisions between plasmids and phage,
including Gene Transfer Agents (Lang et al., 2012). Currently, these are more rare in our
communities, but no tools exist that specifically identify these hybrids. With our strict criteria,
we find 1 Lactococcus lactis plasmid-phage in Kefir 2 contig 455 that encodes for folate
metabolism and EcoRI Type I restriction modification system; and 1 plasmid-prophage in
Psychrobacter in the washed rind contig 1206 that encodes for iron-sulfur binding domain,

Phd/YefM antitoxin, DNA integration proteins, type IV secretion system.

Discussion
In this work, we use metagenomic long read sequencing of fermented food-

associated communities to provide a detailed snapshot of the microbiome and their associated
plasmids and viruses. Leveraging the relative ease of assembling mobile elements from long
reads, we were able to extract a large, diverse set of plasmids and viruses. These genetic
elements encode bacterial genes that may increase fitness within these controlled
environments.

Mobile genetic elements can provide much insight into various environments, but
finding them from natural communities is difficult. Genes and genomic islands from plasmids
and viruses are more difficult to analyze due to higher levels of repetitive regions and

conserved necessary proteins, such as those associated with replication and partitioning. With
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short reads, it is possible to show adaptive functions on plasmids and other MGEs (Youngblut
et al., 2020), but it is more difficult to associate them with their host (Maguire et al., 2020). As
their assembly tends to be more broken, mobile elements may not be associated with their
hosts as kmer based approaches are highly limited on short sequences. By using long reads in
a natural environment, we find a trove of genetic elements that have not been previously
sequenced, even in simple and often studied microbiomes and genera. Additionally, five
rounds of consensus based polishing, followed by protein based frameshift corrections
allowed for the use of conservative protein-based methods, which would often fail on the
original assembly due to systemic errors in nanopore long reads. As suggested by others (Khot
et al., 2020), we also suggest using a combination of tools to have greater confidence in the
subset of plasmids or viruses, especially when attempting to complete a more comprehensive
catalog.

Taxonomically, the cheese rind microbiomes were similar to those rinds of the same
type. Surprisingly, the kefir samples did not contain many reads assigned to fungal taxa,
despite previous reports of the Ascomycota Kazachstania, Kluyveromyces, Naumovozyma,
and Saccharomyces in kefir (Marsh et al., 2013). Instead, the kefirs were dominated by
several strains of lactobacilli (Fig 1c), similar to those grains and milks studied previously
(Walsh et al., 2016). These lactobacilli dominate a large variety of liquid ferments, where
microbial growth is primarily controlled by salt and low oxygen concentrations; they are
widely studied due to their importance in food, both culturally and for preservation.

Despite using a conservative, homology-based, method to classify MGEs, we are able

to find a surprisingly high number of plasmids and viruses within these fermented dairy
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products. As many of these genera are important for food production, we expected many
plasmids within these fermented products to match previously sequenced samples. In
particular, lactic acid bacteria, and their plasmid and viruses, have been extensively studied

and recently reviewed in (Ainsworth et al., 2014), (Davray et al., 2020; Kelleher et al., 2019),

reporting that plasmids in lactobacilli are likely to improve fitness within a dairy environment.
However, the majority of plasmids and viruses we found were novel. Overall, we found 327
plasmids, 33 viruses, and 49 prophage. We find that both plasmids and phage are less
common on the bloomy and washed rinds compared to the natural rind and kefirs. Kefirs,
containing many strains of Lactococci that have been reported to host up to 12 plasmids (van
Mastrigt et al., 2018), can be expected to have more mobile elements, possibly coding for an
average of 5 plasmids (Ainsworth et al., 2014);(Kelleher et al., 2019). Similar to previous
studies (Davray et al., 2020), the genetic elements in all samples reveal many proteins related
to genomic replication and repair, while also giving additional insight into the biotic and
environmental stressors, such as heavy metals, including the efflux of excess toxic metals.
Heavy metals resistance can be used in industrial strains of lactobacilli to ensure the
maintenance of certain plasmids and these may be transferred. The putative hosts of viruses
and plasmids are identified from kmer frequency similarities, though definitive assignment
would require isolate genome sequencing, proximity ligation, or single-cell sequencing by
isolating mobile elements with their hosts through physical means. By using 31-mers and
inserting Ns using protein-based contig polishing, we increase our chances for accurately

identifying relatively narrow-host range MGEs (Edwards et al., 2015).
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Furthermore, these plasmids can encode for proteins that provide additional access to
carbon from sugars, proteins, and fats. The existence of these plasmids may provide the host
enough of a fitness advantage to outcompete their peers. Plasmids were much more likely to
contain proteins related to defense mechanisms than chromosomal or viral sequences. We also
find four antibiotic resistance genes in the natural rind that may be due to the constant
antagonism between certain bacterial and fungal species that have been co-evolving for many
years.

Viruses can drastically change the microbial community by decimating a specific
species or acting as a mediator of horizontal gene transfer(Braga et al., 2020; Breitbart et al.,
2018; Eggers et al., 2016). Some proviruses have even been suggested to actively gain genes
within a strain of lysogenic Streptococcus(Haaber et al., 2016). We find 33 viruses and 49
proviruses, largely bacteriophages, in these simple communities. The majority of viruses were
phage in the natural rind, and most prophages are in Lactococcal genomes (Supplemental
Figure 2.4b). Though these are much less well annotated than plasmids, we are still able to
find 165 genes related to bacterial metabolism and survival. As we are using long reads, it can
be easier to assess for recircularization of integrated prophages by comparing the ratio of
reads that map across the two ends of the prophage region against those that map from the
prophage to the chromosomal region. There were 3 Actinobacterial and 1 Synechococcus
prophage in the natural rind, 2 Actinobacterial prophage in the washed rind, and 1

Lactococcus lactis prophage in Kefir 1.
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https://paperpile.com/c/CtXqmj/cf8N9+A7c1P+MIUOQ
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https://paperpile.com/c/CtXqmj/htkjf

With few supplies, dynamics of microbial communities can be captured with a
snapshot, showing viral activity and the presence of accessory gene agents that may be selfish

and support microbes within the dairy niche.
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Materials and Methods

Sample preparation and sequencing

DNA from cheese rinds were scraped and kefirs were extracted using liquid nitrogen grinding
and phenyl-chloroform, with kefir 2 specifically extracted for high molecular weight DNA
(Quick, 2018). These were then prepared with LSK-108 library prep kit and sequenced on
ONT minlON 9.4. Reads were basecalled with guppy 3.0 using the high accuracy model.

Quality graphs were generated with nanoplot and available in supplementary materials.

Assembly and polishing

Long reads were assembled with metaFlye and polished using racon (v1.4.7,(Vaser et al.,
2017)) four times, using reads remapped to each polished assembly using minimap?2. This is
followed by a final read-based polishing using medaka (v1.0.3) and frameshift correction with
DIAMOND (Buchfink et al., 2015). A DIAMOND database was generated from all RefSeq (v
93) protein sequences from archaea, bacteria, fungi, plasmid, protozoa, and viruses(Buchfink
et al., 2015). The DIAMOND blastx were completed with a frameshift allowance of 15 (-F

15 --range-culling --top 10 --outfmt 100), recommended for high error rate reads or organisms
with significant divergence from previously sequenced organisms (Arumugam et al., 2019).
Comparison of protein calls before and after frameshift correction is in Supplemental Figure
2.7. Final contigs used for further analysis were extracted from this diamond database using
MEGAN:Iized with MEGAN Community Edition, version 6.19.8(Huson et al., 2016, 2018),

with provided databases and default values with the long-reads option ( --longReads --
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lcaAlgorithm longReads --IcaCoveragePercent 51 --readAssignmentMode alignedBases --

acc2taxa prot_acc2tax-Nov2018X1.abin).

Taxonomic Annotation and identification of plasmids and viruses

A custom kraken2 database (CustomKrakenDB, n.d.) was created from RefSeq nucleotide
sequences (v93, archaea, bacteria, fungi, plasmid, protozoa, and viruses) with several added
fungal genomes generated from within the Dutton Lab and in collaboration with the Wolfe
Lab (Wood et al., 2019). Unclassified contigs were annotated using tetramer clustering that
was integrated into Anvi'o and supported with Internal Transcribed Spacer (ITS) and 16S

sequences, and MEGABLASTing of uncategorized sequences to larger databases.

Functional Annotation

Gene calls on all contigs were done using prodigal and these protein sequences were
categorized by EGGNOG-MAPPER (v2,(Huerta-Cepas et al., 2017, 2019; Hyatt et al.,
2010)). Plasmids were annotated with ViralVerify (-p, (Antipov et al., 2020)), and virus and
prophage sequences were identified with VIBRANT (Kieft et al., 2020). CRISPR proteins
were identified in plasmid sequences using CRISPRCasFinder (Couvin et al., 2018), with
spacers of evidence levels 3 and 4 were submitted to CRISPRTarget (Biswas et al., 2013) to
map these spacers against these databases: Genbank-Phage, RefSeq-Archaea, -Plasmid, and
-Viral, as well as Genbank-Viral, and IMGvr. Antibiotic resistance genes were further

identified using RGI against the CARD database (Alcock et al., 2019). Automated binning
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was completed with DASTool (Sieber et al., 2018), combining the binning results from

concoct (Alneberg et al., 2014), maxbin2 (Wu et al., 2016), and metabat2 (Kang et al., 2019).

Metagenome visualization

Anvi'o (v7.1 Hope) was used to visualize this data. Read alignment was completed with
minimap2 (-ax map-ont), and these alignments were used for contig database construction and
profiling (--cluster-contigs) for each sample. We then used a custom script to create an
additional miscellaneous data table for anvi'o (anvi-import-misc-data). Within anvi'o
interactive web browser, we manually binned the tetramer-and-coverage-clustered contigs by
genus assignment by kraken and manual assignment from BLAST and ITS sequences. These
bins were defined as metagenome-assembled genomes as high quality if over 90% complete
and less than 10% redundant. Coverage by contig and bin were exported (anvi-get-split-
coverages) and used to create the relative abundance plots. Unmapped reads were determined

using samtools (v 1.10, ); coverages are normalized by contig length, not by genome size.

Source dairy fermentations

Kefirs are created by inoculating milk with kefir grains, which are matrices of proteins, lipids,
and sugars containing a symbiotic community of yeasts and lactic acid bacteria. Over the next
12-24 hours, fermentation of the milk is carried out by the community, after which the grains
can be strained and reused. Cheeses are also made from cows' milk, to which lactic acid
bacteria and chymosin are added to create the initial curd, the body of the cheese. These

cheese curds are then allowed to age within controlled environments to create specific and
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reproducible biofilms on the surface, called cheese rinds. The three cheese rinds in this study
are produced using three different methods. The natural rind cheese is formed from
unpasteurized milk, with the curd inoculated with Penicillium roqueforti to create a blue
cheese. The surface of this cheese is allowed to develop with minimal disturbance of the rind.
The bloomy rind cheese is created from a pasteurized milk, the surface is inoculated with
fungi, then wrapped with spruce bark; the characteristic white and fluffy bloom on the rind
comes from the added fungi. The washed rind cheese is created from unpasteurized milk, but
during the aging period the surface is regularly washed with a brine solution. All of these
cheese rinds were sampled after about three months of aging within a damp cave

environment.

Supplemental Figures on next page
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Supplementary Figure 2.1 Summary of sequencing. Within each sample, the left graph shows
a heat map of log read lengths and their average accuracies, as determined by guppy v3.0.3.
The right graphs show a linear-log graph of read length and number of reads (top) and bases
(bottom) sequenced. N50s noted in the right graphs are as follows in bp; Natural rind: 2,938;
Bloomy rind: 10,873; Washed Rind: 9,680; Kefir 1: 6,363; Kefir 2: 6,111.
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Supplemental Figure 2.7 The changes in protein lengths their counts before and after protein
aware frameshift correction with DIAMOND. Page 1. Effects of frameshift correction with
respect to (top) total protein length which increased, except for in the washed rind; (middle)
number of proteins, which decreased, except for in the washed rind; and (bottom) the ratio of
these two, indicating possibly longer and more complete protein lengths.
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CHAPTER 3 in vitro Microbial Community

Mimicking Washed Rind Cheese
Cong B. Dinh, Christina C. Saak, Lucas Patel, Rachel J. Dutton

Abstract

Models of moderately complex microbial communities permit the study of
interspecific interactions in a more natural environment. Recently, fermented foods have been
used as a starting point for these microbiomes, especially with plant-based and dairy-based
systems (Kim and Chun 2005; Wolfe et al. 2014; Marsh et al. 2013; May et al. 2019; Walsh et
al. 2016; Landis et al. 2021; Blasche et al. 2021). Often, these communities are still relatively
simple, with less than 5 community members, which can make it difficult to study the
interactions between closely related organisms, such as horizontal gene transfer. Here, we
design a 16 member community that attempts to probe the assembly and evolution of these
community members with various levels of relatedness. Additionally, we mimic the washed
cheese rind biofilm to induce significant amounts of physical interactions at the onset of
community formation. We examine the differences in evolution in this community and one
without a key fungal member, and one without a major phyla. Finally, we attempt to apply a
combination of proximity ligation and long read sequencing to these communities to look for

evidence of plasmid transfer within a genus.

Introduction
Much of our knowledge of biology comes from the study of isolated species in well
controlled environments. This is in contrast with natural ecology in which many different co-

occur in dynamic conditions. Over the past few decades, synthetic biologists and
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microbiologists have built up a strong foundation of two species systems, allowing for
additional attempts at increased complexity. Indeed, these advancements were recently
reviewed in (Deter and Lu 2022); in short, they distill the interspecific interactions as
cooperation, competition, and predation, layered with additional community members or
certain spatial organization. In particular, higher order interactions, which only occur in
complex communities and cannot be described by pairwise interactions, may complicate the
analysis of any synthetic community of greater than three members.

Previous work in the use of cheese model systems has focused on low-complexity
communities, ranging from 3-7 species (Cosetta and Wolfe 2020; Wolfe and Dutton 2015;
Morin et al. 2018). These studies have enabled a mechanistic understanding of certain
interactions between species, such as cross-feeding of amino acids and competition for iron,
and uncovered the importance of fungi in driving microbial interactions (Pierce et al. 2021;
Cosetta et al. 2020; Bodinaku et al. 2019). However, due to a lack of intra-genus and intra-
species diversity within these previous models, a variety of microbial interactions may not be
represented. Washed rind cheeses, which have not previously been reconstructed in vitro,
represent a potential system for studying a wider diversity of microbial interactions. These
cheeses undergo a repeated washing process with a brine solution during the early stages of
their aging. This washing creates a cheese surface that is high in salinity and moisture.
Further, the physical nature of the washing process disrupts spatial structure of the
community, potentially inducing greater opportunities for interactions. The combination of the

salinity, moisture and physical disruption of the community leads to the formation of a unique
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microbiome not found on other cheeses containing a diverse mix of bacteria, fungi (primarly
yeast), and associated viruses.

Here, we attempt to establish a new in vitro model microbiome with higher
complexity than previous efforts based on a washed rind cheese. The target microbiome
contains species from diverse Phlya, which will allow the examination of interactions across
diverse microbial groups, but also contains a cluster of species from the same genus, which
will allow an examination of interactions within much more closely-related species. In this
work, we established the conditions for reconstructing the specific environment of this
community in an in vitro cheese system, showing that the community undergoes a
reproducible succession following inoculation. We then use our ability to control the species
inoculation profile to examine the effect of removing major taxonomic groups from the
community. We combine culture-based approaches with shotgun metagenomic sequencing to
evaluate changes in community composition under the different conditions, and to determine
whether mutations over the course of community formation are enriched in certain species

and genetic regions.

Results
Design of model microbiome

This model microbiome is based on a culture collection that was isolated from a
specific washed rind cheese, all of which have genome sequences available. From this
collection, we selected 16 species that would represent both the breadth and depth of diversity

found in a typical washed rind cheese microbiome. Previous metagenomic studies of this
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Figure 3.1.1. Overview of in vitro washed cheese rind community. (a) Full community
members, divided and colored by Phyla. (b) Timeline of in vitro microbial community model as
well as washing pattern. All three steps were done on each plate with a sterile cotton swab (c)
example plate of full community at day 21 from the partially destructive sampling.

cheese revealed that multiple species and strains of the genus Psychrobacter co-occured,
which could provide a unique opportunity to examine intra-species interactions

(Supplemental Table 3.1.2). In particular, given that the horizontal transfer of genetic material

such as plasmids is more likely to occur between more closely related species, we evaluated

the genomic similarity and plasmid content of these Psychrobacter species.
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To compare isolates from within the Psychrobacter genus, we aligned genomes with
SPINE (Ozer et al. 2014, Supplemental Figure 3.1.1, Supplemental Table 3.1.2). Four
Psychrobacter (P.) are further split into two groups: Group 1, containing P. sp CCS164 and P.
alimentarius ssp. CCS175, shares 83.8% of their chromosomal region, and P. sp. CCS164
contains 4 plasmid contigs and P. alimentarius ssp. CCS175 contains 5 plasmid contigs, as
well as a lysogenic and lytic phage; Group 2, containing P. cibarius ssp. CCS169 and P. fozii
ssp. CCS179, shares 87.2% of their chromosomes, and P. cibarius ssp. CCS169 contains 5
plasmid contigs while P, fozii ssp. CCS179 has a lysogen and five plasmid contigs, two of
which are nearly identical. The plasmids themselves are 36.6-71.5% unique, with those from
P. cibarius sharing 16.5% with plasmids from P. alimentarius and 11.8% with plasmids from
P. fozii. About 11kbp (11% of the plasmid contig lengths of P. Sp. CCS164), are shared among
all Psychrobacter MGEs. The lytic phage and lysogens are largely unique.

The community also contains four other Proteobacteria: Pseudoalteromonas,
Halomonas, Vibrio casei, and Hafnia alvei; two Firmicutes: Staphylococcus xylosus and
carnosus; four Actinobacteria: Brevibacterium linens, Brachybacterium aurantiacum,
Glutamicibacter arilaitensis, and Microbacterium gubbeenense; and two Ascomycota:
Debaryomyces hansenii and Galactomyces geotrichum. All community members were
sequenced as isolates and reassembled; all bacterial genomes were 100% complete based on a
list of 139 bacterial single copy core genes, and less than 3% redundant except for the

Glutamicibacter genome, which was 98.59% complete.
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Figure 3.1.2. CFU counts and relative abundance of in vitro washed rind communities. (a)
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To construct an in vitro washed rind microbiome, 100,000 CFUs of each member was
added to the surface of a 10% Cheese Curd Agar petri dish (Cosetta and Wolfe 2020), then
evenly distributed across the plate. The surface of the plate was washed with 20% NaCl brine
every 24 hours in the first 96 hours for a total of four washes (Figure 3.1.1b, Supplemental
Figure 3.1.2). The washing process was designed to mimic the production of washed rind
cheeses, and was carried out by adding 1 mL of brine to the surface of the plate, then passing
a sterile swab over the surface three times, in a vertical rastoring, then horizontal rastoring,
and finally in a rosette pattern to gently mix the surface community into the brine.
Communities were incubated in the dark at 150C in a high humidity environment. Samples
were taken by scraping communities from the surface of the agar plate with
PBS+0.05%Tween and gently homogenized. In destructive sampling, the entire plates'
biomass was split for glycerol stocks, CFU counting, proximity ligation, and genomic DNA
extraction. All communities were also studied with partially destructive sampling, in which
half of the sample was used to reinoculate the same plate. The washing steps and length of
maturation mimic the commercial process on an accelerated time-scale that correlates with in
vitro communities reaching maturity and stability at about half the time of commercial
cheeses (Wolfe and Dutton 2015). All community experiments were performed in triplicate.
To assess the reproducibility of the in vitro washed cheese rind model, CFU counts of each
sampling day were done for both the bacterial and fungal members (Figure 1D). In addition,
a portion of each sample was used for DNA extraction and metagenomic sequencing.
Sequencing reads were then mapped back to the reference genomes to show relative

abundance (Figure 3.1.2a).
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In the full community, there was an initial even number of bacterial and fungal
community members until day 3, after which the fungal population began to dwindle, largely
from the loss of Debaryomyces. Due to the daily washing procedures, the communities are
disturbed each day through day 4. The peak of bacterial abundance occurs before the final
sampling at day 21. Overall, these communities are fairly reproducible with relatively small
standard deviations at the Phyla level. In the partially destructive samples, the relative amount
of Actinobacteria slowly increases over the course of the incubation period (Figure 3.1.2a).
When examining the Psychrobacter species, all four species persist in each replicate, with P,
alimentarius ssp. CCS175 often the most abundant. Though P. sp. CCS164 is closely related
to this abundant species, it begins to overtake CCS775 as the community ages. The in situ
time series of the washed rind cheese upon which this model is based shows similar
progression (Saak et al, 2023), with fungal members at similar abundance to bacterial species
for the first two weeks, then being less abundant for the next 10 weeks. At the genus level, the
in situ community also does not have significant amounts of Firmicutes at later weeks while
Actinobacterial genera, especially Brevibacterium and Glutamicibacter, increase in
abundance over time.

Previous studies revealed a positive correlation between Geotrichum and
Proteobacterial species, and a negative correlation between Geotrichum and Actinobacterial
species based on co-occurance patterns in a sequencing based survey of cheese rind
microbiomes (Wolfe et al, 2014). In addition, pairwise experimental data showed stimulatory
effects of Geotrichum on Proteobacterial growth, and inhibitory effects on Actinobacterial

growth (Wolfe et al, 2014). We took advantage of the fact that this model contains all three of

110



these members (Geotrichum, Proteobacteria, and Actinobacteria) to examine whether these
patterns hold in a community context. To do this, we reconstructed a community lacking
Geotrichum and evaluated whether this resulted in any differences in the resulting community
composition (Figure 3.1.3b,c in red, Supplemental Figures 3.1.3 and 3.1.4). In all replicates,
the removal of Geotrichum favored the relative growth of the Actinobacteria over the
Proteobacteria, even though overall bacterial absolute abundance was very similar between
these two samples (Figure 3.1.1d). Absolute abundance based on read counts reveals that the
decrease in Proteobacterial abundance is largely due to the poor growth of
Pseudoalteromonas. In contrast, almost all of the Actinobacterial species reach higher
absolute abundances, and do so by earlier timepoints, as compared to the full community
(Supplemental Figure 3.1.3). Overall, these results are consistent with Geotrichum inhibiting
Actinobacteria and stimulating Proteobacteria. In one of the replicates in the community
without Geotrichum, P. sp. CCS164 has increased in abundance in the last two weeks of
incubation, similar to the complete community; the other two samples show P. cibarius ssp.
CCS169 as the dominant Psychrobacter strain.

We next tested the effect of removing all Actinobacterial members from the
community. Across all conditions, P. alimentarius ssp. CCS175 is dominant in the early
stages of the community. Similar to the other conditions, Psychrobacter species dominate the
communities, but are 93-95% of the community in the community without Actinobacteria.
There is also a different pattern of which Psychrobacter is dominant. P. sp. CCS164 does not

increase in relative abundance, remaining below 5% of Psychrobacter in all replicates. Instead
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P. cibarius ssp. CCS169 competes with P. alimentarius ssp. CCS175 for the most abundant

Psychrobacter.

Evolution in model microbial community

In addition to microbial dynamics and relative abundance, we examine the evolution
of the 16 genomes between these different conditions over the course of the 21 day
experiment. To do this, reads from sampled timepoints were mapped back to reference
genomes of each isolate. Single nucleotide variants (SNVs) from discrepancies between the
reference genomes and mapped reads can show adaptations to the different community
pressures. We use a conservative method to only report variations that occur in a ratio greater
than 5% + (1/3)coveragel/3-1.45, decreasing the threshold dynamically with the coverage of
the contigs (Good et al. 2017). This conservative method will filter for confident variations,
and all variations are reported in Supplementary Table 3.1.9. 10.4 million SNVs were initially
reported, and these were filtered to 519,178 million SNVs across 140,815 nucleotide positions
in 18,397 genes. Since we used a different reference strain’s genome for this mapping, we
removed any calls within the Geotrichum and Debaryomyces genomes. The Firmicutes and
Brachybacterium arcticum had few mutations called, likely due to simply being at low
abundance (<1%). Supplementary Table 3.1.7 shows the number of mutations in each of the
samples sequenced for each community and time point, with Supplementary Table 3.1.8
listing the individual nucleotide positions and relative proportions of each nucleotide. Anvi'o
plots cluster SNVs by co-occurance in different conditions and timepoints and present the

relative occurrence of SNVs detected. In the full community and the community without
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Figure 3.1.3. Overview of the communities and SNP analysis. Mapping of individual samples
to the reference genomes in an anvi’o plot, with each lane showing the coverage of the genome.
On the right, the additional graphs show the number of insertion/deletion mutations and single
nucleotide variants.

Geotrichum, the total number of Actinobacterial mutations were similar, with unique
mutations between replicates in Glutamicibacter and Brachybacterium in both conditions, and
Brevibacterium and Microbacterium in the community without Geotrichum. The
Psychrobacter dominated community composition in all conditions, and had similar number

of SNV in the full community and the community without Geotrichum; the total number of
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mutations within each phyla was least in the community without Actinobacteria (Figure
3.1.3a, Supplemental Table 3.1.7), suggesting that they contribute to additional biotic factors
that encourage mutations or evolution. Across replicates, there were often unique mutations
that persist within each replicate; for example, in the yeast Debaryomyces hansenii, replicate
1 in the full community, and replicate 1 and 3 in the community without Geotrichum shows

the same mutations, though the frequency decreases over time in the full community.

Proximity Ligation and Long Read sequencing

Chromatin conformation capture techniques have been adapted for a wide range of
applications, including to elucidate the 3-dimensional structure of chromosomes by
highlighting regions that are physically close to each other. By applying this to a microbial
genome and allowing significant time for ligation, we may generate concatemers of DNA
within a microbial cell, potentially binding together chromosomal sequences with
extrachromosomal elements. Pore-C is the use of long read sequencing to these preserved
physical interactions, allowing for multiple contacts to be interrogated on one read. Within a
community, we hoped to generate sequences between 2-5 kb in length using as few
endonucleases as possible, which can be difficult within a community containing fungi and
bacteria from three phyla. As we were most interested in possible gene transfer within the
Psychrobacter, we also analyzed the plasmid contigs for cut sites as well. In silico digestion of
the metagenome by EcoRI and BglII generated 40,035 fragments with an N50 of 4 kbp,

average of 2.2 kbp, and a quarter of the fragments were between two and five kbp

114



(Supplemental Figure 3.1.8). These values assume an even distribution of each community
member and the specific counts are simply of a restriction of a single copy of each genome.

We were able to sequence two of our samples: the full community at day 3 and day 21.
There are 187,568 EcoRlI sites and 111,730 BgllI sites on Day 3 resulting in 209,866 reads
from 41,165 concatemers after in silico restriction; and 2,291,016 EcoRlI sites and 1,667,675
Bglll sites on Day 21 resulting in 9,844,474 reads from. There are 102,235 fragments with
both restriction sites on Day 3 and 882,151 on Day 21. Compared the in silico digestion of the
metagenome which assumed an even distribution, the read N50 was 2,370 on Day 3 and 2,239
on Day 21 (Supplemental Figure 3.1.9).
Discussion

Model microbial communities allow for precise control of the input variables to better
understand how different biotic and abiotic factors change how the different community
members interact and grow. In particular, a community setting is required to study horizontal
gene transfer, the transfer of genes between organisms rather than from parent to child or from
mother to daughter cells. The rate of horizontal gene transfer and its impact on evolution has
been debated at length, but it has played a major role in the spread of antibiotic resistances,
especially in nosocomial infections. The widespread use of these life saving medications for
human infections as well as in agriculture creates a strong fitness benefit to maintaining
genomic islands that increase resistance to commonly used antibiotics, especially those
derived from natural products. Genes associated with resistance to the natural products
already exist in the environment from the persistent push for more resources and genetic

replication. In some cases, the genes themselves are selfish and promote their own mobility in
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the cases of viruses and genetic elements with toxic systems that kill hosts that lose the

accessory element.

Methods
Strain source information

Source information for strains provided in Supplementary Table 3.1.1. Shortly, the
majority of strains were isolated from washed rind cheeses and sequenced. Brevibacterium
linens sp. JBS, Vibrio casei sp. JB196, and Hafnia alvei sp. JB232 were previously isolated
and had their genomes assembled from a survey of cheeses (Wolfe et al. 2014).
Sequence analysis

Each genome was sequenced with illumina short reads and assembled independently.
Assemblies that resulted in more than 20 contigs were sequenced again using a flongle
(Oxford Nanopore Technologies) and reassembled with hybridSPAdes (Antipov et al. 2016).
Genomes from the same genus were further analyzed by SPINE to separate core and
accessory genomes for downstream analysis (Ozer et al. 2014). Further, these were analyzed
by mob-suite and viral Verify for mobilizable plasmids and viral sequences (Robertson and
Nash 2018; Antipov et al. 2020). Finally, Psychrobacter genomes and their plasmids, as well
as the entire set of genomes, were analyzed for restriction sites for a minimal set of

endonucleases that would result in many 2-10kbase sequence fragments.
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in vitro washed rind community

Stock strains were grown in lysogeny broth and frozen in 20% glycerol. Each strain
was inoculated with an initial even distribution, either 100,000 bacterial cells or fungal spores,
on 10% Cheese Curd Agar (Cosetta and Wolfe 2020). Plates were incubated in the dark at
15C in high humidity environment. At 24, 48, 72, and 96 hours after inoculation, plates were
scrubbed with a 20%wt NaCl brine solution using sterilized cotton swabs in a horizontal and
vertical rastering pattern, followed by a rosette. Brine solution was also reserved. On days 3,
5,7, and 21, microbial communities were collected using cell scrapers into 1000uL of
PBS+0.05% Tween to assist in biomass recovery; for the day 3 sample, biomass collection
was done before the brine wash. The samples were split for various analyses: spot plating,
glycerol store, gDNA extraction for metagenomic short read sequencing, and proximity
ligation for nanopore sequencing. In one set of samples, called nondestructive, we replated
half of the scraped biomass back onto the dish. Spot plating was done on PCAMS, either with
50ug/L chloramphenicol or 100ug/L clyclohexamide + 21.6pug/L natamycin, with counting
done 48 hours later. gDNA was collected using phenol-chloroform extraction and purified
with 5 additional ethanol washes to remove residual phenol and chloroform. For short read
sequencing, library preparation and metagenomic sequencing were performed by Novogene,

Sacramento, CA.

Genomic DNA extraction

Add 200uL of glycerol reserve to 15mL conical tube with 3mL of Tris-Lysis Buffer

(10mM Tris-Cl, 1% SDS) and incubate at 37 C for 1 hour, agitating every 15 minutes. Add 28
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units of proteinase K (NED) and incubate at SOC for 1 hour. To this mixture, add an equal
amount of phenol-chloroform-isoamyl alcohol (25:24:1) buffered at pH 8.0 with 10mM Tris-
Cl, ImM EDTA, and vortex for 2 seconds before rotating for 10 minutes at room temperature.
Separate the phases with centrifugation at 3900 rpm, at 4C, for 15 minutes. Transfer aqueous
phase to fresh 15 mL tube and add an equal volume of fresh buffered phenol-chloroform-
isoamyl alcohol, and repeat vortex, rotation, centrifugation, and aqueous layer transfer to a
new 5 mL tube or split into two 5 mL tubes. Add 1 volume of 4C isopropyl alcohol and 0.1
volumes of 3M sodium acetate and centrifuge at 17,000 G for 3 minutes. Discard the
supernatant and wash the pellet with 70% ethanol 4 times, centrifuging to pellet the DNA
between each wash. Dry the pellet and resuspend in 200 pLL 10 mM Tris-Cl pH 8.5 at room
temperature overnight. Samples with concentrations greater than 2.5 ng/uLL were submitted to

sequencing at Novogene and sequenced on NovoSeq 6000.

Proximity ligation and long read sequencing

Reserved biomass, approximately 750uL, was diluted in 10mL of PBS for two washes
to remove environmental DNA. All centrifuge steps were done as follows: 4C, 3900g, 5
minutes. Cells were then pelleted and resuspended in 1mL PBS+1%formaldehyde, mixed
with gentle inversions. After 10 minutes of crosslinking, the formaldehyde was quenched with
527uL of 2.5M glycine at room temp for 5 minutes, then on ice for 10 minutes with light
agitation every three minutes. Cells were again pelleted and washed with 10mL 4C PBS, and

resuspended in ImL PBS.
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All centrifuge steps during digestion and ligation were done at 4C, 300g for 10
minutes. At 4C, add 550uL of protease inhibitor cocktail (10mM Tris-HCI, pH8.0, 10mM
NaCl, and 0.2% IGEPAL CA-630, 10% protease inhibitor). Pellet and remove supernatant.
Resuspend in 200pL of 4C 1.5X digestion reaction buffer. Pellet and remove supernatant.
Resuspend in 300uL of the digestion reaction buffer, and add SDS to the final concentration
of 0.1% SDS. Incubate on a shaker at 65C and 300rpm for 10 minutes, then put on ice. Add
Triton X-100 to a final concentration of 1%, incubate on ice for 10 minutes. Digest with
EcoRI at 20U/uL and BgllII at 10U/uL, invert to mix. Incubate at 37C for 18 hours. Mixing at
1000 RPM for 30 seconds every 15 minutes. Assess digestion efficacy ***. Add additional
ligation buffer onto the suspension and allow to incubate at 16C for 6 hours, mixing at 1000
RPM for 30 seconds every 15 minutes. Finally, degrade the protein complexes with proteinase
K at a final concentration of 1pg/uL. Incubate at 56C for 18 hours, mixing at 1000 RPM for
30 seconds every 15 minutes. Chill at 4C.

Transfer ligated DNA to SmL centrifuge tube, and rinse the original tube with 200uL
nuclease free water and combine in the same SmL tube. Add an equal volume of
phenol:chloroform:isoamyl alcohol in 10mM TrisHCI, pH 8.0, ImM EDTA solution and
gently invert for 5 minutes. These centrifuge steps are done at 4C, 16,000g for 5 minutes.
Centrifuge and incubate on ice for 2 minutes, until organic phage is cloudy with degraded
proteins and the interphase layer is thin. Transfer aqueous phase and split into two aliquots.
Add 0.2 volumes of 5SM NaCl and 0.1 volumes of 3M sodium acetate, pH 5.5. Add 3 volumes
of 100% ethanol and gently invert. Precipitate overnight at -20C. Pellet the nucleotides, then

wash with 4mL 80% ethanol, then 4mL 70% ethanol. Remove the supernatant and allow to
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dry. Resuspend in 75uLL TE buffer and combine two tubes. Quantify with Qubit at 10X
dilution. These were then library prepped with SQK-LSK109 (ND, C1, D3 and D21) or
-LSK110 (all other samples) and sequenced on R10 minlON flow cells, Oxford Nanopore
technologies.
Computational Analysis
Short reads

Genomic DNA was then collected from each replicate from each condition,
and those with enough sample - Days 7 and 21 in from all conditions and Day 5 from the full
community and in one sample of the community without Actinobacteria - were sequenced
with Illumina technology, with at least 50 million paired 151bp reads sequenced from each
sample. These were then mapped back to the reference genomes to show relative abundance
(Figure 3.1.2a). The 1,606,847,570 reads were mapped against the reference genomes, both as
whole genomes and modified for core and accessory regions. SNP analysis was performed on
nondestructive samples, with each biomass collection acting as a passage.
Long Reads
Long reads were split on exact matches to restriction sites and analyzed with a modified
version of pore-c tools (v3.0 Oxford Nanopore Technologies, bioRXiv), and MC4C

(Vermeulen et al. 2020).

Metagenome analysis

Anvi'o v7 was used to visualize the metagenome and the coverage from short reads

and cut-long reads.
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This chapter’s work was integrated with the following paper:

Longitudinal, multi-platform metagenomics yields a high-quality genomic catalog and guides
an in vitro model for cheese communities

Christina C. Saak!, Emily C. Pierce!, Cong B. Dinh!, Daniel Portik2, Richard Hall2, Meredith
Ashby2, Rachel J. Dutton!

1 Division of Biological Sciences, Section of Molecular Biology, University of California San
Diego, 9500 Gilman Drive, La Jolla, CA 92093, USA

2 Pacific Biosciences, 1305 O'Brien Dr, Menlo Park, CA 94025, USA

Abstract

Microbiomes are intricately intertwined with human health, geochemical cycles and
food production. While many microbiomes of interest are highly complex and experimentally
intractable, cheese rind microbiomes have proven powerful model systems for the study of
microbial interactions. To provide a more comprehensive view of the genomic potential and
temporal dynamics of cheese rind communities, we combine longitudinal, multi-platform
metagenomics of three ripening washed-rind cheeses with whole genome sequencing of
community isolates. Sequencing-based approaches revealed a highly reproducible microbial
succession in each cheese, co-existence of closely related Psychrobacter species, and enabled
the prediction of plasmid and phage diversity and their host associations. Combined with
culture-based approaches, we established a genomic catalog and a paired 16-member in vitro

washed rind cheese system. The combination of multi-platform metagenomic time-series data
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and an in vitro model provides a rich resource for further investigation of cheese rind

microbiomes both computationally and experimentally.

Importance

Metagenome sequencing can provide great insights into microbiome composition and
function and help researchers develop testable hypotheses. Model microbiomes, such as those
composed of cheese rind bacteria and fungi, then allow the testing of these hypotheses in a
controlled manner. Here, we first generate an extensive longitudinal metagenomic dataset.
This dataset reveals successional dynamics, yields a phyla-spanning bacterial genomic
catalog, associates mobile genetic elements with their hosts and provides insights into
functional enrichment of Psychrobacter in the cheese environment. Next, we show that
members of the washed-rind cheese microbiome lend themselves to in vitro community
reconstruction. This paired metagenomic data and in vitro system can thus be used as a
platform for developing testable hypotheses for the dynamics within and functions associated

with cheese rind microbiomes.

Introduction

Microbiomes play crucial roles in human health(Gilbert et al. 2018), geochemical
cycles(Falkowski, Fenchel, and Delong 2008) and food production(Sieuwerts et al. 2008).
While the characterization of community composition of diverse microbiomes has come a
long way, our mechanistic understanding of community functioning, and thus our ability to

predict and manipulate it, lags behind(Pierce and Dutton 2022). Given the complexity and
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experimental intractability of many microbiomes of interest, model microbiomes consisting of
a manageable number of community members that are experimentally tractable can help
facilitate the generation and testing of hypotheses about microbiome function. Cheese rind
communities have already provided valuable insights into the biology of microbiomes and
microbial interactions within such as cross-feeding of amino acids and competition for iron,
and they have helped uncover the importance of fungi in driving microbial interactions (Wolfe
et al. 2014; Morin, Pierce, and Dutton 2018; Niccum et al. 2020; Kastman et al. 2016; Zhang
et al. 2018; Kamelamela et al. 2018; Pierce et al. 2021; Cosetta et al. 2020; Bodinaku et al.
2019). The cheese rind model communities currently available for in vitro studies are based
on natural and bloomy rind communities and represent low-complexity microbiomes ranging
from 3-7 species (Cosetta and Wolfe 2020; Wolfe and Dutton 2015; Morin, Pierce, and Dutton
2018; Wolfe et al. 2014).

In contrast to natural and bloomy rind cheeses, washed-rind cheeses are produced by
regular washing (or smearing) with a brine solution(Mounier et al. 2017). As such, the
microbial communities on the surface of washed-rind cheeses experience homogenization
throughout its development, which may facilitate intermicrobial interactions or evolutionary
processes such as horizontal gene transfer. To date, several studies have examined the
community composition of washed-rind cheeses using culture-dependent and culture-
independent techniques(Delcenserie et al. 2014; Kothe et al. 2021; Irlinger and Monnet 2021;
Quijada et al. 2020, 2018; Schmitz-Esser et al. 2018; Bokulich and Mills 2013; Wolfe et al.
2014; Bertuzzi et al. 2018; Quigley et al. 2012; Schornsteiner et al. 2014). These studies have

shown, for example, that bacteria often outnumber fungi by orders of magnitude(Irlinger and
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Monnet 2021; Quijada et al. 2020). Among the bacterial community members, Actinobacteria
such as Brevibacterium, Corynebacterium and Glutamicibacter, and Proteobacteria, such as
Psychrobacter and Halomonas, are usually detected in these communities(Quijada et al. 2020,
2018; Irlinger and Monnet 2021; Schmitz-Esser et al. 2018; Delcenserie et al. 2014; Kothe et
al. 2021). Last, it has been shown that the communities associated with these cheeses show
reproducible community succession(Irlinger and Monnet 2021). Emerging metagenomic
techniques have the potential to enable a deeper characterization of the species- and strain-
level diversity, functional potential, eco-evolutionary dynamics, and mobile genetic elements
within these communities. In this study, we combine several metagenomics techniques
(amplicon, short-read and long-read shotgun sequencing and metaHi-C) with a longitudinal
dataset of three washed-rind cheese communities that were collected over the course of cheese
ripening. This data provided insights into the reproducible successional trajectories of the
studied washed-rind cheeses, provided a catalog of genomes of community members that can
be used as references for future studies, identified plasmids and phages and associated them
with their host genomes, and provided insights into the biology of these communities. For
example, we investigated the striking diversity of Psychrobacter genomes recovered from the
communities and present a functional enrichment study that highlights enrichment of genes
involved in type six secretion as well as siderophore acquisition, two traits that are of high
value in the densely populated, iron-limited environment of the cheese rind.Finally, we used
the genomic catalog to establish a representative culture collection of washed rind community
members and reconstituted an in vitro model communities based on the washed-rind cheese

microbiome. This model microbiome contains 16 members from several microbial phyla,
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including several Psychrobacter representatives, allowing the examination of interactions
across diverse microbial groups and representing the most complex cheese rind-based model
microbiome to date. We show that this in vifro community undergoes reproducible succession
and, by removing certain taxonomic groups, we start to investigate the interaction dynamics in

this community.

Results

Longitudinal sampling of three washed-rind cheeses from the same facility. Rind samples
of three different types of washed-rind cheeses (Cheese A, B, and C) were collected from
triplicate batches (each batch made approximately 1 week apart) at six timepoints throughout
ripening (Figure 3.2.1A). Cheese types A, B, and C differ with respect to their milk source,
use of pasteurized vs raw milk (pasteurized milk was used for cheeses A and B, raw milk is
used for cheese C), production location, and production methods. However, during the aging
process of each of the cheeses, similar aging practices were used, such as repeated washing
with brine solution, and all were aged in the same facility. For all samples, DNA was
extracted and 16S and ITS amplicon sequencing was performed. Subsequently, samples from
batch 3 were characterized using in-depth metagenomic sequencing, including short-read
metagenomic sequencing of all six timepoints, long-read metagenomic sequencing of rinds at
weeks 2, 3,4, 9 and 13, and metaHi-C of weeks 2, 4, and 13 in the case of Cheeses B and C,
and weeks 2 and 13 in the case of Cheese A (Supplemental Figure 3.2.1, Supplemental Table

3.2.1, Supplemental Table 3.2.2).
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Figure 3.2.1. Three washed-rind cheeses from the same facility show reproducible succession
patterns during ripening. (A) For each of the three different washed-rind cheeses (A, B and C)
we followed the aging of three different batches produced one week apart. From each batch
we collected rind from duplicate wheels at six timepoints. A detailed sequencing overview
and collection schedule are found in Supplemental Figure 3.2.1 and Supplemental Table 3.2.1,
respectively. Representative images of each of the three cheeses at different timepoints are
shown. Cheese C is wrapped in spruce during ripening. In the pictures for weeks 2-4 the
spruce has been removed. (B) The 16S and ITS data of the ripening communities was
subjected to principal component analyses of the Bray-Curtis dissimilarities. Colors
correspond to different cheeses and shapes correspond to different batches.(C, D) Relative
abundance plots of (C) bacteria as determined by 16S amplicon sequencing and (D) fungi as
determined by ITS sequencing. Shown are the relative abundances of amplicon sequence
variants collapsed at the genus-level. Rest = Genera with <1% of the classified reads. Detailed
information about 16S and ITS read statistics can be found in Supplemental Tables 3.2.3 and

3.2.4, respectively.
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Successional dynamics of the rind communities throughout ripening. To gain a higher-
level overview of community dynamics and reproducibility of succession patterns, we
analyzed the relative abundance of bacterial and fungal populations using 16S and ITS
sequencing (Supplemental Tables 3.2.3 and 3.2.4). The successional dynamics of each of the
three cheeses was remarkably reproducible for both the bacterial and the fungal communities
(Figure 3.2.1C, D). PCoA analysis based on Bray-Curtis indices indicates that while at the
earliest sampled timepoints the different cheeses are highly similar, they diverge from each
other along reproducible trajectories throughout aging (Figure 3.2.1B). One exception is one
batch of cheese B, which clusters more closely to cheese A at the final fungal sequencing time
point. This difference is mainly due to Fusarium, which is found in all 3 batches of cheese A
and detected in the ITS sequences of that batch of cheese B, but not the other two batches of
that same cheese (Figure 3.2.1D). Indeed, a wheel from this batch has a visibly different rind
than cheese wheels from the other two batches (Supplemental Figure 3.2.2). Although at the
genus level the three communities diverge over time, there are consistent successional
patterns at the Phylum and Order level across cheeses. All three cheeses are dominated by
Saccharomycetales throughout ripening with Hypocreales reproducibly establishing
themselves in the communities of cheeses A and C, but not cheese B (Supplemental Figure
3.2.3B). Regarding the bacterial communities, all three cheeses are dominated by Firmicutes
in Week 1, likely due to the lack of rind resulting in sampling of lactic acid bacteria in the
cheese core. Proteobacteria quickly take over and dominate the bacterial communities of all

three cheeses by the end of ripening. Cheese A also shows a reproducible establishment of
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Actinobacteria and Cheese C additionally shows a reproducible establishment of
Bacteroidetes in the communities (Supplemental Figure 3.2.3A).

While amplicon sequencing provides a high-level overview of community succession
and its reproducibility, it does not address the relative abundance of bacteria and fungi to each
other. To close this information gap, we performed taxonomic classification of long-read
shotgun metagenomic sequencing data (Supplemental Table 3.2.5). The majority of reads
were classified to at least Genus level (Supplemental Figure 3.2.4). Long-read-based
taxonomic classifications revealed that all three cheeses were heavily dominated by bacteria
and that the fungi only constituted a small proportion of the communities, especially at the
end of ripening (Figure 3.2.2, Supplemental Figure 3.2.5). Consistent with the amplicon
sequencing, long-read based taxonomy revealed genera that are shared between all three
cheeses, such as Psychrobacter and Pseudoalteromonas, as well as genera that were specific
to two or only one of the cheeses, such as Alcaligenes and Sphingobacterium, which are
specific to Cheese C (Figure 3.2.2, Supplemental Figure 3.2.5).

Overall, Cheese C contained the largest number of unique taxa per rank at all sampled
timepoints (Supplemental Figure 3.2.6), which is in accordance with the amplicon results.
Cheese C also shows the highest degree of taxa turnover with an initial dominance of
Pseudoalteromonas, which is then taken over by Halomonas and Alcaligenes. In addition,
gram-positive community members such as Brevibacterium and Sphingobacterium become
more abundant over time in Cheese C than they do in the other two communities. In contrast,
Cheese B is initially dominated by the yeast Debaryomyces, before a bacterial community

dominated by Psychrobacter and Pseudoalteromonas takes over. Eventually,
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Pseudoalteromonas 1s largely displaced from the Cheese B community, while Halomonas,
members of the family Moraxellaceae and other unidentified Proteobacteria become more
abundant. In contrast to both Cheeses B and C, Cheese A shows very minimal community
succession between weeks 2 and 13 and is dominated by Psychrobacter and other members of

the family Moraxellaceae throughout this entire period of ripening.
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| Other Gammaproteobacteria B streptococcus _ Geotrichum
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Figure 3.2.2. Long-read-based relative abundance reveals dominance of bacterial community
members. Relative abundance plots of taxa (aggregated at the genus level or higher) detected
by long-read shotgun metagenomic sequencing. Rest = taxa with <1% of the classified reads.
Detailed information about read statistics can be found in Supplemental Table 3.2.5.
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A phyla-spanning genomic catalog of washed-rind cheese communities. We next aimed to
generate a genomic catalog for each of the three cheeses to help provide insights into species-
and strain-level diversity as well as functional potential and horizontal gene transfer. To do so,
the long-read shotgun data was assembled for each cheese either by timepoint or across all
timepoints (co-assemblies) (Supplemental Table 3.2.6). The assemblies were then binned to
generate metagenome-assembled genomes (MAGs) (Supplemental Table 3.2.7). In addition,
community members from Cheese B were isolated and subjected to short- and long-read
sequencing for de novo hybrid genome assembly (Supplemental Table 3.2.8). For each cheese,
we combined all high-quality MAGs from the individual timepoint assemblies, the co-
assemblies, and the isolate genomes (for cheese B). We then de-replicated each dataset and
selected representative MAGs for each cheese. For selection of representative MAGs/
genomes within a given cluster, isolate genomes were given the highest priority, followed by
circular MAGs from individual timepoint assemblies, then circular MAGs from co-
assemblies, then complete, non-circular MAGs from individual timepoint assemblies and
finally complete, non-circular MAGs from co-assemblies. If several bins per cluster fell into
the same category the MAGs were prioritized based on quality as assessed by CheckM.

For cheeses A and C, we recovered 17 and 37 high-quality MAGs, respectively
(Figure 3.2.3, Supplemental Tables 3.2.9, 3.2.11). In cheese A, 12 out of the 17 high-quality
MAGs were both single-contig and circular. In the case of cheese C, 24 of the 37 high-quality
MAGs were single-contig and 19 of those were circular. For cheese B, we recovered 11 high-
quality MAGs and 16 isolate genomes (Supplemental Table 3.2.10). Four out of the 11 high-

quality MAGs were both single-contig and circular. Consistent with our amplicon sequencing
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data, comparing the genomic catalogs recovered from the three cheeses using ANI values
reveals that the cheeses contain both common and unique genomes (Supplemental Figure
3.2.7). Specifically, when considering an ANI cut-off of 99, we observed that 6 MAGs were
represented in the genomic catalogs from all three cheeses. Based on GTDB-Tk(Chaumeil et
al. 2019), these MAGs were annotated as Mesonia sp., Vibrio casei, Pseudoalteromonas
nigrifaciens, Psychrobacter alimentarius, Vibrio litoralis, and Pseudoalteromonas
pyrdzensis. Additionally, cheeses A and B have 8 MAGs (and isolate genomes) in common,
cheeses A and C share 2 MAGs and cheeses B and C share 5 MAGs (and isolate genomes)
(Supplemental Table 3.2.12). Last, cheese A has 1 unique MAG, cheese B has 8 unique
MAGs (and isolate genomes) and cheese C has 24 unique MAGs (Figure 3.2.3B).

All together, the genomic catalog covers the bacterial phyla Proteobacteria,
Firmicutes, Bacteroidetes and Actinobacteria. For each cheese, Proteobacteria are the group
with the most MAGs (and isolate genomes) with 14, 18 and 18 MAGs (and isolate genomes)
representing this phylum in cheeses A, B and C, respectively. Further, we are able to recover
multiple species and/or strain representatives for several genera. For cheeses A and B we
observe multiple co-occurring Psychrobacter species and/or strains. 6/14 and 9/18
Proteobacteria are of the genus Psychrobacter for cheeses A and B, respectively. Both cheeses
also contain a diversity of distinct Pseudoalteromonas representatives with 4 and 3 distinct
MAGs (and isolate genomes) recovered from cheeses A and B, respectively. Cheese C also
contains 2 and 3 distinct MAGs belonging to the genera Psychrobacter and
Pseudoalteromonas, respectively. In addition, we observed species and/or strain-level

diversity in the genera Alcaligenes, Brevibacterium, Halomonas, Leucobacter,
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Microbacterium, Serratia, Sphingobacterium, Staphylococcus and Vibrio. We further note that
4/17, 8/27 and 15/37 MAGs (and isolate genomes) from cheeses A, B, and C respectively,
were not classified at the species level by GTDB-Tk, which could indicate potentially new
species in our genomic catalog.

To gain an overview of how abundant each of the recovered MAGs (and isolate
genomes) was during community development, the communities were also subjected to short-
read metagenomic sequencing and the reads were mapped to the genomes in the genomic
catalog (Figure 3.2.3). For almost all timepoints, more than 50% of the reads were mapped to
the genomic catalog (Supplemental Table 3.2.13). The only exception to this is Cheese B at
week 2, in which only about 19% of the reads mapped to the genomic catalog. From the long-
read based community composition analysis (Figure 3.2.2), we know that at this time point
Cheese B is dominated by a fungus. Since the genomic catalog provided in Figure 3.2.3 only
contains bacterial genomes, it is not surprising that a low amount of short reads from week 2
maps against the bacterial genomic catalog for Cheese B. In contrast, for some time points
over 90% of the short reads from Cheeses B and C map to the genomic catalog indicating that
the catalog provides a good cross-section of the bacterial communities at these time points.

The availability of species- and strain-resolved genomic catalogs next allowed us to
interrogate the successional dynamics of each cheese more deeply. For example, amplicon
and long read-based taxonomy suggested that there were relatively small changes in
community composition over time in Cheese A. However, short read mapping back to the
genomic catalog revealed species and strain-level temporal dynamics. Specifically,

Pseudoalteromonas nigrifaciens initially slightly dominates over Pseudoalteromonas
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prydzensis in Cheese A, while by the end of ripening in week 13 Pseudoalteromonas
prydzensis slightly dominates over Pseudoalteromonas nigrifaciens. Similarly, Vibrio casei
initially dominates over Vibrio litoralis in Cheese A, while already by week 3, Vibrio litoralis
starts to dominate over Vibrio casei. Very similar dynamics are also observed in cheese B for
Pseudoalteromonas and Vibrio intragenus temporal dynamics. Pseudoalteromonas
nigrifaciens initially dominates over Pseudoalteromonas prydzensis before finally being taken
over by the other. Similarly, Vibrio litoralis initially dominates over Vibrio casei before Vibrio
casei catches up in terms of relative abundance towards the end of ripening. For both cheeses
A and B, we saw little variation in abundances across the Psychrobacter MAGs (and isolate
genomes), potentially due to a high similarity between the MAGs (and isolate genomes) or to
stable coexistence of species/strains over time. For cheese C, the abundance of
Pseudoalteromonas MAGs decreases over time, however their relative abundance to each
other does not change significantly. For Psychrobacter, only one of the two representative
MAGs decreases in abundance over time, while the other shows a stable abundance based on

read mapping.
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Figure 3.2.3. A phyla-spanning bacterial genomic catalog of three washed-rind cheeses. (A)
Anvi’o plots show dereplicated high-quality metagenome-assembled genomes (MAGs) (and
isolate genomes in cheese B). MAGs were generated either by assembling HiFi-reads from
individual timepoints or by co-assembling reads from all timepoints of a cheese. For each
MAG, the number of contigs is indicated. The bin names contain the genomic catalog bin
number and the predicted taxonomy of the bin. To estimate relative abundances of MAGs
over time, the short-reads from weeks 2, 3, 4, 9 and 13 were mapped to the genomic catalog
for each cheese. Supplemental Table 3.2.7 shows all non-dereplicated bins. Genomes marked
with a * were included in in vitro community reconstruction. (B) Overlap of high-quality
MAGs (and isolate genomes) from cheeses A,B, and C, with MAGs having an ANI >99%
considered to be the same.
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Meta-HiC and long reads associate viruses and plasmids with their hosts. In addition to
generating a genomic catalog for each cheese, we were interested in leveraging the existing
long-read metagenomics data to characterize the diversity of plasmids and viruses within
these microbiomes. To help capture any short and/or low abundance mobile genetic elements
that might have been missed in the long-read assemblies, we first generated mega-assemblies
of each cheese combining both long-read and high-depth short-read datasets. In brief, the
short metagenomic shotgun reads were mapped to the co- and individual timepoint assemblies
and any reads that did not map were assembled. The resulting short read-based contigs were
combined with the de-replicated unbinned long read-based contigs and the contigs from the
de-replicated MAGs to yield mega-assemblies for each of the three cheeses. These mega-
assemblies were subjected to plasmid prediction and virus prediction (Supplemental Table
3.2.14, Supplemental Figure 3.2.8). We identified 419, 297 and 343 putative plasmid contigs
in Cheeses A, B and C, respectively. Additionally, we identified 109, 116 and 214 lysogenic
and 40, 32 and 67 lytic virus contigs for cheeses A, B and C, respectively. Of those, 4, 4 and 7
contigs were classified as complete, circular viruses, while 22, 32 and 57 contigs were
classified as high quality draft viruses for cheeses A, B and C, respectively. We last
considered the distributions of the predicted viruses (Supplemental Figure 3.2.9) and plasmids
(Supplemental Fig 3.2.10). In this regard, cheese C stands out for the presence of several
predicted viruses with sizes larger than 200,000 basepairs, which is a hallmark of
jumbophages(Yuan and Gao 2017).

We next used the Hi-C data generated for various timepoints to identify putative hosts

for the extrachromosomal MGEs (plasmids and lytic phages). MGE predictions were used as
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inputs for the viralAssociationPipeline(Derek M. Bickhart et al. 2019; D. M. Bickhart et al.
2021) program together with the total mega-assemblies, the metaHi-C reads and the long
reads (Figure 3.2.4, Supplemental Figure 3.2.11, Supplemental Table 3.2.15). Altogether, 70,
21 and 120 of the predicted extrachromosomal MGEs associate with MAGs, while an
additional 209, 105 and 89 extrachromosomal MGEs associate with non-MAG (unbinned)
contigs for cheeses A, B and C, respectively. 173, 199 and 195 of the extrachromosomal
contigs remain unassociated (Supplemental Figure 3.2.11). Of the extrachromosomal MGEs
associated with MAGs, we identify 40, 11 and 96 MGEs for Cheeses A, B and C,
respectively, that associate with a MAGs (or isolate genome) at one timepoint only. 31, 10 and
23 MGEs from Cheeses A, B and C, respectively, associate with the same MAG (or isolate
genome) at two timepoints and 1 MGE each for Cheese B and Cheese C associate with the
same MAG at three timepoints. The vast majority of these putative MGEs was not associated
with their putative hosts through the initial binning. For Cheeses A, B and C 7, 1, and 11
MGESs, respectively, associate with more than one MAG.d One MGE, a predicted plasmid
(s673.ctg0010081_6, indicated by an asterisk in Figure 3.2.4), associates with two different
MAGs at two different timepoints, indicating a putative HGT event. At Week 2 this MGE is
associated with a Psychrobacter sp. host and at week 13 this same MGE is associated with a
Pseudoalteromonas prydzensis host. Interestingly, this plasmid is predicted to encode genes
involved in iron uptake, which have previously been associated with horizontally-transferred
regions in cheese (Bonham, Wolfe, and Dutton 2017). The full results of the association
pipeline are found in Supplemental Table 3.2.15. We next looked at MGEs that changed their

genus association over time (Supplemental Table 3.2.16). Twelve, six, and three MGEs from
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Cheeses A, B and C, respectively, changed hosts over the course of sampling based on
taxonomic prediction of the host contig. We identified several predicted instances of
interkingdom host changes, especially in Cheese B between Geotrichum and proteobacterial
species. Again, we identified iron uptake genes associated with potentially transferred
elements. Some of these elements also contain genes related to phosphonate transport, which
has also previously been observed in association with horizontally-transferred iron uptake

regions in cheese(Bonham, Wolfe, and Dutton 2017).
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Figure 3.2.4. metaHi-C and long read-based evidence of MGE associations with hosts from
the washed-rind cheese genomic catalog in iTOL graphs. The branches of the trees represent
contigs and are colored by the contigs predicted taxa. Contigs that are classified as lytic
viruses and plasmids are indicated with colored dots (teal = virus, purple = plasmid). Bin
numbers for MAG host contigs are shown. Associations between MGEs and their hosts are
indicated by the lines. Dotted lines indicate metaHiC-based evidence for association, while
solid lines indicate long read-based evidence or both metaHiC and long read-based evidence.
The asterisk indicates contig s673.ctg0010081_6.
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Pangenome analysis of Psychrobacter and functional enrichment in cheese isolates. Our
genomic catalog revealed high sub-genus level diversity within the Psychrobacter genus. To
investigate conserved and unique gene sets across Psychrobacter species, we aimed to
analyze the Psychrobacter pangenome. We first determined the non-redundant Psychrobacter
isolate genomes and MAGs from the combined three-cheese dataset. This resulted in a total of
seven isolate genomes and two MAGs. An additional 97 publicly available Psychrobacter
genomes were combined with these nine genomes in a pangenomic analysis (Figure 3.2.5A,
Supplemental Table 3.2.17). The 97 publicly available genomes were sourced from marine,
soil, host-associated, cheese, other fermented food, and other miscellaneous environments .
We attempted to include at least one representative of every Psychrobacter species possessing
a publicly available genome. As expected, pangenomic analysis identified a core set of genes
common to Psychrobacter from diverse environments. This core gene set, defined as present
in 95% of genomes, consisted of 1045 genes and made up 9.4 percent of total gene clusters,
with the remaining 90.6 percent of gene clusters classified as accessory by panX (Figure
3.2.5A). A core-genome SNP tree constructed from all variable positions of all single copy
core genes showed some evidence of clustering of genomes by environment and, with the
exception of Psychrobacter immobilis, by species (Figure 3.2.5B). These data suggest that
Psychrobacter species may have environment-specific gene sets. Functional enrichment
analysis of gene clusters was used to find functions (clusters of orthologous groups (COGs))
that were enriched in genomes of cheese isolates compared to genomes from other
environments. Specifically, a group of genes related to iron access, particularly through the

use of iron-chelating siderophores, was enriched in Psychrobacter genomes from cheese (adj.
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g-value < 0.1, Figure 3.2.5C, Supplemental Table 3.2.18). In addition, genes related to type VI
secretion systems, contractile defense systems that bacteria can use to transport effector
proteins into target cells, were also enriched in cheese Psychrobacter genomes relative to
other environments (adj. g-value < 0.1, Figure 3.2.5C). An alignment of type VI secretion
gene regions identified in the cheese genomes revealed a consistent organization in genomes
from cheeses made in geographically separated origins. Eleven of the 13 cheese genomes
contained two distinct type VI clusters in separate genomic regions, one larger cluster (often
with impA to impH) and one smaller cluster (often with impl to impM) (Figure 3.2.5D). The
larger region was not identified in Psychrobacter sp. str. FMEG6. In Psychrobacter sp. str.
CCS181, these two regions are adjacent to each other in the genome. These type VI clusters
were often bounded by tRNA/tmRNA regions. In two strains, CCS179 and JB193, these
clusters also contain phage-related gene sets within the tRNA/tmRNA boundary points in
addition to the type VI genes. Both of these clusters were predicted by PHASTER to contain

intact prophage(Zhou et al. 2011; Arndt et al. 2016).
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Figure 3.2.5. Pangenomic analysis of Psychrobacter genomes from diverse environments. (A)
Pangenomic analysis was performed on 106 genomes from marine, soil, cheese, other
fermented food, and miscellaneous other environments. (B) Phylogenetic tree of
Psychrobacter genomes based on alignment of single copy core genes. (C) Functional
enrichment of COG categories in Psychrobacter genomes from cheese relative to other
environments. (D) Alignment of the two type VI secretion gene clusters from Psychrobacter
genomes from various cheeses.

141



142

3 3
Py 3 k- s
Y 4 $3% % 3
AR 323818 s *
Y % 3 3 %"é-%a%‘-‘"s" o >
»0%6%\»4—5‘;% «:gu&‘ N o
aag%,‘ogc »‘u—%ﬁoﬂr”“‘ N B
%%ggzg%%%m%dgfﬂ%whw &
%‘,@aa?{,‘aﬁwégﬁaws§;°"‘v’°& &
» Aggg)%,g%gag ,a;:&g“ﬁg &
3, Y, o %, w&tz.»;g%g;'ﬂﬁuﬁa\,}.(? &
o A%%‘e%&q}*“%wlﬁﬁgggg“”ﬁg’b>4>Vé’
%, %%‘,%o‘,w,%m\uzzgggsséh?g@é‘q-ﬁ%e?’ 40
oy 2y, %, % 0, m'a“"é‘»fﬁ”z;"ﬁﬁs‘ §55868 £
ey i, %0 % ‘%%«\%wams.ﬁ%agﬁe §888s S
o, %,,%ﬂowo%(,«zwmw“ ““m;;‘é’ﬁfﬁf &£
i, g o % %8 EeEEE 0 & s <
%"%%%'&»w SIS LS & o5 5
rogt2q P ELSES PR 8 30
2 & 'y R
e, 0y s o q‘»:; ‘5\\‘?0“”&@»& 0°h’b o @
pba%, % q6; "“&v\@c "o @& < € ®
Pssyc"’oba il Q“‘\;& ao:’&\ < -"‘V{\X\ o 2
. Yohrop, Spv1745 ?? q@@ﬁ R jot £ 20
P yehr sp 250 O e ve? S
srchropacn R P, 40 2 RN Qo
eter nivimarig Sp. 81739 o' c\\xo\’a“‘e‘ s\s\’“‘/", 2y = .
Psychmbacm’;’:r:sag ?:;a\“ovac\ﬂ": (GRS LE © oS \
Psychrobacter sp. P'i:sg osye™ a::;(p\.\\ﬂ\ﬂ“.‘ss'sm 10 o ® )
Psychrobacter sp- P11G3 e w868 @ h
. 3oM18900 r &
Psy:h':::::; a3 :g?r‘.mme'm“m"‘”s""'zs 0
5 rob:
” 8 2 acter sp. CM
e 0 '“ms‘i;ammﬂ Fenenatacia i o 0
on e s Povetrobag obilis NC10
02 200 o ohror ! Okh 25
g PRt :%h:ba”"’sp skensis 75, =0
s ‘»c\\“ e S . Yehrg 'e's,,v C 211 A % 75 10
NECRo W 4 LSyt sy b of Ch 0
dcx\(u & (R U’y Ve "0ba, T Glag K43, eese P
@ oo ® St et b i ke 2 'sychroba
o w&,\a 6 By %%:f%ac%’m?u""aq TC 42284 Containin cter Genomes
@&‘&L@w‘lk fgcé’&éiﬁ’&'” Aﬁ;?’%%%%" g, e g Function
& F &R & & o, iy, O 29
o T Rk $580 . RO oy, o oo @)
Al T NS o0, @ Amino acid t
SELLFE sid5588813% 3 TELLRLN AN o gel Walmembranel and metab
$ Qs 8a s2q 32%9% % IOWE G e ran oli
@Qfgg‘“swﬁvgﬁgéwzo%% 0,5, T, Xy, O Bofense m e/envelope biogent
§s§swz sogaav%%%%&wﬂ % S, 0 Functi echanism ope bio .
egq°a§;<m “%%g?}g’g*%-‘\o’v(% @ on Unki S genesis
Envi Qa,,a\sé"aE'-“_Eg;gQ»%e‘lm‘/’@@? s Inor n Unknown
ironme cd’ﬁ°§o%nnaﬁme~‘g@§rg«fo ganic
nt $ sf58575¢% =Muwaooo I ion tral
B Mari “gsﬁ*%” ¢ O on Access nsport and metaboli
arine QG{' &3 IR 52888 % k3 % o, % plication abolism
= Soil SRR RAA AR 8 Seconda , recombinatio
L s £ R e % - OSIgna| trarx metabolites n and repair
™ Cheese [ 2% ?a"scriptiosr‘f““““ mechanis
g rans| ms
Othe! 5 8 O ation, ri
rf T , ribos
- ermented fo * * ype VI Secreti omal struct N
Host- od ion ure/bio .
a Mi associated D genesis
iscellan
eou
s 200
Cl
W Joost > 150 ° S'°ud Q)
| Choose B MAQ 21 & ° Che" (@-7)
0 Q (o]
£ re (8)
o
=
»
—
% 100
=2
o
o
c
Q
O
©
g
Qo
£
S
4
0
S e & |
N
o'\\@@t, <\'\<\<§;@Q°'$&Qo<:& Q"{\é\‘v& A\@(«\ & o
< R &
° ) ’é\b\ > S & P & & ISR N
RO ORI @ I S E S N
RO & TOee” I S
@\db\&%\‘y Q}é@ \,§° db& v \0';" q,\°db Q}O& < (g;ﬁ* \\’é\i\b\?’z g)&‘ s é\rﬁ@‘\'&&
@_\b@eo K oS (,Q'bofz}’b«-é\‘oc‘
O 0 @ Q7 e® §$0°'§'¢%Q<§\<‘\
& & k S P o
O @\é@ ‘0&& & ({é\é? TS & < ‘«\"’& \0&0)
&F © & & & s K 7
& S SIS KK 9
o & ¢ R .3
{xﬁ RS @ & @’
N ¥ S & o
K L & S
.O(“ N\ @0
'
& c
& 0G C
> at
.\\0@ egory
é}f,,
@
06\;\S
N4



In vitro community reconstruction. Given the utility of previous model systems based on
cheese rind microbiomes, we next aimed to establish whether the washed-rind cheese
communities lend themselves to in vitro experimentation. To this end we selected 16
microbial species (13 isolates from Cheese B, 3 from previous isolation efforts), that would
represent both the breadth and depth of diversity found in a typical washed-rind cheese
microbiome. Given that the metagenomic analysis presented here revealed that multiple
species and strains of the genus Psychrobacter can co-occur we chose to include 4
Psychrobacter isolates from Cheese B (Psychrobacter alimentarius CCS164, Psychrobacter
sp. CCS169, Psychrobacter sp900163785 CCS175 and Psychrobacter immobilis CCS179).
These isolates represent two different groups of Psychrobacter (Figure 3.2.5B). In addition to
the Psychrobacter isolates, the community also contains four other Proteobacteria:
Pseudoalteromonas nigrifaciens CCS176, Halomonas sp900163645 CCS158, Vibrio casei
IB196, and Hafnia alvei JB232; two Firmicutes: Staphylococcus xylosus CCS177 and S.
carnosus CCS178; four Actinobacteria: Brevibacterium linens JBS, Brachybacterium ssp.
CCS183, Glutamicibacter arilaitensis CCS165, and Microbacterium gubbeenense CCS160;
and two fungi: Debaryomyces hansenii CCS145 and Galactomyces geotrichum CCS187. The
selected cheese rind isolates were then combined into in vitro communities following
established protocols. In brief, a total of 100,000 CFUs per community member were
inoculated on the surface of a 10% Cheese Curd Agar petri dish (Cosetta and Wolfe 2020). To
mimic the production process for washed-rind cheeses, the surfaces of the plates were washed
with 20% NaCl using a sterile swab every 24 hours in the first 96 hours for a total of four

washes. Communities were incubated in the dark at 15°C in a humidified environment
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(Supplemental Figure 3.2.12). To assess the reproducibility of the in vitro washed cheese rind
model, CFU counts of each sampling day (days 3, 5, 7, 21) were done for both the bacterial
and fungal members (Supplemental Figure 3.2.13, Supplemental Table 3.2.19). In addition, a
portion of each sample from sampling days 7 and 21 was used for DNA extraction and short-
read metagenomic sequencing. Sequencing reads were then mapped back to reference
genomes of the bacterial community members to track their relative abundance (Figure

3.2.6A, Supplemental Figure 3.2.15, Supplemental Table 3.2.20).
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Figure 3.2.6. A 16-member in vitro model system based on the washed-rind cheese
microbiome. (A) Relative abundance plots of the in vitro community after seven and 21 days
of growth based on short read mapping to reference genomes. (B) Pangenomic analysis of
eight Psychrobacter genomes from Cheese B. (C) Functional categories of core (present in all
eight genomes), shell (in two-seven genomes), and cloud (unique to one genome) gene
clusters from eight Psychrobacter genomes from Cheese B.

The additional sequencing and mapping allowed for analysis of Psychrobacter at the
species level, finding that all four species persist within the full community. However, the
relative proportion of each species varied over time, with Psychrobacter CCS169 most

abundant at day 7, and the other three strains, especially Psychrobacter alimentarius CCS164,

increasing in relative abundance at day 21 (Figure 3.2.6A).
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Previous studies revealed a positive correlation between G. geotrichum and gamma-
proteobacterial species, and a negative correlation between G. candidum and actinobacterial
species based on co-occurance patterns in a sequencing based survey of cheese rind
microbiomes(Wolfe et al. 2014). In addition, pairwise experimental data showed stimulatory
effects of G. geotrichum on gamma-proteobacterial growth, and inhibitory effects on
actinobacterial growth(Wolfe et al. 2014). We took advantage of the fact that this model
contains all three of these members (G. geotrichum, Proteobacteria, and Actinobacteria) to
examine whether these patterns hold in a community context. To do this, we reconstructed a
community lacking G. geotrichum and evaluated whether this resulted in any differences in
the resulting community composition. The removal of G. geotrichum favored the relative
growth of the Actinobacteria over the Proteobacteria, even though overall bacterial absolute
abundance was very similar between these two samples (Figure 3.2.5a). Absolute abundance
based on read counts reveals that the decrease in gamma-proteobacterial abundance is largely
due to the poor growth of Pseudoalteromonas (Supplemental Table 3.2.19). In contrast, almost
all of the actinobacterial species reach higher absolute abundances compared to the full
community. Overall, these results are consistent with G. geotrichum inhibiting Actinobacteria
and stimulating Proteobacteria.

We next tested the effect of removing all actinobacterial members from the
community. Similar to the other conditions, Psychrobacter species dominate the
communities, but increase to 93-95% in the community without Actinobacteria. These
communities cluster separately from the full community and community without G.

geotrichum in principal component analysis (Supplemental Figure 3.2.14). In contrast to the

146


https://paperpile.com/c/smT3Ov/BDBTR
https://paperpile.com/c/smT3Ov/BDBTR

other communities, Pyschrobacter alimentarius CCS164 does not increase in relative
abundance, remaining below 5% of Psychrobacter in all replicates. Instead Psychrobacter
CCS169 competes with Psychrobacter CCS175 for the most abundant Psychrobacter.

To investigate the genetic basis of the coexistence of multiple Psychrobacter species
within a single cheese, which was supported by our sequencing and in vitro growth data, we
did an additional pangenomic analysis focused specifically on the eight Psychrobacter
genomes from cheese B (MAG and isolate genomes) (Figure 3.2.6B). This analysis identified
a set of ‘cloud’ gene clusters unique to each genome, ‘shell’ gene clusters found in at least 2
genomes but not all genomes, and ‘core’ gene clusters found in all eight genomes. As
accessory gene sets may provide clues to the coexistence of multiple closely-related species or
strains, we looked at the COG functional categories associated with the core, shell, and cloud
gene sets. While central metabolic processes like amino acid metabolism and translation were
most prevalent in the core set, the cloud set was enriched in defense mechanisms and the
mobilome (phages and transposons)(Figure 3.2.6C, Supplemental Table 3.2.21). As these gene
categories may be involved in interspecies interactions, this may be an interesting starting
point for future experiments to investigate the mechanisms underlying species and/or strain

Co-occurrence.

Discussion
Washed rind cheeses harbor unique, moderate complexity microbiomes that may
provide useful systems for the study of microbial succession, interactions, strain-level

dynamics and horizontal gene transfer. This work represents a comprehensive, in-depth
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analysis of a set of washed rind cheese microbiomes combining culture-independent and
culture-dependent approaches. Using amplicon and metagenomic sequencing we showed that
the three washed-rind cheeses that were the subject of this study show reproducible
succession patterns. Both amplicon sequencing and long-read taxonomic classification show
that the mature communities of the investigated cheeses are dominated by bacteria, in
particular Proteobacteria. Overall, we detect very similar bacterial and fungal genera as
previous studies investigating the composition of washed-rind cheeses(Delcenserie et al.
2014; Kothe et al. 2021; Irlinger and Monnet 2021; Quijada et al. 2020, 2018; Schmitz-Esser
et al. 2018; Bokulich and Mills 2013; Wolfe et al. 2014; Bertuzzi et al. 2018; Quigley et al.
2012; Schornsteiner et al. 2014), but provide new insights into species and strain-level
diversity and dynamics.

We also provide a catalog of high-quality MAGs (and isolate genomes) that spans the
bacterial phyla Firmicutes, Bacteroidetes, Actinobacteria and Proteobacteria. In fact, two of
the three cheeses yielded representative genomes from all four of those phyla despite low
proportional abundance. It is likely that the long read sequencing helped not only recover
those low abundance genomes, but also helped in the resolution of species and/or strain-level
MAGs. For example, we were able to resolve several Psychrobacter genomes in the three
cheeses which may have been difficult to resolve using short read sequencing alone.

We utilized the bacterial genomic catalog generated as part of this study to further
investigate the biology within these microbiomes. First, we leveraged the long reads together
with metaHi-C reads to associate putative mobile genetic elements with their hosts. Many of

these mobile genetic elements were not binned with their putative hosts during the initial
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binning and only became associated in this additional analysis. We were able to assign 15, six,
and 29% of extrachromosomal MGEs to MAG hosts and 46, 32, and 22% of
extrachromosomal MGEs to non-MAG contigs for Cheeses A, B, and C, respectively. Using
this method we also detected several putative HGT events, including mobile genetic elements
predicted to encode iron-uptake pathways. Previous examination of cheese bacterial genomes
revealed a strong enrichment of iron-uptake pathways on horizontally-transferred regions. The
changes in host association as suggested by metaHi-C in this study require further in vitro
confirmation and follow-up to fully understand their exact nature and impact within the
cheese microbiome.

Next, we investigated the striking diversity of Psychrobacter within the communities
and investigated functional enrichment within cheese-associated Psychrobacter MAGs and
isolate genomes as compared to Psychrobacter genomes associated with other environments.
We identify an enrichment of iron acquisition genes as well as type VI secretion genes in
cheese-associated Psychrobacters. Both of these functional enrichments are reasonable given
what is known about the cheese rind environment. First, the cheese microbiome has evolved
to thrive in iron-limiting conditions(Ellison 1994; Monnet et al. 2015; Kastman et al. 2016).
Second, the dense microbial communities that make up cheese rind microbiomes may lead to
contact-dependent microbial interactions. Type VI secretion systems enable the delivery of
cargo proteins that modulate bacterial-bacterial and bacterial-eukaryotic interactions
(reviewed in (Russell, Peterson, and Mougous 2014)). As such, contact-dependent interaction
machinery enriched in cheese-associated Psychrobacter may play a role in species

interactions in the densely populated cheese microbiome, as opposed to free-living, marine
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Psychrobacter, for example. Future in vitro studies could aim to understand how type VI
secretion-mediated dynamics contribute to community composition and function.

The comprehensive, longitudinal nature of this dataset makes it a potentially valuable
resource for future investigations into the biology of cheese microbiomes or the study of
microbiome dynamics in general. For example, the approaches applied here could be used to
interrogate other types of MGEs, such as integrative and conjugative elements and
prophages. Of particular interest in this dataset would be the >300,000 bp prophage predicted
in cheese C, which might be a putative jumbophage. Additionally, one aspect of the long read
data, which we did not explore in this paper, is the fact that it can detect methylation patterns
on DNA, which can help associate extrachromosomal elements with their hosts and could
theoretically be used to identify HGT events (Saak, Dinh, and Dutton 2020). Indeed, a recent
study used this approach to recover MAGs from a marine microbial consortium and identify
HGT events, phage infection and strain-level structural variation(Wilbanks et al. 2022).

Finally, we showed that, similar to previous work on cheese microbiomes(Wolfe et al.
2014; Morin, Pierce, and Dutton 2018), washed rind communities are amenable to in vitro
reconstruction. The in vitro system established here represents a higher level of diversity than
previous models, and includes species and strain-level diversity. The pairing of an
experimental microbiome system with a corresponding in-depth metagenomic dataset should
provide ample future opportunities for generating and testing hypotheses related to the many

facets of biology present within these microbiomes.
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Materials and Methods
Cheese rind sample collection and DNA extraction. Three production batches of three
different washed-rind cheeses were sampled over the course of ripening starting from fresh
cheese wheels. At weeks 1, 2, 3, 4, 8 and 12 of ripening the cheesemakers overnight shipped
two wheels of each sampled batch. The cheeses were stored at 4 °C for up to 48 h prior to
harvest. During the harvest, rind was scraped off each wheel using fresh razor blades as
in(Wolfe et al. 2014). The rind samples were homogenized by gentle stirring with sterile
pipette tips. A rice grain-sized portion of these samples was frozen in cryotubes at -80 °C in
phosphate-buffered saline + 40% glycerol. Where applicable, 10 mg of each wheel were
collected in sterile 2-ml tubes for cross-linking as part of the ProxiMeta Hi-C library
preparation (see below). Finally, 500 mg of each sample were set aside in sterile 1.5-ml tubes
at 4 °C for DNA extraction. DNA was extracted within 72h using a phenol-chloroform
extraction protocol. If DNA was extracted at a later time, the rind samples were stored at -80
°C.

For the DNA extraction, the rind samples were ground into powder in liquid nitrogen

(https://lab.loman.net/2018/05/25/dna-extraction-book-chapter/

# RefHeading  Toc505877552). The rind powder was incubated for 1 hour at 37 °C in 7

ml modified Tris-lysis buffer (10 mM Tris-Cl (pH 8), 100 mM EDTA (pH 8), 1% SDS, 20 pg/
ml RNAse A, 20 mg/ml lysozyme). 87.5 ul of Proteinase K (800 units/ml) (New England
Biolabs, Ipswich, MA, USA) were added, the samples were mixed by inversion and incubated
at 50 °C for 1 hour. The samples were then subjected to two rounds of DNA extraction using

equal volumes of phenol-chloroform isoamyl. The final aqueous phase was mixed with equal
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volumes of ice cold isopropyl and 0.1 volume of 3M sodium acetate. The precipitated DNA
was pelleted in 5 ml centrifuge tubes at 17,000 g for 3 minutes. When the volume of the final
aqueous phase was larger than 5 ml, the supernatant was removed and the remaining sample
was added to the same centrifuge tubes to repeat the pelleting step. The final pellets were
washed in 1 ml ice cold 70% ethanol and air-dried for about 15 min. Last, the DNA was
resuspended in 500 pl UltraPure™ DNase/RNase-Free Distilled Water (ThermoFisher
Scientific, Waltham, MA, USA) and kept at room temperature overnight to allow the DNA to

dissolve. DNA was then stored at -20 °C until further processing.

16S and ITS amplicon sequencing and analysis. For the 16S and ITS sequencing of the
community DNA samples, we followed the [llumina-supplied “16S Metagenomic sequencing
Library Preparation” protocol (Part # 15044223 Rev. B) and “Fungal Metagenomic
Sequencing Demonstrated Protocol” (Document # 1000000064940 vO01), respectively. The
16S-specific primers (16S forward: 5°-
TCGTCGGCAGCGTCAGATGTGTATAAGAGACAG-CCTACGGGNGGCWGCAG-3’,
16S reverse: 5’-GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAG-
GACTACHVGGGTATCTAATCC-3’) targeted the 16S V3 and V4 regions. The ITS-specific
primers (ITS forward: 5’-TCGTCGGCAGCGTCAGATGTGTATAAGAGACAG-
CTTGGTCATTTAGAGGAAGTAA-3’,

ITS reverse: 5’-GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAG-
GCTGCGTTCTTCATCGATGC-3’) were the same as the ITS fwd 1 and ITS rev 1 primers

listed in the “Fungal Metagenomic Sequencing Demonstrated Protocol”. For each of the two
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amplicon PCRs, 1.25 ul DNA (5 ng/ul) from the duplicate wheels for each sample were
mixed and the resulting 2.5 ul were amplified either with the 16S- or the ITS-specific primers
and Q5® Hot Start High-Fidelity DNA Polymerase (New England Biolabs, Ipswich, MA,
USA). The PCR settings used were as follows: initial denaturation at 98 °C for 3 minutes, 25
rounds of: 98 °C - 10 seconds, 55 °C - 30 seconds, 72 °C - 15 seconds, final extension at 72
°C for 2 minutes. Amplicon PCRs were purified using AMPure XP beads (Beckman Coulter,
Indianapolis, Indiana, USA) and eluted with UltraPure™ DNase/RNase-Free Distilled Water
(ThermoFisher Scientific, Waltham, MA, USA). For the index PCR, the 16S and ITS
amplicon PCRs were subjected to amplification with IDT for [llumina Nextera DNA Unique
Dual Indexes (Set A, now called IDT for Illumina DNA/RNA UD Indexes) (produced by:
Integrated DNA Technologies, Coralville, lowa, USA, sold by: Illumina, Inc., San Diego,
California, USA) and Q5® Hot Start High-Fidelity DNA Polymerase (New England Biolabs,
Ipswich, MA, USA). Index PCRs were again purified using AMPure XP beads (Beckman
Coulter, Indianapolis, Indiana, USA) and eluted with UltraPure™ DNase/RNase-Free
Distilled Water (ThermoFisher Scientific, Waltham, MA, USA). The final Index PCRs were
quantified using the Qubit dsDNA HS kit (ThermoFisher Scientific, Waltham, MA, USA)
with the Qubit 2.0 fluorometer (ThermoFisher Scientific, Waltham, MA, USA), diluted to 2
nM and pooled at equimolar ratios. The pools were diluted to the final loading concentration
of 50 pM and spiked with 50 pM PhiX control v3 (Illumina, Inc., San Diego, California,
USA) to a final concentration of 10% PhiX. 20 ul of the 16S(+PhiX) and of the ITS(+PhiX)
pools were sequenced individually in-house on an iSeq 100 (paired-end, 150 bp) (Illumina,

Inc., San Diego, California, USA).
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The fastq files of the forward reads of the respective sequencing runs were imported
into Qiime2 (version 2020.11.1) (Bolyen et al. 2019) and denoised with Dada2 (Bolyen et al.
2019; Callahan et al. 2016; McDonald, Clemente, et al. 2012) (qiime dada2 denoise-single --i-
demultiplexed-seqs with flags --p-trim-left 0 --p-trunc-len 0 --p-n-threads 16). The denoised
forward ITS reads were classified using classify-sklearn with a Naive Bayes classifier (qiime
feature-classifier fit-classifier-naive-bayes) trained on a custom ITS database(Wolfe et al.
2014; Bolyen et al. 2019; Callahan et al. 2016; Bokulich et al. 2018; McKinney 2010;
Pedregosa 2011). The denoised forward 16S reads were classified in the same way using a
pre-trained Greengenes database (Greengenes 13 8 99% OTUs full-length sequences (MDS5:
03078d15b265f3d2d73ce97661e370b1))(Bolyen et al. 2019; Callahan et al. 2016; Bokulich et
al. 2018; McKinney 2010; Pedregosa 2011; Robeson et al. 2020; McDonald, Price, et al.
2012). Detailed read statistics can be found in Supplemental Tables 3.2.1 and 3.2.2.
Ordination plots (method:PCoA ,distance: Bray-Curtis) were generated using R (version 4.0.2)

(https://www.r-project.org/) together with the qiime2R (version 0.99.4), tidyverse (version

1.3.1) and phyloseq (version 1.34.0) packages(Bisanz n.d.; Wickham et al. 2019; McMurdie
and Holmes 2013) . The stacked bar plots were also created with R using the qiime2R,
tidyverse and phyloseq packages. Taxonomies were collapsed at Genus level for both the ITS
and the 16S data. For the stacked bar plots showing a higher taxonomic level, taxonomies
were collapsed at phylum (16S) or order (ITS) level. In all cases, taxonomies with less than

1% abundance were aggregated under the category “Rest”.
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metaHi-C. 10-15 mg of rind from duplicate wheels for each sample were fixed separately and
then combined for further processing according to the ProxiMeta kit methodology from Phase
Genomics (Seattle, WA). The multiplexed libraries were sequenced by Novogene

(Sacramento, CA, USA) on a HiSeq 4000 with a run configuration of 2 x 150 bp.

Metagenomic shotgun sequencing. For the SMRT sequencing, DNA from duplicate cheese
wheels of each sample was combined in equal ratios. 5 ng DNA of each sample were used as
input for the library preparation, which was carried out by SNPSaurus (Eugene, Oregon,
USA). The DNA was sheared to a modal size of 10 kb using a Megaruptor 2 (Diagenode
Diagnostics, Seraing (Ougrée), Belgium). Libraries were prepared using Pacific Bioscience’s
Express Template Prep kit version 2.0 according to the manufacturer’s protocol ( https://
www.pacb.com/wp-content/uploads/Procedure-Checklist-Preparing-Multiplexed-Microbial-
Libraries-Using-SMRTbell-Express-Template-Prep-Kit-2.0.pdf, Menlo Park, CA, USA).
Samples were pooled two at a time and size selected using a BluePippin (Sage Sciences,
Beverly, MA, USA) with the 0.75% Agarose Dye-free 10-18kb cassette, Ul marker and a
10kb+ cutoff. The final libraries were sequenced by the Genomics & Cell Characterization
Core Facility (University of Oregon, Eugene, Oregon, USA) on a Sequel II according to the
SMRT Link Set Up (SMRT cell type = 8M, Sequencing kit = v2.0, Sequencing primer = v2,
Binding kit = v2.0, Sequencing control = v1, Polymerase binding time = 4 hr, Movie time =
30 hr, Pre-extension time = 2 hr, Loading concentration = 100, 133, 150, or 200 pM (varied
by cell), Loading method = Diffusion). HiFi reads were generated using the CCS tool (https://

ccs.how/) version 6.2.0 with default settings (ccs in.subreads.bam out.subreads.bam \ --min-
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passes 3 \ --min-snr 2.5 \ --min-length 10 \ --max-length 50000 \ --min-rq SMIN_RQ,
$MIN_RQ is set accordingly: ccs.Q20 - SMIN RQ =0.99, ccs.Q30 - SMIN_RQ = 0.999,
ccs.Q40 - SMIN_RQ = 0.9999).

Short-read sequencing libraries were prepared using the Nextera DNA Flex Library
Prep workflow (Illumina, Inc., San Diego, California, USA). For each sample, input DNA
consisted of DNA from two duplicate cheese wheels from the same sample that was mixed in
equal proportions (ng). For multiplexing, IDT for [llumina Nextera DNA Unique Dual
Indexes (Set A, now called IDT for Illumina DNA/RNA UD Indexes) (produced by:
Integrated DNA Technologies, Coralville, lowa, USA, sold by: Illumina, Inc., San Diego,
California, USA) were used. Pooled libraries were sequenced by the IGM Genomics Center at
the University of California San Diego (San Diego, CA, USA) on the NovaSeq 6000 System

using both lanes of a NovaSeq SP flow cell and a run configuration of 2 x 250 bp.

Long-read based relative abundance estimations of washed-rind cheese communities. To
investigate successional dynamics of the cheese communities based on HiFi reads we utilized

the Pacific Biosciences supplied toolkit “PB-metagenomics-tools” (https://github.com/

PacificBiosciences/pb-metagenomics-tools). First, HiFi reads were taxonomically classified

with the “Taxonomic-Profiling-Nucleotide” pipeline, which uses minimap2(Li 2018) to align
sequences to the NCBI nt database and MEGAN-LR(Huson et al. 2018) to interpret
alignments and assign reads to taxa. The read counts by taxonomy were generated using the
“MEGAN-RMA summary”. Outputs from the “MEGAN-RMA summary” were further

processed in R (version 4.0.2) (https://www.r-project.org/) together with the janitor (version
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2.1.0), tidyverse (version 1.3.1) and cowplot (version 1.1.1) packages to generate the stacked
bar plot in Figure 3.2.2. Additionally, the outputs from the “MEGAN-RMA summary" were
used as inputs for the “compare-kreport-taxonomic-profiles” script available in the PB-

metagenomics-tools suite to generate Supplemental Figures 3.2.4-6.

Generation of metagenome-assembled genomes.

Metagenomic assemblies were performed with hifiasm-meta (v. 0.2-r053)(Feng et al. 2021)
using the default settings. For the individual timepoint assemblies, reads were input separately
by time point and cheese. For the co-assemblies, reads from all timepoints were combined by
cheese. To evaluate the assemblies and identify high-quality MAGs, the PacBio HiFi-MAG-

Pipeline was used (https://github.com/PacificBiosciences/pb-metagenomics-tools, part of the

“PB-metagenomics-tools” suite). This pipeline uses minimap2(Li 2018) to align HiFi reads to
the contigs to obtain coverage estimates, which are used with MetaBat2(Kang et al. 2019) to
perform binning using all contigs. A separate bin set is also constructed from all circular
contigs (e.g., one bin per circular contig), and the two binning strategies are compared and
merged using DAS Tool(Sieber et al. 2018). The dereplicated bins are evaluated using
CheckM(Parks et al. 2015), and quality thresholds are applied to retain high-quality MAGs
(defaults of >70% completeness, <10% contamination, <20 contigs). The high-quality MAGs
are then analyzed using the Genome Taxonomy Database Toolkit (GTDB-Tk)(Chaumeil et al.
2019), which attempts to identify the closest reference genome and assign taxonomy for each

MAG.

157


https://paperpile.com/c/smT3Ov/yY137
https://github.com/PacificBiosciences/pb-metagenomics-tools
https://paperpile.com/c/smT3Ov/duY7p
https://paperpile.com/c/smT3Ov/tdlzp
https://paperpile.com/c/smT3Ov/YXjQV
https://paperpile.com/c/smT3Ov/enPhA
https://paperpile.com/c/smT3Ov/ftkFU
https://paperpile.com/c/smT3Ov/ftkFU

Isolation of bacterial community members. The glycerol stocks of one wheel of Cheese B
at weeks 2 and 13 were thawed on ice, homogenized by vortexing and pipetting and aliquoted
into smaller working stocks, which were frozen at -80 °C for at least 24 h before further
processing. A dilution series of one working stock each of weeks 2 and 13 was plated on plate
count agar supplemented with milk and salt (PCAMS, 5 g/L tryptone, 2.5 g/L yeast extract,
1g/L dextrose, 1 g/ whole milk powder, 10 g/L sodium chloride and 15 g/L agar) containing
100 pg/ml cycloheximide to select against the fungal community members. The plates were
kept in a 15 °C incubator for 4 days and then in the light at room temperature for an additional
3 days to allow for pigment formation. Colonies with as many distinct colony morphologies
as could be distinguished by eye were then purified by restreaking three times on plain
PCAMS, each time with an incubation at 15 °C for 4 days and an additional 3-day incubation
in the light at room temperature. Colonies from the final re-streak were patched onto plain
PCAMS and incubated at 15 °C for 4 days. 2 ml overnight cultures (LB Miller broth) were
inoculated from the patches and grown shaking at 240 rpm at 22 °C. After 24h, glycerol
stocks were prepared using PBS + 20% glycerol and flash-frozen and stored at -80 °C. The
only exception to this was CCS196, which was grown on PCAMS agar at 22 °C for 24 h,

harvested in PBS+20% glycerol, flash-frozen and stored at -80 °C.

Short-read, whole genome sequencing of Cheese B isolates. Isolates (CCS156, 158, 160,
164, 165, 166, 169, 174, 175, 176, 177, 178, 179, 180, 181, 182, 183, 184, 196) were grown
from glycerol stocks on plain PCAMS for 2 days at 15 °C and an additional 3 (all except

CCS183) or 5 days (only CCS183) at room temperature on the benchtop. DNA was extracted
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following the NexteraTM DNA Flex Microbial Colony Extraction protocol (Document
#1000000035294v01) with the following modifications: AMPure XP beads (Beckman
Coulter, Indianapolis, Indiana, USA) were used instead of SPB beads and 2 ml cryotubes
filled with approx. 250 pul acid-washed beads (1:1 ratio of 425-600 pm and 150-212 pm
beads) were used instead of PowerBead Tubes. In addition, cells were collected from the
primary streak using a sterile pipette tip. The extracted DNA was quantified using the Qubit
dsDNA HS kit (ThermoFisher Scientific, Waltham, MA, USA) with the Qubit 2.0 fluorometer
(ThermoFisher Scientific, Waltham, MA, USA) and stored at -20 °C. Steps 25 - 27 were
skipped. Due to low amounts of cellular input, steps 7 and 8 were skipped for CCS183 and
instead 50 pl were mixed with 20 ul AMPure beads. For the library preparation a maximum
of 500 ng of DNA was mixed with UltraPure™ DNase/RNase-Free Distilled Water
(ThermoFisher Scientific, Waltham, MA, USA) for a total volume of 30 ul. The libraries were
prepared using the [1lumina DNA Prep protocol (Document # 1000000025416 v09) and the
IDT for Illumina DNA/RNA UD Indexes (Set A, produced by: Integrated DNA Technologies,
Coralville, Iowa, USA, sold by: Illumina, Inc., San Diego, California, USA). Tagmented DNA
was amplified for 5 cycles, except CCS191, which was amplified for 8 cycles due to low
input amounts. Libraries were diluted to 30 nM using buffer RSB from the Illumina DNA
Prep protocol, pooled at equimolar ratios and sequenced by Novogene (Sacramento, CA,

USA) on a HiSeq 4000 with a run configuration of 2 x 150 bp.

Long-read whole genome sequencing of Cheese B isolates. A subset of isolates (CCS156,

158,160, 164, 165, 166, 169, 174, 176, 179, 180, 181, 182, 183, 184 and 196) was
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additionally sequenced using Nanopore technology (Oxford Nanopore Technologies, Oxford,
United Kingdom) to improve isolate assemblies. Isolates were either grown shaking at room
temperature in 2 ml LB Miller broth for at least 24 hours and until culture appeared cloudy
(CC156, 158, 160, 164, 165, 166, 169, 174, 176, 179, 180, 182, 183, 184) or they were grown
on PCAMS agar plates at room temperature for ~48 h (CCS181 and CCS196). Cells from
liquid cultures were harvested by centrifugation at 10,000 rpm for 5 min, removal of
supernatant by pipetting and freezing at -80 °C. Cells from the agar plates were recovered by
adding 2.5 ml PBS onto the plate and dislodging cells with sterile cell scrapers. 1 ml of
recovered cell suspension was centrifuged at 10,000 rpm for 5 min and frozen at -80 °C after
supernatant removal. Cell pellets were thawed and DNA was extracted using the phenol-
chloroform protocol detailed above without the liquid nitrogen grinding step (CCS156,
CCS165, CCS166 and CCS176) or using the Qiagen Genomic-tip 20/g kit (Qiagen, Venlo,
Netherlands) according to manufacturer instruction. DNA of CCS156, CCS165, CCS166 and
CCS184 was extracted from the pellet resulting from the full 2 ml culture, while DNA from
the rest of the isolates was extracted from pellets resulting from 1 ml of the overnight culture.
DNA extractions were quantified using the Qubit dsDNA HS kit (ThermoFisher Scientific,
Waltham, MA, USA) with the Qubit 2.0 fluorometer (ThermoFisher Scientific, Waltham, MA,
USA) and their quality was assessed with the Tapestation gDNA assay (Agilent, Santa Clara,
CA, USA). DNA was stored at -20 °C until the library preparation was carried out using the
Nanopore kit SQK-LSK110 (the DNA control strand was included in the library preparation
for CCS156, CCS165, CCS166 and CCS176, but not the others). Libraries were either

sequenced right away using a flongle flow cell (FLO-FLGO01) or stored at -80 °C until
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sequencing. For most samples, base calling was done in real time during the sequencing run
(CCS156, CCS158, CCS160, CCS164, CCS166, CCS169, CCS174, CCS179, CCS180,
CCS181, CCS182, CCS183, CCS184, CCS196) using the fast basecalling model in the
MinKnow software (version 21.02.1 running Gruppy version 4.3.4 for CCS156, CCS158,
CCS166, CCS180, CCS181, CCS183 and CCS196 or version 21.06.0 running Guppy version
5.0.11 for CCS160, CCS164, CCS169, CCS174, CCS179, CCS182 and CCS184) with a
minimum gscore of 7. For a couple of samples (CCS165 and CCS176) base calling was done
post sequencing using Gyppy (version 5.0.16) on the command line with the fast base calling
model (config file dna r9.4.1 450bps_fast.cfg) and the minimum gscore set to 7. We
recovered read N50s between 4 - 30 kb. In all cases, the fastq files in the “pass” folders were

concatenated by isolate and used for further analysis.

Isolate genome assemblies. To generate the isolate assemblies, the [llumina reads were first
trimmed using Trimmomatic(Bolger, Lohse, and Usadel 2014) (version 0.39) using the
paired-end mode and arguments ILLUMINACLIP:NexteraPE-PE.fa:2:40:15:2:True
SLIDINGWINDOW:4:20 MINLEN:20. The paired and unpaired, trimmed reads of CCS175,
CCS177 and CCS178 were assembled using SPAdes(Prjibelski et al. 2020) (version v3.13.0,
with arguments -t 14 -m 50 -k 33,55,77,99,127). For CCS156, CCS158, CCS160, CCS164,
CCS165, CCS166, CCS169, CCS174, CCS176, CCS179, CCS180, CCS181, CCS182,
CCS183, CCS184 and CCS196 hybrid assemblies were performed with SPAdes(Antipov et

al. 2016) using both the paired and unpaired, trimmed Illumina reads as well as the Nanopore
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reads as input (version v3.13.0 with arguments -t 14 -m 50 -k 33,55,77,99,127). Contigs

below 1000 bp were removed.

Generation of genomic catalog. MAGs resulting from co-assemblies and individual
timepoint assemblies (and isolate assemblies in case of cheese B) were de-replicated with
dRep (version 3.2.2)(Olm et al. 2017). CheckM (version 1.1.3)(Parks et al. 2015) results were
provided as an Excel sheet. Genomes for the genomic catalog were selected by hand from the
resulting MASH clusters by prioritizing isolates (for CheeseB) over circular individual
timepoint MAGs over circular co-assembly MAGs over complete, non-circular individual
timepoint MAGs over complete, non-circular co-assembly MAGs. If several genomes per
cluster fell into the same category, the genomes were prioritized based on low contamination
and high completeness as determined by CheckM. Taxonomies of the final genomes in the
genomic catalog were determined by GTDB-Tk (version 1.6.0, classify workflow)(Chaumeil
et al. 2019). To determine the abundance of the genomes from the genomic catalog over time,
the genomes in the catalog were indexed using bwa index and the Illumina reads from week 2
- 13 were mapped to the this indexed genomic catalog using bwa mem (Version: 0.7.17-
r1188)(Li 2013). Before mapping, the short-read metagenomic reads were concatenated by
samples across the two lanes of the sequencing run and trimmed using Trimmomatic(Bolger,
Lohse, and Usadel 2014) (version 0.39) using the paired-end mode and arguments
ILLUMINACLIP:NexteraPE-PE.fa:2:40:15:2:True SLIDINGWINDOW:4:20 MINLEN:20.
Samtools(Danecek et al. 2021) (version 1.9 using htslib 1.9) was used to convert .sam files

into .bam files with samtools view and .bam files from all timepoints of each cheese were
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combined using samtools cat. Samtools flagstat was used to determine the percentage of reads
mapped to the genomic catalog. Anvi’o (version 7.1 ‘hope’)(Eren et al. 2021) was used to

generate the plots in Figure 3.2.3.

Generation of mega-assemblies. For each cheese, contigs from the co- and individual
timepoint assemblies were concatenated and contigs <1000 bp were removed. The
concatenated assemblies were indexed using bwa index, and short-read metagenomic reads
were mapped to this indexed, concatenated assembly using bwa mem (bwa version 0.7.17-
r1188)(Li 2013). Before mapping, the short-read metagenomic reads were concatenated by
samples across the two lanes of the sequencing run and trimmed using Trimmomatic(Bolger,
Lohse, and Usadel 2014) (version 0.39) using the paired-end mode and arguments
ILLUMINACLIP:NexteraPE-PE.fa:2:40:15:2: True SLIDINGWINDOW:4:20 MINLEN:20.
Samtools(Danecek et al. 2021) (version 1.9 using htslib 1.9) was used to convert .sam files
into .bam files with samtools view and .bam files from all timepoints of each cheese were
combined using samtools cat. samtools view was then used to extract all short-read
metagenomic reads that did not map to the indexed, concatenated assemblies. The resulting
bam files were converted into fastq files using the bamToFastq command (version 0.5.3) from
the BEDTools suite(Quinlan and Hall 2010) and fastq pair from the fastq-pair package
(version 1.0)(Edwards and Edwards 2019) was used to synchronize the newly generated fastq
files. The reads in the resulting fastq files were assembled using SPAdes(Antipov et al. 2016)
using both the paired and unpaired, trimmed Illumina reads as input (version v3.13.0 with

arguments -t 14 -m 50 -k 33,55,77,99,127). To generate the mega-assembly for each cheese,
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unbinned contigs from the co- and individual timepoint assemblies of the respective cheese
were first de-replicated. To de-replicate these contigs, a custom nucleotide blast database was
created consisting of the unbinned contigs. Unbinned contigs were then compared to this
database using blastn(Camacho et al. 2009; Altschul et al. 1990) (version 2.10.1+, options:
-outfmt "6 gseqid sseqid pident qcovs length glen slen evalue score" -evalue 1e-6
-perc_identity 99 -word_size 20 -num_threads 12). A contig was considered redundant if there
was an overlap of contigs of at least 90%; the smaller contig in this case was considered
redundant. Segkit(Shen et al. 2016) (version 2.2.0) was then used to extract the non-redundant
unbinned contigs from the full set of unbinned contigs. These non-redundant unbinned contigs
were then combined with the contigs resulting from the assembly of the unmapped Illumina
reads and the contigs from the selected de-replicated MAGs in the genomic catalog. This
mega-assembly should incorporate all non-redundant assembly information captured from the

combination of Illumina and PacBio sequencing.

Identification of mobile genetic elements. Plasmid contigs were identified in each cheese
metagenome by analyzing the mega-assemblies (contigs >5000 bp) with viral Verify (https://

github.com/ablab/viral Verify, version 1.1) using the -p flag and Pfam database version

Pfam33.1. Viruses were identified with VIBRANT(Kieft, Zhou, and Anantharaman 2020)
(version 1.2.1). Numbers of predicted plasmid and virus contigs were plotted using R (version

4.0.2) (https://www.r-project.org/) and the readxl (version 1.3.1) and ggplot2 (version 3.3.5).
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Assigning mobile genetic elements to hosts. To assign mobile genetic elements to hosts we
used the viralAssociationPipeline.py script (https://github.com/njdbickhart/
Rumenl.ongReadASM/blob/master/viralAssociationPipeline.py)(D. M. Bickhart et al. 2021;
Derek M. Bickhart et al. 2019). In brief, the contigs in the mega-assemblies for each cheese
were classified taxonomically using Kraken2 and a custom Kraken database containing the
default Kraken database supplemented with genomes of cheese-associated microbes. The
outputs were reformatted in Excel to fit the input requirements for the
viralAssociationPipeline.py script. metaHi-C reads were then aligned to the indexed mega-
assemblies using bwa mem (Version: 0.7.17-r1188)(Li 2013) (bwa mem -v 1 -t 16 -5SP
{mega-assembly} {forward Hi-C} {reverse Hi-C}). Reads that mapped to multiple locations
in the assemblies were removed using grep -v -¢ 'XA:Z:"' -e 'SA:Z:". The resulting .sam files
were then converted into .bam files using samtools view(Danecek et al. 2021). seqtk subseq

(https://github.com/lh3/seqtk) was used to extract the predicted MGE contigs as a .fasta file.

The lengths of the contigs in this file were determined using samtools faidx(Danecek et al.
2021) (version 1.9 using htslib 1.9). The viralAssociationPipeline was then run using the -a,
-g, -b, -1, -v, -0, -s, -m, and -1 flags. iTOL(Letunic and Bork 2021) was used to generate the
diagram in Figure 3.2.4 showing the connections between MAGs (and isolate genomes in the
case of cheese B) and MGEs (plasmids as predicted by viral verify -p and lytic phages as
predicted by Vibrant). A summary graph showing the numbers of extrachomosomal MGEs
associated with MAGs, with unbinned contigs as well as the numbers of unassociated

extrachromosomal MGEs was plotted using R (version 4.0.2) (https://www.r-project.org/) and

the readxl (version 1.3.1) and ggplot2 (version 3.3.5).
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Psychrobacter pangenome analysis. To identify a non-redundant set of Psychrobacter
genomes from our cheese isolate assemblies and full set of MAGs from the the three cheeses,
genomes classified by GTDB-Tk (version 1.6.0, classify workflow)(Chaumeil et al. 2019) as
belonging to the Psychrobacter genus were dereplicated with dRep (version 3.2.2)(Olm et al.
2017). CheckM (version 1.1.3)(Parks et al. 2015) results were provided as an Excel sheet.
Genomes were selected by hand from the resulting MASH clusters by prioritizing isolates
over circular individual timepoint MAGs over circular co-assembly MAGs over complete,
non-circular individual timepoint MAGs over complete, non-circular co-assembly MAGs.
This resulted in the selection of two MAGs (Cheese B MAG 21 and Cheese A MAG 15) and
seven isolate genomes. An additional 97 publicly available Psychrobacter genomes were
downloaded from NCBI (https://www.ncbi.nlm.nih.gov/assembly/) or from the JGI Integrated
Microbial Genomes & Microbiomes(IMG/M) system (Supplemental Table 3.2.16). The full
data set consisted of 17 genomes from cheese, eight genomes from other fermented foods, 35
host-associated genomes, ten genomes from soil, 19 genomes from marine environments, and
17 genomes from other miscellaneous environments. These 106 genomes were analyzed using
the microbial pangenomics workflow in Anvi’o (Eren et al. 2021; Delmont and Eren 2018)
(version 7.1 ‘hope’). Specifically, assemblies were run through gene prediction with
Prodigal(Hyatt et al. 2010) (version 2.6.3), hits to bacterial single-copy gene collections were
identified using HMMER (http://hmmer.org/), and genes were annotated with functions from
the NCBI’s Clusters of Orthologous Groups(Galperin et al. 2015). Identification of core and

accessory gene sets and the construction of the phylogenetic tree based on single copy core
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gene SNPs was done by panX(Ding, Baumdicker, and Neher, n.d.) (version 1.6.0) using
FastTree 2(Price, Dehal, and Arkin 2010) and RaxML(Stamatakis 2014). The core gene set
was defined here as present in at least 95 percent of genomes. Functional enrichment analysis
was performed in Anvi’o with a comparison of genomes from cheese versus those not from
cheese, a corrected g-value cutoff of 0.1, and COG20_FUNCTION as the annotation
source(Shaiber et al. 2020). Regions associated with type VI secretion were extracted from
cheese isolate genomes manually in Geneious Prime (www.geneious.com) and aligned and
visualized using clinker and clustermap.js with default settings(Gilchrist and Chooi 2021).
The separate pangenomic analysis of the 8 Psychrobacter genomes from cheese B was
performed as described for the full data set, and the anvi-summarize function in Anvi’o was
used to determine the core, shell, and cloud gene sets and associated COG functional
categories. The summary chart was produced based on the Anvi’o output using Microsoft

Excel for Mac Version 16.53.

In vitro washed-rind community reconstitution. For the in vitro community reconstitution,
16 cheese isolates were chosen based on the metagenomic analyses. From this study, four
Psychrobacter strains (CCS164, CCS169, CCS175 and CCS179), one Halomonas strain
(CCS158), one Pseudoalteromonas strain (CCS176), one Glutamicibacter strain (CCS165),
two Staphylococcus strains (CCS177, CCS178), one Brachybacterium strain (CCS183), one
Microbacterium strain (CCS160) and two fungal strains (CCS145 - Debaryomyces hansenii
and CCS187 - Galactomyces geotrichum) were chosen. In addition, three strains from a

previous study were included in the community (JBS - Brevibacterium linens, JB196 - Vibrio
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casei and JB232 - Hafnia ssp.)(Wolfe et al. 2014). Strains of the 16-member community were
inoculated at equal ratios (at 100,000 bacterial cells or fungal spores each) on 10% Cheese
Curd Agar(Cosetta and Wolfe 2020). For each community and sampling conditions, triplicate
communities were inoculated. Agar plates were incubated in the dark at 15°C in a humidified
plastic bag. At 24, 48, 72, and 96 hours after inoculation, plates were scrubbed with a 20%wt
NaCl solution using sterilized cotton swabs in a horizontal and vertical rastering pattern,
followed by a rosette (Supplemental Figure 3.2.13). On days 3, 5, 7, and 21 microbial
communities were collected into 1000uL of PBS+0.05% Tween using cell scrapers; for the
day 3 sample, biomass collection was done before the brine wash. Half of each sample was
split for various analyses: spot plating for CFU determination, glycerol stock preparation, and
DNA extraction for metagenomic short-read sequencing in the case of days 7 and 21. Half of
the scraped biomass was then replated onto the same petri dish. To calculate total bacterial
and fungal CFUs, spot plating of serial dilutions of each sample was done on PCAMS, either
with 50pg/L chloramphenicol to count the fungal community members or 100ug/L
cycloheximide + 21.6pug/L natamycin to count the bacterial community members, with colony
counting done 48 hours later (Supplemental Table 3.2.18). DNA was extracted from the in
vitro community samples from days 7 and 21 using phenol-chloroform extraction (without a
liquid nitrogen grinding step) and purified with 5 additional ethanol washes to remove
residual phenol and chloroform. Library preparation and metagenomic sequencing of the
multiplexed libraries were performed by Novogene (Sacramento, CA, USA) on a NovaSeq

6000 with a run configuration of 2 x 150 bp.
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Metagenomic reads were then mapped back to the bacterial reference genomes using
bwa mem to show relative abundance. For Brevibacterium linens (JBS, Accession number
KF669529 ), Vibrio casei (JB196, Accession number Z FUKS00000000), and Hafnia alvei
(JB232, Accession number KF669544) previously published reference genomes were utilized.
For the CCS strains the de novo assembled genomes from this study were utilized.
1,259,325,714 reads were sequenced, and over 99.7% of reads were aligned against the
reference bacterial genomes (Supplemental Table 3.2.19). Anvi’o (version 7.1 ‘hope’)(Eren et
al. 2021) was used to visualize the metagenome and the coverage from short reads. The
coverage values of the contigs were filtered for nucleotide positions that were within the
interquartile range (25%-75%) of coverage values for each contig before being averaged.
Across the contigs of each genome, these coverage values were also averaged, weighted by
their length. To calculate the relative abundance for each community member, the coverage
values were divided by the sum of all coverage values. The PCA plots of the coverages were
prepared in R (version 4.0.2) (https://www.r-project.org/) and the tidyverse (version 1.3.1) and
ggfortify (version 0.4.14)(Tang, Horikoshi, and Li 2016) packages. The principal component

analysis was carried out using the prcomp function (center = TRUE, scale. = TRUE).

Data availability

Raw sequencing data. Fastq files of all metagenomic raw sequencing data are available on the
Sequence Read Archive under Accession Number PRINA778418. Subread files of the HiFi
sequencing are available upon demand. Fastq files of all isolate sequencing data are available

on the Sequence Read Archive under the Accession Numbers PRINA837750 (CCS156),
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PRINAS837754 (CCS158), PRINA837770 (CCS160), PRINA837776 (CCS164),
PRINAS838264 (CCS165), PRINA837782 (CCS166), PRINA837789 (CCS169),
PRINAS838091 (CCS174), PRINA838092 (CCS175), PRINA838093 (CCS176),
PRINAS838094 (CCS177), PRINA838095 (CCS178), PRINA838105 (CCS179),
PRINAS838104 (CCS180), PRINA838102 (CCS181), PRINA838100 (CCS182),
PRJNAS838106 (CCS183), PRINA838262 (CCS184), PRINA838261 (CCS196). Fastq files
of the in vitro community sequencing are available on the Sequence Read Archive under

Accession Number PRINA&52571.

Assemblies, MAGs, supplemental files. Assemblies, MAGs and supplemental files have

been deposited on Dryad (https://doi.org/10.5061/dryad.bg79cnpd8).
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Supplemental Figure 3.1.2. Washing scheme done on days 1-4 of in vitro washed rind

community.

173



1E+01

1E+00 @
0 7 14 21

# Debaryomyces hansenii # Geotrichum_candidum
Brevibacterium_linens © Brachybacterium_alimentarium
Glutamicibacter arlaitensis Microbacterium_gubbeenense

® Staphylococcus xylosus Staphylococcus_carnosus
Psychrobacter CCS164 Psychrobacter cibarius

@ Psychrobacter alimentarius @ Psychrobacter fozii

©® Hafnia alvei ©® Halomonas

® Pseudoalteromonas Vibrio casei

Supplemental Figure 3.1.3 Average absolute abundance within conditions.
Top: Full community. Middle: without Geotrichum. Bottom: without Actinobacteria

174



1E+08
1E+07
1E+06
1E+05
1E+04
1E+03
1E+02
1E+01
1E+00

1E+08
1E+07
1E+06
IE+05 o
1E+04

1E+03 ®
1E+02
1E+01
1E+00

c®

1E+08
1E+07
1E+06
1E+05
1E+04 @
1E+03 I
1E+02
1E+01

1E+00 @
0 7 14 21

# Debaryomyces hansenii # Geotrichum_candidum
® Staphylococcus_xylosus Staphylococcus_carnosus
Psychrobacter CCS164 Psychrobacter_cibarius

@ Psychrobacter alimentarius @ Psychrobacter fozii
Sum Actinobacteria ©® Sum other Proteobacteria

Supplemental Figure 3.1.4 Average absolute abundance within conditions, simplified
Top: Full community. Middle: without Geotrichum. Bottom: without Actinobacteria

175



Galactomyces
Debaryomyces hansenii geotrichum

1E+09
1E+08
1E+07
1E+06
1E+05
1E+04
1E+03
1E+02
1E+01
1E+00

-lvl 357 9111315171921 -11 357 9111315171921

Glutamicibacter Microbacterium
Brevibacterium linens Brachybacterium arilaitensis gubbeenense

1E+09
1E+08
1E+07
1E+06
1E+05
1E+04 — =
1E+03 =

1E+02
1E+01
1E+00

-11357 9111315171921 -11 357 9111315171921 11357 9111315171921 -1 1357 9111315171921

Staphylococcus xylosus Staphylococcus carnosus

1E+09
1E+08
1E+07
1E+06
1E+05
1E+04
1E+03
1E+02

1E+01 : af . 4
1E+00 w
357 91113151719 1359113151719

Psychrobacter sp. Psychrobacter cibarius Psychrobacter Psychrobacter fozii ssp.
CCSl64 ssp. CCS169 alimentarius ssp. CCS175 CCS170

1E+09
1E+08
1E+07
1E+06
1E+05
1E+04
1E+03
1E+02
1E+01
1E+00

-11357 9111315171921 11357 9111315171921 11357 9111315171921 -11357 9111315171921

Hafnia alvei Halomonas Pseudoalteromonas Vibrio casei

1E+09 ==
1E+08
1E+07
1E+06
1E+05
1E+04
1E+03
1E+02
1E+01
1E+00

D e -

-1135 9 111315171921 ;11357 9111315171921 -11357 9111315171921 -1'1 3 5 7 9111315171921

Conditions Replicates Actinobacteria Other Proteobacteria

. Full community A 1

. Community without Geotrichum v 2
Community without Actinobacteria . 3

-11357 9111315171921 11357 9111315171921

Supplemental Figure 3.1.5 Absolute abundance by species

176



B ey 0 Day3 [(pays ([@pay7 (@ ay2i

3
2
=
=
S o 1
E § I [ I | |
S = m_nN -
= 0 = I =gn
N
s |
-2
-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino?2 -Actino 3
3
2
1
0 II - l_m ||
-1
-2
-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino?2 -Actino 3
3
N 2
Q
s
< g 1
S
s, | - me Il
= N [_] [ ] . [_]
_E S
6]
-1

-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino2 -Actino 3

T 1t

-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actino 1l -Actino2 -Actino 3

1
0 I - - I I.

Sum Actinobacteria

-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino2 -Actino 3

Supplemental Figure 3.1.6 Relative abundance to average abundance. Actinobacteria.

177



Day 3

.Day 5

.Day 7

.Day 21

N U L R
R B . b

-2
-3
-4
-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino2 -Actino 3
3
2
1
0 —— —_— -—._ ——m - I —— —
} III |
-2
-3
-4
-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino2 -Actino 3
3
2
0 — II
| [ | I | [ | I [ | [ |
-1
-2
-3
-4
-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino2 -Actino 3
3
©
3
8 2 0 . - _ _ I [ | I
S 2 = u 1" ] ]
= =
28
S B
‘G 2
-3
-4

-Geo -Actino Full 1 Full 2 Full 3 -Geo 1

-Geo 2 -Geo3 -Actinol -Actino2 -Actino 3

Supplemental Figure 3.1.6 continued Relative abundance to average abundance in the full
community over time. Fungi and Staphylococci.

178



B oayo Day3 [pays [@pay7 [ Day2i

3
. 2
&
5 1
i
-E;J 0 m . [} = ._-- -. [ | -. I
S O I
g o Ije g
&
2
-3
-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino2 -Actino 3
3
2
~
L I
S S
S S = I L] = | [ ] I ]
RIS
& -1
[
2
-3
-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino2 -Actino 3
3
2
0 || o || 1 = I [
| [ | [ [ [ = - ] | I Il'-
-1
2
-3
-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino2 -Actino 3
3
2

. [
0 = g -y [
W | | P p

N
)
=
Q
N
S
)
=
N
<
=
=
=
&
R

-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino2 -Actino 3

Supplemental Figure 3.1.6 continued Relative abundance to average abundance in the full
community over time. Psychrobacter.

179



By o pay3 [(Wpays ([@pay7 [ oay2r

10
8
6
4
2 ] [
I [ j
-2
-4
-6
-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino2 -Actino 3
4
3
2
1
A — I- II-_ — - _ .-
) mTrg. "' p
-2
-3
-4
-5
-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino2 -Actino 3
3
2
g 1 I
S - | ] | ] - I - I L
N -1
= 2
3 -3
3 -4
Ny
-5
-6
-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino2 -Actino 3
4
3
! I i I
! I
. o m MM_ - m_ = | . m
3 . i I g
< < 2
-3
-4
-5
-6
-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino2 -Actino 3
2
5. !
32 II - - [ | I
§ § 0 = gge - - - I I | ll I -
S
.5 g -1
= O
S -2
S =
Y
S= o
ASERS)
s = .
& -

-Geo -Actino Full 1 Full 2 Full 3 -Geo 1 -Geo 2 -Geo3 -Actinol -Actino2 -Actino 3

Supplemental Figure 3.1.6 continued Relative abundance to average abundance in the full
community over time. non-Psychrobacter Proteobacteria.

180



Number of Number of
number of |nucleotide number of | nucleotide
genes positions | Total SNVs genes positions | Total SNVs
2,499 15,034 30,436 1,686 13,963 79,680

i

Day 21 |
-actino day 21

z Dy >

= D ‘2 Day5 |
E v 2

g =)

S Dy 5 Dw7 |
3 =

= Day2l | B Day 21 |
g

e NamE
.2 2
3 o

Competing NTs

R Competing NTs
Position in cocor [ 1NN WATAEAN MM AR 00000 0 0 SR e

T O T A R ORI TN
Position in codor NI 11 NPNRER KR0S AT A e

Number of Number of
number of |nucleotide number of | nucleotide
genes positions | Total SNVs genes positions | Total SNVs
184 525 901 1,917 22,230 53,168

i
i

%

-|||l|| ll“‘|||
-Geotrichum| Full Community

Day 0
Day 5 1

Day 5 |
Day 7 | Day 7 |

Day 21 |

5
<
NS
—_

Day 7 | Day 7

Day 21 | Day 21

Competing NTs
=osition i cociorr MM A0 10 N ORI

-Geotrichum  Full Community

Competing NTs
Position in codon 111NNV 100000 R 1 0

B square root of occurance
Competing NTs Position in codon
. purine <-> pyrimidine . first

purine <-> purine or I second
pyrimidine <-> pyrimidine

unknown third

no mutation . noncoding region

Supplemental Figure 3.1.7 Single nucleotide variant anvi’o graphs. Actinobacteria.

181



Number of

number of | nucleotide
genes positions | Total SNVs
8,041173,201* 249,034

(I

Number of
number of | nucleotide
genes positions | Total SNVs
7,748 | 134,734%* 455,302 |

}7

& > Dw®
= ——— -5
= Days |_ g Day 5
e —
g —
S Day7 |_ S Day7 |
= P —— =
£ Day2l e £ Dayl |
-
. Day7 |Emss Day 7 [
g B 8 T
3 B O 1
T Day2l [EEe Day 21 |_
g Dey e g Des s
[ I
£ b7 I= £ Day7 |_
S Day2l | < T
' - T
Competing NTs [l m
Postion ncodon 11 I Day 21 |—-

*visualizations downsampled to 15,000

Number of

number of |nucleotide
genes positions | Total SNVs
21 63 74

]

£$

L

-

Full Day 5 I

-Geo Day 7

-Actino D5
-Actino D21
Competing NTs IS IS O e
Positionin codon I NI BN MINITIDN EEDE 1

Competing NTs  [NIININI1
Position in codon [ IFNMINNL) I

. Square root of occurance

Competing NTs
. purine <-> pyrimidine

Position in codon

. first

purine <-> purine or second
pyrimidine <-> pyrimidine

. unknown third
no mutation . noncoding region

Supplemental Figure 3.1.7 Single nucleotide variant anvi’o graphs. Fungi and Staph. xylosus.

1

o]

2



Number of Number of

number of | nucleotide number of | nucleotide
genes positions | Total SNVs genes positions | Total SNVs
2,037 15,398 53,779 1,667 13,032 59,443

Psychrobacter sp. g;\__“ Psychrobacter
CCS164 s cibarius

o2
E;
é Day 0 llllll‘ll“llw il | g Day 0
s Day 5 Wl b0 - [ g Day 5
5 M\Il\iliilnllllllli TN - i g
@) i l @) T =S U -
= Day 7 MmMnmNnn T i = Day 7 | G e e w I o
E T T ™ i = I T [l
=~ A i o 111 00 00 i =~ 1 ool 0
Day 21 | i o 00000 i Day 21 |I\ T R N S
I T Ll
T T " T [T =
o Day A (1 TR ™ I T (=] o Day 7 ||| o 0 —
53 |l 0 A - [} o i -
(? i im0 - i LID [ ol
Day 21 | i i o 1 i Day 21 |mmﬂlllmimuu I TR T -
\'“ L TN 7
Day 5 WMW M:II\ -ﬁ ull Day 5 MW ] ]
o Wi | ° o i i i o -
R=) Day 7 |l I | g Day 7 |'m T =1
3t L1 A [ 3t I W I
< i I | < ol 10
! Day 21 | ik vuibie wow -~ I ! Day 21 | o om0
Al b e il o e 0
Competing NTs Competing NTs
Position in codon  [[JIIH1II ARG Position in codon | | LTI
Number of Number of
number of |nucleotide number of |nucleotide
genes positions | Total SNVs genes positions | Total SNVs
913 7,512 74,154 1,914 15,183 51,506
@ Psychrobacter f ‘
= j Hildil:
& E s =
e ol
g ﬁ?‘#"é&
) : = S —ant
‘g Day 0 | [~ k= Day O b i oo w0 we o w
E e b —— | | aa E (TR I
g Day S Jommn o a—— It E Day 5 A [l
) w n ol i o 1 15 [T |
O o e a————————— - O o o o 0 460 -
— Day 7 |lhn v ol o = Day 7 | |||\ H | |
=] e ol o 0 =) Il
= T T YIE I SRR T ~ [T \IWIMmIm 1 I i ]
Day 21 fommun ool e o111 s Day 21 i s o b0 -
O TRRTIT T AT YUY TN NITT 1Y W
v [T I ]
° Day 7 nﬁmum:ﬂﬂlwllﬂ " mﬂiu T T ° Day 7 |NM“M"HMHMM:\ ‘I :\Ii Iw'l —
5 i i ————————— - ] L0 10 - -
(? D e T TR BT T Q? L T T I T -
Day 21 | mnno s e w1 Day 20 | oo [ M
[ T Ty e — -
PR ——— mmn-l'\ Day 5 RN [] =
) e i ————————— ] - e T o 4 0 -
g Day 7 [umuuim sl bemenn 000 £ Day 7 | 1T o
o v e ot s 111 ww A3 TN ]
< [T TR i < [T T o o
' Day 21 |mmtnn 1 bt 1 g w0 mm ! Day 21 | T 1T T ol
o oo ol ——————n 8 L R T LTI
Competing NTs [N M Competing NTs

Position in codon

Position in codon

Supplemental Figure 3.1.7 Single nucleotide variant anvi’o graphs. Psychrobacter.

183



Number of Number of
number of | nucleotide number of | nucleotide
genes positions [ Total SNVs genes positions [ Total SNVs
1,135 3,762 4,679 1,812 15,080 76,013

Pseudoalteromonas

2z
g Day 0
Day 0
= Day 5 § Day 5
5 15
29
Day 21 © Day7|
Day 7 &
Day 21 |
Day 21

Day 5

-Geo

TIF

Day 7 Day 21 |

g Day 21 F ° Day 7
S o R R ——— 8 I
< " Day2l |—
Day 5
g Day 7 |—
< i ——— -
B
Gompeting NTs | 111N 00N 000 B R 6 OO N X R
Position in codor - J1NAF VBT 00 00O 0 TR
Number of
number of | nucleotide Number of
genes positions | Total SNVs number of | nucleotide
1,807 13,021 25350 genes positions | Total SNVs
805 6,012 9,995
Vibrio l
casei
| : 9
Dy 0 [0 £ Day (0 il  —
§ B:}); ; 1 é D a; 5 I—
2 Day2l |— § Day 7 |
z
=]

-Geo

Day 7
Day 21

Day 21 |

“

o 2 Day 5
s
£ P £ Day7|
(o] 2
Day 21 |— o
Competing NTs. - [WIIT 100010 NN O T ETTRTECT TN R

Competing NTs
Position in codon

Position in codon NN USR03 0 O MO

0 R AEE 00 R A

Supplemental Figure 3.1.7 Single nucleotide variant anvi’o graphs. non-Psychrobacter
Proteobacteria.

184



EcoRI+Bglll Fragment Distribution

1200

1000

800

600

Count

N50: 3992

400

200

0 2500 5000 7500 10000 12500 15000 17500 20000
Fragment size

200 EcoRI Fragment Distribution Bglll Fragment Distribution
300
350
300 250
2501 200 -
- -
= c
3 3
3 200 3 150
150
100 1
100
50 A
50 1
4 0_
0 2500 5000 7500 10000 12500 15000 17500 20000 0 2500 5000 7500 10000 12500 15000 17500 20000
Fragment size Fragment size

EcoRI+BglII 40035 55487 2188.46 25.24% 53.67% 3992
EcoRI 20888 99530 4056.48 28.93% 59.18% 7739
Bglll 18871 86388 4544.2 29.68% 59.98% 8229

Supplemental Figure 3.1.8 in silico endonuclease analysis

185



)
=

w
=

IS
=

w
=

N
=

1

=

20k

N50:

40k

Day 3

Concatemers

600M

500M

13,983
5

300M

200M

100M

60k 80k 0 50k

Cut Reads

N50: 3,834

100k 150k

Day 21

200k

N50: 2,370

) ‘lll
JIIN |||Il-. .........
5k 10

k 15k 20k

Day 3

Restriction Cut Sites
Endonuclease

EcoRI 187,568
Bglll 111,730

0

llu ____________

250k

N50: 2,239

k 20k 30k

Day 21

Restriction Cut Sites
Endonuclease

EcoRI 2,291,016
Bglll 1,667,675

Supplemental Figure 3.1.9 Raw and digested long read sequencing summary

186

40k

300k



A

fresh cheese ripe cheese

in situ cheese rind development - .
x3 - e
- .
- -
- -

week 1 week 2 week 3 week 4 week 9 week 13
1

Cheese B Cheese A
»

Cheese C

week 1 week 2 week 3 week 4 week 9 week 13

20| 8 |80 0
R ' Yo ' ‘
168/ 16S/ Hi-C 16S/ 16S/ Hi-C* 16S/ 16S/ Hi-C
ITS ITS ITS ITS ITS ITS

+
short- short- short- short- short- short-
read read read read read read

long- long- long- long- long-
read read read read read

Supplemental Figure 3.2.1. Sampling (A) and metagenomic sequencing (B) of three ripening
washed-rind cheeses from the same facility (A) For each of the three different washed-rind
cheeses (A, B, and C) we followed the aging of three different batches produced one week
apart. From each batch, we collected rind from duplicate wheels at six timepoints. A detailed
collection schedule, including information and wash frequency and storage, can be found in
Supplemental Table 3.2.1. Representative images of each of the three cheeses at different
timepoints are shown. Cheese C is wrapped in spruce during ripening. In the pictures for
weeks 2-4 the spruce has been removed. (B) DNA was extracted from each rind sample
collected and DNA from duplicate wheels was then combined for downstream sequencing. All
three batches of each cheese were analyzed at all of the six timepoints with 16S and ITS
amplicon sequencing to estimate reproducibility of bacterial and fungal succession dynamics,
respectively. One batch (batch 3) of each cheese was analyzed at all of the six timepoints with
short-read shotgun sequencing. The same batch of each cheese was analyzed at weeks 2, 3, 4,
9 and 13 using long-read shotgun sequencing. Finally, rind samples of that batch from weeks
2 and 13 were fixed, combined and subjected to Hi-C sequencing. *Only cheeses B and C
were analyzed by Hi-C at week 4.
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Supplemental Figure 3.2.2. Cheese wheels from batches 1, 2 and 3 of Cheese B at week 13.
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Supplemental Figure 3.2.3. In situ succession patterns of bacterial and fungal washed-rind
cheese communities at Phylum- and Order-level, respectively. Relative abundance plots of
(A) bacteria as determined by 16S amplicon sequencing and (B) fungi as determined by ITS
sequencing. Shown are the relative abundances of amplicon sequence variants collapsed at the
phylum-level (A) or order-level (B). Rest = Taxa with <1% of the classified reads.
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Supplemental Figure 3.2.4. The majority of long reads were classified to at least Genus level.
HiFi reads were used as inputs for the “Taxonomic-Profiling-Nucleotide” pipeline followed
by the “MEGAN-RMA” summary. The results were visualized with the “compare-kreport-
taxonomic-profiles” tool. All pipelines are part of the “PB-metagenomics-tools” toolkit
(https://github.com/PacificBiosciences/pb-metagenomics-tools). Axes labels were customized
in Microsoft: PowerPoint for Mac (version 16.59).
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Supplemental Figure 3.2.5. Heatmap of long-read-based relative abundance estimation
aggregated at Genus level. Bacterial taxa are indicated with a (b), fungal taxa are indicated
with a (f) and viral taxa are indicated with a (v). HiFi reads were used as inputs for the
“Taxonomic-Profiling-Nucleotide” pipeline followed by the “MEGAN-RMA” summary. The
results were visualized with the “compare-kreport-taxonomic-profiles” tool. All pipelines are
part of the “PB-metagenomics-tools” toolkit (https://github.com/PacificBiosciences/pb-
metagenomics-tools). Axes labels were customized in Microsoft® PowerPoint for Mac

(version 16.59).
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Supplemental Figure 3.2.6. Cheese C contained the largest number of unique taxa per rank at
all sampled timepoints. HiFi reads were used as inputs for the “Taxonomic-Profiling-
Nucleotide” pipeline followed by the “MEGAN-RMA” summary. The results were visualized
with the “compare-kreport-taxonomic-profiles” tool. All pipelines are part of the “PB-
metagenomics-tools” toolkit (https://github.com/PacificBiosciences/pb-metagenomics-tools).
Axes labels were customized in Microsoft: PowerPoint for Mac (version 16.59).
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Supplemental Figure 3.2.7. ANI Comparison of high-quality MAGs (and isolate genomes)
from Cheese A, B and C. (A) Comparison of high-quality MAGs (and isolate genomes)
recovered from cheeses A and B. (B) Comparison of high-quality MAGs recovered from
cheeses A and C. (C) Comparison of high-quality MAGs (and isolate genomes) from cheeses
B and C.
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Supplemental Figure 3.2.8. Plasmids and viruses predicted in the mega-assemblies of cheeses
A, B and C. (A) Number of contigs predicted to be plasmids by Viral Verify (with the -p flag).
(B) Number of contigs predicted to be lytic and lysogenic viruses by VIBRANT. (C) Number
of high-quality, medium-quality and low-quality viral contigs as determined by VIBRANT.
Of the predicted viral contigs 4, 4 and 7 are predicted to be circular for Cheeses A, B and C,
respectively. Full MGE prediction results can be found in Supplemental Table 3.2.13.
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Supplemental Figure 3.2.9. Size distributions of predicted viral contigs. Size distributions of
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are from the standard VIBRANT output files.
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Supplemental Figure 3.2.10. Size distributions of predicted plasmid contigs. Size distributions
of the predicted plasmid contigs are shown for (A) cheese A, (B) cheese B and (C) cheese C.
Graphs were produced based on Viral Verify output using Microsoft® Excel for Mac Version

16.61.
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Supplemental Figure 3.2.11. Long reads and metaHiC combined associate large numbers of
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lytic virus and plasmid contigs (combined due to some overlap in the classification of contigs
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Chapter 4 Reflections and Future Directions
How individuals behave in a group and how this group is more than the sum of its

parts have remained a central thread through my academic and extracurricular careers. Can
we further our understanding of how beings interact at a small scale and how this effects
changes at a larger scale. From an undergraduate training in materials science, in which I
learned about atomic interactions with a particular focus on polymer physics and tissue
engineering, to a medical training to learn about how these tissues and organs interact within a
human, to my graduate training in studying microbiomes in which many different organisms
compete and cooperate. The interactions between different systems are complex, but need to
be understood to better describe and influence them for our benefit.

Over the next decade, I will be starting my clinical training and hope to contribute to
the understanding of how food, microbes, and community influence human health. But model
systems, in which we can control variables and search for different outcomes, for these
complex systems are elusive. The continued innovations and progress on large projects, such
as body-on-a-chip, and standardization of multi-species engineered systems will raise the
ceiling on how reductionist we have to be to answer basic science questions of causation
instead of describing correlations. Once more causative variables are known, tests can be
generated to quantify these variables in individuals and communities to personalize treatments
and programs that can best resolve problems. Beyond biological questions, this framework
can be applied to larger complex systems, such as a neighborhood or hospital. Leaning on
skills learned from my extracurricular activities to lead large organizations, create new

projects, and balance budgets with community-centered input, I can help integrate a view of a
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patient that spans from the subcellular level, to their physical and mental health, to how they
interact with public services and access basic needs. Our ability as physicians to treat
maladies relies on the science and art of medicine and on the patients’ self and environment to
complete medication regimens or procedures, and follow up with additional visits.

In particular, the application of metagenomic sequencing in a clinical setting continues
to be limited to academic centers, especially as these compete with the current gold standards
of culturing blood or infected tissue and exudate. However, metagenomic sequencing may be
able to provide more immediate answers on which species are in a certain community as well
as identify genes associated with various antibiotic resistances such that these can be avoided.
Especially as sequencings and proximity ligation technology continues to improve and

decrease in cost, I hope to be at the forefront of implementing these techniques at the bedside.
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