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Abstract

Viruses are the most abundant microbial guild on the planet, impacting microbial
community structure and ecosystem services. Despite this, they have been underrepresented
in reference databases compared to Bacteria and Archaea, which viruses are predicted to
outnumber by at least an order of magnitude. The advent of metagenomics allowed the
discovery of a multitude of viruses from a variety of environments. These metagenomic
examinations illustrated that prokaryotic viruses are specifically understudied in engineered
environments. In this thesis, I employ metagenomic and computational biology methods to
examine the diversity, host interactions, and genetic systems of prokaryotic viruses that were
predicted from 27 in-house metagenomes from samples taken at three municipal landfills
across North America. I identified numerous viruses that are not represented in reference
databases, including the third largest bacteriophage genome identified to date (~678 kbp),
and note a cosmopolitan diversity of viruses in landfills that are distinct from viromes in
other systems. Host-virus interactions were examined via host CRISPR spacer to viral
protospacer mapping which captured hyper-targeted viral populations and 11 viruses
predicted to infect across multiple phyla, suggesting that some viruses are far less host-
specific than is typically expected. Viruses in my study encode Auxiliary Metabolic Genes
(AMGs) with the potential to augment their hosts’ methane, sulfur, and contaminant
degradation metabolisms, including AMGs not previously reported in literature. CRISPR
arrays and CRISPR-Cas systems were identified from predicted viral genomes, including the
two largest bacteriophage genomes reported to contain these genetic features. Some virally
encoded Cas effector proteins appear distinct relative to previously reported Cas systems, and
are interesting targets for potential biotechnological tools. Virally encoded CRISPR arrays
were predicted to target other viral elements, causing interviral conflicts; and CRISPR-
encoding proviruses integrated into host chromosomes were latent examples of CRISPR-
immunity-based superinfection exclusion. My observations indicate landfills, as
heterogeneous contaminated sites with unique selective pressures, are key locations for

diverse viruses and atypical virus-host dynamics, meriting further study of these ecosystems.
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Chapter 1 Introduction

1.1 Background

1.1.1 Assessing viral diversity

Viruses are predicted to be the most abundant biological entities on the planet. This numerical
dominance is driven by viruses of bacteria (bacteriophages) and archaea (archaeal viruses).
Historically, viruses were classified mainly by morphology, with the order Caudovirales, tailed
bacteriophages with double-stranded DNA (dsDNA) genomes, being the most highly represented
in reference databases (Krupovic et al. 2011; Dion et al. 2020). Phage genomes can be linear or
circular, and unlike cellular genomes, can extend beyond dsDNA encompassing single-stranded
DNA (ssDNA), single-stranded RNA (ssRNA), and double-stranded RNA (dsRNA) genomes.
These non-dsDNA genomes types are packaged in non-tailed viral particles (Dion et al. 2020).
Isolated archaeal virus genomes are circular or linear and, unlike phage genomes, are exclusively
composed of DNA (Krupovic et al. 2018); however, RNA viruses of archaea have been predicted
from environmental sequencing of Yellowstone hot springs (Bolduc et al. 2012). Due to
advances in genomics over the last twenty years, additional major lineages of tailed-dsDNA,
non-tailed-dsDNA, and non-tailed-ssDNA bacteriophages have been discovered (Turner et al.
2021). These discoveries also illustrated that the three families within the Caudovirales are
paraphyletic and do not accurately recapitulate shared evolutionary histories (Turner et al. 2023).
Recent decisions by the bacterial viruses subcommittee of the International Committee for the
Taxonomy of Viruses (ICTV) have put an end to morphology-based taxonomy, where taxonomic

affiliations must now rely on core genes and phylogenetic placement (Turner et al. 2023). Most



notably, these changes involved the abolishment of the order Caudovirales and its paraphyletic

families: Myoviridae, Podoviridae, and Siphoviridae.

As of May 1%, 2023, there are only ~13,000 viral genomes present in NCBI’s RefSeq
database. This count is dwarfed by that from the Bacteria, for which over 73,000 genomes are
available in RefSeq. The comparatively poor representation of viruses within reference databases
despite their numerical dominance (Gambelli et al. 2016) can be attributed to the fact that
characterizing the virosphere has historically been a methods-limited endeavor. Hindering the
discovery of new prokaryotic viruses was the challenge of culturing them in the laboratory. Most
bacteria and archaea are unable to be cultured (Rappé and Giovannoni 2003), which in turn
makes the cultivation of their viruses difficult given viral dependence on a host in order to
propagate. To sidestep this challenge, culture independent methods, typically using specific
primers to target hallmark viral genes or conserved genetic elements, have been adopted to probe
viral diversity within an environment (Ansari et al. 1992; Abbaszadegan and Pepper 1993; Chen
et al. 1996). This approach has its own limitations, e.g., certain primer sets are more compatible
with some viral groups than others, influencing the viral diversity that is observed and
characterized (Zhong and Jacquet 2014). There is also no single hallmark gene common to all
viruses, unlike the 18S and 16S rRNA genes which are present in all eukaryotic and prokaryotic
genomes, respectively (Koonin 2009). Thus, while culture-independent methods are the way
forward for viral diversity studies, gene-targeted and primer-based approaches have
shortcomings. Recent research has therefore employed metagenomics for the examination of
viral communities, which has led the discovery of a multitude of viral lineages from a variety of
environments (Paez-Espino et al. 2016; Suttle 2016; Dutilh et al. 2017; Roux et al. 2019; Al-

Shayeb et al. 2020; Schulz et al. 2020).



1.1.2 Metagenomics for querying microbial and viral communities

Metagenomics, the sequencing of genetic material obtained from samples without prior
amplification or target selection, allows microbes to be studied in much higher throughput, as
this method circumvents the requirement for cultivation (Handelsman 2004). Short-read
sequencing platforms generate metagenomic sequence information in the form of short
fragments, called reads, which can be assembled based on sequence overlaps to generate longer
contiguous elements known as contigs or scaffolds (Sangwan et al. 2016). Using paired-end
sequencing, in which both ends of the target nucleic acids are sequenced, aids alignment and
assembly in a variety of ways including in resolving repetitive regions (Sexton and Han 2019),
detecting structural variation (Korbel et al. 2007), and bridging multiple genomic contigs
together as genomic scaffolds (Kunin et al. 2008). All metagenomes examined within this thesis
were paired-end sequenced using short-read sequencing technology. To reconstruct population-
level genomes from the original sample that were fragmented during sequencing, genome
binning is performed. Genome binning involves partitioning assembled scaffolds or contigs into
bins based on parameters such as kmer frequencies and coverage (Sieber et al. 2018), to generate
draft metagenome assembled genomes (MAGs) for populations of organisms (Dick et al. 2009).
Viruses can be detected in both unassembled or assembled metagenomic data, usually by
querying sequences for the presence of viral genes and genetic features (Roux et al. 2015; Paez-
Espino et al. 2016b; Kieft et al. 2020), mapping sequences to viral reference databases (Tithi et
al. 2018), and/or examining the frequency of kmers in a query sequence (Ren et al. 2017, 2020).
Detected viruses can be binned into viral metagenome assembled genomes (VMAGs) (Kieft et al.
2022) and connected to their predicted hosts using several different computational approaches
(Edwards et al. 2016; Roux et al. 2023). The limitations of metagenomic sequencing mainly stem

from experimental protocols, sequencing depth, and from the computational workflows to



analyze metagenomics data (Wooley and Ye 2010). Nonetheless, metagenomic sequencing
serves as a valuable tool to gain new insights into the microbial and viral world. The work
described in this thesis leverages cultivation-independent metagenomics to elucidate the
diversity, host interactions, and genetic potential of prokaryotic viruses in understudied

engineered environments.

1.1.3 Ecosystem functions of prokaryotic viruses: lysis and Auxiliary Metabolic Genes
(AMGs)

Viruses are major agents of mortality for bacteria and archaea. The activity of viruses can have
significant impacts on the regulation of ecosystem services through their control of host
mortality. The ecosystem roles of viruses have been examined in a variety of ecosystems (Roux
and Brum 2019) and are mainly attributed to host lysis, lateral gene transfer, and manipulation of
host metabolisms. In the case of host lysis, the best studied example is in marine systems where
viral lysis has the potential to remove ~20% of prokaryotic biomass per day (Suttle 2007). This
makes nutrients available for other organisms to utilize and regulates the flow of carbon within
marine ecosystems, which in turn affects the concentration of carbon dioxide in the atmosphere
(Suttle 2007).

While some bacteriophages and archaeal viruses strictly undergo lytic infection cycles, in
which they replicate within the host cell and ultimately lyse the cell upon the exit of their virion
progeny, others can undergo a lysogenic cycle in which their genome integrates within their
host’s genome for an indefinite period (Correa et al. 2021). If the normal integration or excision
of the viral genome from the host genome is compromised in some way, fragments of the viral
genome may be retained in the host genome and elements of the host genome may be excised
and packaged into new virions (Chiang et al. 2019). For the host, this may impart new

functionality from virally-derived genes, or may disrupt regular function/regulation of host genes



(Feiner et al. 2015). If the genetic elements lost by the virus in this process are essential to its
ability to infect a new host cell, the virus will not propagate further. However, if the lost viral
genetic elements are non-essential to the virus, upon infection of a new host cell, the virus can
either pass the host-derived genetic elements to the new host via transduction (Chiang et al.
2019), or transiently augment the metabolism of the host cell when these new genetic elements
are expressed upon infection. In the latter scenario, the virally encoded genetic elements that
alter host metabolism upon infection are referred to as auxiliary metabolic genes (AMGs)
(Breitbart et al. 2007). AMGs have been observed in a variety of systems, including
hydrothermal vent plumes (Anantharaman et al. 2014) and organochlorine contaminated soils
(Zheng et al. 2022), and are predicted to increase the metabolic efficiency of the host, which
ultimately provides the virus with more resources and the means to a larger progeny pool (Luo et
al. 2022). AMGs can have prominent ecosystem effects: studies showing that in marine surface
waters ~60% of psbA (photosystem-II reaction center) genes (Sharon et al. 2007) and >50% of
psbA transcripts (Sieradzki et al. 2019) were of viral origin indicate phage-encoded proteins

likely play a key role in the regulation of ocean primary productivity.

1.1.4 Leveraging CRISPR-Cas biology to guide host identification of prokaryotic viruses

The co-evolutionary arms race between prokaryotes and their viruses has led to the accumulation
of adaptations on both sides (Hampton et al. 2020). Among the most well-known prokaryotic
host defenses against viral infection are Clustered Regularly Interspaced Short Palindromic
Repeats-CRISPR associated (CRISPR-Cas) systems. CRISPR have been recognized as the most
ubiquitous family of prokaryotic repetitive elements and are composed of multiple short
repetitive elements located in arrays within bacterial genomes (Mojica et al. 2005; Pourcel et al.

2005a; Bolotin et al. 2005). These repetitive elements flank short, extra-chromosomally derived



variable regions of similar size that are referred to as spacers. CRISPR arrays, which herein refer
to clusters of repeats and spacers, are often proximal to a suite of associated genes, which are
termed cas genes (Jansen et al. 2002). Cas genes encode proteins which use information encoded
in the CRISPR arrays to mediate host immunity against extrachromosomal elements (Mojica et

al. 2005; Pourcel et al. 2005a; Bolotin et al. 2005).

In 2007, Barrangou and colleagues (Barrangou et al. 2007) showed that after a viral
challenge, Streptococcus thermophilus strains integrated new spacers within their CRISPR
arrays. These spacers, when altered or removed, resulted in loss of S. thermophilus’ immunity
against one of its viral pathogens, illustrating that the CRISPR-Cas system has a definitive role in
host immunity against viruses (Barrangou et al. 2007). In brief, spacer elements within a
CRISPR array are transcribed into guide RNAs, which direct Cas proteins to cleave DNA or
RNA targets (Marraffini and Sontheimer 2008; Brouns et al. 2008; Makarova et al. 2020). The
ability to program the target of Cas protein effectors by altering the sequence of their guide
RNAs allows CRISPR-Cas to be used for precise genome editing and regulation (Cong et al.
2013; Van Der Oost and Patinios 2023). For the purposes of this thesis, the nature of CRISPR-
Cas biology also creates identifiable links between bacterial or archaeal hosts and their

respective viruses.

A very high degree of sequence similarity between a host CRISPR spacer and a viral
genetic element is indicative of a history of infection between said host and virus (Andersson and
Banfield 2008). New CRISPR spacers can be integrated into a CRISPR array in cases where a
viral infection did not result in the death of the host (e.g., the virus was defective [Hynes et al.
2014], or slow replicating [Dimitriu et al. 2022]). In the spacer acquisition process, the viral

genome is cleaved, often by restriction endonucleases (Dimitriu et al. 2020; Maguin et al. 2022),



and some of the resulting fragments are integrated within the host’s CRISPR array. This updated
CRISPR array can be vertically transmitted to daughter cells, providing heritable immunity
against the specific local invading virus population. By comparing spacer sequences within a
bacterial or archaeal host’s CRISPR array to find matches on viral genomes (called
protospacers), one can computationally determine the hosts of viruses within environmental
datasets (Edwards et al. 2016). Numerous methods for computational host prediction of
prokaryotic viruses exist, which include examining similarities between the abundance and
oligonucleotide profiles of hosts and their viruses (Ahlgren et al. 2017; Galiez et al. 2017), and
exact matching of virus elements in host genomes (Edwards et al. 2016). Matching host CRISPR
spacers to viral protospacers results in comparatively few false positives, but does have limited
recall (high false negative rates) (Edwards et al. 2016). Determining the hosts of prokaryotic

viruses allows the ecological impacts of these viruses to be better understood.

1.1.5 Virally encoded CRISPR-Cas systems

The ability to engineer genomes is widely applicable in both academic and industrial
settings. Before CRISPR-Cas systems’ discovery, tools for genome engineering relied on
protein-DNA interactions to modify target DNA, unlike the RNA-DNA interactions used in
CRISPR-Cas technologies. Pre-CRISPR genome engineering tools were thus less specific and
more tedious to design (Barrangou and Doudna 2016). CRISPR-Cas systems have been used, or
are being considered, in the development of novel antimicrobials, biological controls of disease
vectors, cancer therapeutics, and a wide range of other applications (Barrangou and Doudna
2016). Despite the widespread adoption of CRISPR-Cas-based methods in both academic and
industrial labs, the technology still has limitations (Barrangou and Doudna 2016). These

limitations include target element recognition by Cas proteins and off-target effects. Discovery



of new, divergent Cas proteins and CRISPR-Cas system assemblages is of interest to address
these limitations, in hopes of broadening the current application space (Barrangou and Doudna
2016). The recent discoveries of some of the most streamlined CRISPR-Cas systems from
prokaryotic viruses (Al-Shayeb et al. 2020, 2022; Pausch et al. 2020) established viruses as a
potential hot spot for new CRISPR-Cas systems with biotechnological value. In this thesis, I
expand the examination of virally encoded CRISPR-Cas systems to municipal landfill microbial

communities.

1.2 Study sites

In one of the largest examinations of earth’s virosphere to date, it was noted that samples from
engineered sites have poorly characterized viral diversity (Paez-Espino et al. 2016b). My work
aims to address this gap through an examination of viruses across municipal landfills. Landfills
are polluted, highly engineered, heterogeneous systems that are of crucial environmental and
economic importance (Kochling et al. 2015; Meyer-Dombard et al. 2020). Some of the
contaminants within landfills may be transformed or metabolized by bacterial and archaeal
members of the microbial communities within these environments (Song et al. 2015; Stamps et
al. 2016). Prokaryotic viruses are likely important players in the landfill microbial community.
Through lysis of host cells, bacteriophages and archaeal viruses may disrupt contaminant
metabolism, potentially resulting in harmful reaction intermediates being released into the local
environment. These viruses may also augment or modify the metabolism of their hosts which,

along with host lysis, can lead to shifts in biogeochemical cycling and chemical transformations

in landfills.

The research described in this thesis leverages samples taken from three municipal

landfills distributed across North America. Landfill site anonymity has been preserved upon



request of site owners in all cases. The first study site is a municipal waste landfill and its
adjacent aquifer in Southern Ontario, Canada (SO). This sanitary landfill was opened in 1972
and includes waste sorting and compacting on site, with the addition of daily and intermediate
covers. The landfill is instrumented with over 100 leachate wells, four composite leachate
cisterns, and a landfill gas collection system. The chemical composition of the leachate is
monitored by quarterly sampling by contracted environmental engineers. The SO landfill was
sampled twice in July 2016 and once in October 2017. The second municipal landfill is in the
northeastern United States (NEUS). This site is also sanitary landfill that is equipped with
leachate collection and gas collection systems. Municipal Solid Waste (MSW) is contained
within six landfill cells, which are referred to as cells A, B, C, D, E, and F for the purpose of this
work. The cells were sampled in February 2019, at which time the oldest cell, A, had received
waste from 1980 to 1982 (39 years of waste decomposition time), whereas the youngest cell, F,
began receiving waste in 2014 (5 years of waste decomposition time). Cells A, B, and C are
completely closed and no longer receive waste, whereas cells D, E, and F are only partially
closed. The third landfill is in southern California (CA). The CA landfill received both MSW and
hazardous waste from mid 1960s to the mid 1990s and has been closed for over 20 years. The
landfill is equipped with leachate and gas collection systems and remains under management for

contaminant containment. The CA landfill was sampled in June of 2019.

1.3 Objectives

The objectives of the research presented in this thesis were:
1. Detect prokaryotic viruses in a municipal waste site and examine their host interactions,
to determine whether the virus-host infection dynamics in this understudied environment

are distinct from previously studied ecosystems (Chapter 2).



2. Characterize the diversity, host interactions, and genetic potential of prokaryotic viruses
across three municipal waste sites, to clarify whether landfill viromes and their encoded
functions are distinct relative to other ecosystems (Chapter 3).

3. Examine the diversity and novelty of virally encoded CRISPR-Cas systems identified

from municipal waste viromes (Chapter 4).
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Chapter 2! Virus-host interactions in a municipal landfill include non-
specific viruses, hyper-targeted viral populations, and interviral

conflicts

2.1 Introduction

Viruses are important and understudied members of microbial ecosystems that, with the advent
of direct community shotgun sequencing, can now be studied at much higher throughput.
Metagenomics-based methods have identified a multitude of new viruses from a variety of
environments, but there is a recognized need for better representation from soil, plant-associated,
and engineered environments (Paez-Espino et al. 2016). Through their host interactions,
prokaryotic viruses can disrupt microbial ecosystem services by reducing or eliminating the hosts
responsible (Rohwer et al. 2009; Roux and Brum 2019), augment host metabolism with
Auxiliary Metabolic Genes (AMGs) (Lindell et al. 2004; Ignacio-Espinoza and Sullivan 2012;
Hurwitz et al. 2013; Anantharaman et al. 2014; Kieft et al. 2021), stimulate gene flow within
microbial populations through horizontal gene transfer (Penadés et al. 2015; Keen et al. 2017;
Chen et al. 2018b), or alter host immunity through virally encoded CRISPR arrays (Seed et al.
2013; Faure et al. 2019) that can also drive interviral conflicts (Faure et al. 2019; Medvedeva et
al. 2019). While prokaryotic viruses are expected to be host-specific, recent research has
provided evidence for non-specific prokaryotic viral infection across taxonomic orders (Peters et
al. 2015) and even across phyla (Malki et al. 2015; Paez-Espino et al. 2016; Dalcin Martins et al.

2018).

! A version of this chapter has been published as:

George, N.A. and Hug, L.A. CRISPR-resolved virus-host interactions in a municipal landfill include non-specific
viruses, hyper-targeted viral populations, and interviral conflicts. Scientific Reports 13, 5611 (2023).
doi:10.1038/541598-023-32078-6
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Current computational methods for matching microbial viruses to their putative hosts
vary in accuracy and sensitivity (Edwards et al. 2016). In comparison to other methods, matching
Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR) (Mojica et al. 2005;
Pourcel et al. 2005; Bolotin et al. 2005) spacers to protospacers in viral elements yields
conservative, relatively accurate predictions (Edwards et al. 2016). CRISPR spacer to viral
protospacer matching has often been utilized in examining virus-host interactions (Dutilh et al.
2014; Edwards et al. 2016; Paez-Espino et al. 2016; Daly et al. 2016; Emerson et al. 2018; Trubl
et al. 2018; Dalcin Martins et al. 2018; Bezuidt et al. 2020; Jarett et al. 2020) visualized as virus
host networks (Daly et al. 2016; Trubl et al. 2018; Dalcin Martins et al. 2018; Bezuidt et al.
2020), however, there are few examples of temporal components in network architectures. In one
notable example, researchers examined the dynamics between integrated Mobile Genetic
Elements (iMGEs, which include viruses) in a wastewater treatment system over a year and a
half, finding phage-host interactions were tied to community shifts, and observing host CRISPR
array evolution in real-time (Martinez Arbas et al. 2021). The dynamics of virus-host interactions

over time in other engineered systems remains an open question.

Landfills are heterogeneous, contaminated, engineered systems of growing environmental
and economic importance (Kochling et al. 2015; Song et al. 2015; Stamps et al. 2016).
Contaminants in landfills can be metabolized by bacteria and archaea (Song et al. 2015; Stamps
et al. 2016), and, by extension, the viruses that prey on these microorganisms are likely
important players in mediating contaminant cycling within landfills. From the perspective of
viral diversity and host interactions, landfills remain largely unexamined. Previous work from
our group has shown that bacterial and archaeal communities in these systems are diverse and

spatially dynamic (Sauk and Hug 2022), but these analyses lacked temporal resolution and did
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not include an examination of viral communities. Here, we identify the host-associated viral
fraction from multiple sites across an active municipal waste site and model the virus-host
interactions across two years to determine infection dynamics, host specificities, and interviral

conflicts in this dynamic, understudied system.

2.2 Methods

Sampling. This study makes use of 14 metagenomes, each of which were generated from one of
14 distinct samples collected from an active municipal landfill in Southern Ontario. The sample
collection involved three trips, two of which were in July 2016 (six samples collected from five
distinct sites) and the third in October 2017 (eight samples taken from eight distinct sites).
Examinations of the bacterial and archaeal communities in our July 2016 samples have been
previously reported, but no examinations of the virome were performed at that time (Sauk and
Hug 2022). Of the samples obtained in July 2016, referred to as the 2016 samples, three were
from leachate wells (LW1-3), two were from the same composite leachate cistern that was
sampled on two occasions, six days apart (CLC_T1, CLC_T2), and one sample was obtained
from a groundwater well adjacent to the landfill (GW1). The relevant October 2017 samples,
referred to as the 2017 samples, included samples from the same five sites sampled in 2016, with
the addition of samples from one leachate well (LW4), one storm water capture system (SWC1),
and one groundwater well (GW3). About 5L of liquid material (leachate or groundwater) was
sourced from each of the sampled sites. This material was filtered on-site through a 3 pm glass
fiber filter (Pall Corporation, Ann Arbor, MI) and the resulting filtrate was subsequently filtered
through a 27 mm diameter 0.1 pm polyethersulfone membrane (Pall Corporation, Ann Arbor,
MI) via peristaltic pump filtration until the membrane clogged. Multiple 0.1 pm filters were

taken for each site. All filters were stored on dry ice prior to long-term storage at -80°C. All
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samples were handled identically with the exception of CLC T1, which was filtered through 0.2
pm and 0.1 pm filters sequentially instead of 3 um and 0.1 pm. For the CLC_T1 sample,
biomass on the 0.2 um filter was used for metagenomic sequencing as there was insufficient
biomass on the 0.1 um filter.

DNA extractions. DNA was extracted from filters using the PowerMax DNA Isolation Kit (MO
BIO Laboratories, Carlsbad, CA) using the default protocol outlined by the manufacturer, with
the exception that the filter was cut into small pieces and added to the bead tube in place of soil.
Extracted DNA was assessed for quality using the NanoDrop 1000 (Thermo Scientific, Waltham,
MA) and quantity using a Qubit fluorometric method.

Metagenome sequencing, analysis, and host genome binning. Extracted DNA for all 2016 and
six 2017 samples was sent to the Joint Genome Institute (JGI, Walnut Creek, CA) for paired-end
150-bp read metagenome sequencing using the HiSeq 2500 (Illumina, San Diego, CA). Read
assembly and scaffold annotations, which included CRISPR array annotations employed in
downstream analyses, were performed by the JGI in accordance with their most recently
described standard operating pipeline (Huntemann et al. 2015). Three of the 2017 samples were
sequenced by The Center for Applied Genomics (TCAG, Toronto, Canada). For these
metagenomes, quality trimming and assembly followed the published JGI protocol, including
bbduk (https://github.com/BiolnfoTools/BBMap/blob/master/sh/bbduk.sh) and sickle
(https://github.com/najoshi/sickle) for read quality trimming and spades3 (Bankevich et al. 2012)
(https://cab.spbu.ru/software/spades/) under the -meta flag with kmers 33, 55, 77, 99, and 127 for
assembly. Scaffold annotation for all metagenomes was performed by the JGI. Only scaffolds

that were greater than or equal to 2.5 kbp were considered for subsequent analyses.
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All read datasets were mapped individually to each assembled metagenome using Bowtie2
(Langmead and Salzberg 2012). Scaffolds from a single metagenome were binned using three
binning algorithms: CONCOCT (Alneberg et al. 2014), MaxBin2 (Wu et al. 2016), and
MetaBAT?2 (Kang et al. 2019). Using DAS Tool (Sieber et al. 2018), the resulting bins were
dereplicated and binned using an iterative consensus-based approach. Genome bins output from
DAS Tool were supplied to CheckM (Parks et al. 2015) for quality assessment. Taxonomy was
assigned to the genome bins using the Genome Taxonomy Database Toolkit (Chaumeil et al.
2019) application available on DOE-KBase (Arkin et al. 2018). Only genome bins that were
>70% complete with less than 10% contamination (defined as medium quality draft Metagenome
Assembled Genomes (MAGs)) or better were considered as putative host MAGs in further
analyses.

Viral element identification and diversity analysis. Scaffolds not included in the putative host
MAGs (“unbinned scaffolds”) were supplied as input to the VirSorter (Roux et al. 2015)
application on CyVerse (Merchant et al. 2016) with “Virome db” as the reference database and
the virome decontamination function turned on. Only viral scaffold predictions from the highest
confidence categories (1 and 2 for non-integrated viruses [omitting category 3], and 4 and 5 for
provirus [omitting category 6]) were retained. Unbinned scaffolds were also supplied as input to
VIBRANT (Kieft et al. 2020) using default parameters. Only scaffolds predicted as viral by both
VirSorter and VIBRANT were considered for further analysis. We note that while this approach
results in robust viral predictions, it potentially overlooks highly novel viruses. These predicted
viral scaffolds were clustered through the use of CD-HIT-est (Li and Godzik 2006) using a
global sequence identity threshold of ¢ = 0.95, where c is the number of identical nucleotides

over an alignment divided by the full length of the shorter sequence in the alignment. The
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resulting clusters were considered as viral populations. Only unbinned scaffolds were used for
viral detection to prevent CRISPR-array-encoding viral scaffolds that were misbinned within
MAGs from having matches to themselves in the virus-host linking workflow described below.
All representatives of viral populations were used as input to vConTACT?2 (Bin Jang et al. 2019)
in order to assess how similar viral communities are across samples and between our two
timepoints. Gene-sharing networks created from vConTACT?2 were visualized using Cytoscape
ver. 3.8.0 (https://cytoscape.org/).

Virus-host linking. Viral elements were linked to their hosts through matching host CRISPR
array spacers to protospacers found in the viral elements from the intersection of VirSorter and
VIBRANT predictions. CRISPR spacers in genome bins were BLASTn (Altschul et al. 1990)
searched against all viral elements, with hits retained only if they had up to one mismatch, a
query coverage of > 90% and an E-value < 10, The results of these BLASTn searches were
visualized as protospacer-based prokaryotic virus-host networks using Cytoscape ver. 3.8.0.
Recent analyses have shown that oligonucleotide and abundance profiles are less reliable for host
detection relative to CRISPR- and provirus-based analyses (Edwards et al. 2016), thus we did not

use co-binning of unintegrated viral scaffolds as valid links for putative virus-host linkages.

Community membership between networks. We first used dRep (Olm et al. 2017) to compare all
2016 MAGs to the MAGs reconstructed from 2017 datasets, regardless of whether MAGs were
included in the networks. We then used CD-HIT-est (global sequence identity threshold of ¢ =
0.95) to compare all 2016 viral elements to those predicted from 2017 datasets, again irrespective
of whether any of these viral elements were present in the networks. To understand whether the
hosts and viruses observed in the 2016 network were detected and included in the 2017 network,

we used dRep and CD-HIT to dereplicate the network-associated hosts and viruses, respectively.
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For any MAGs that were shared between the 2016 and 2017 networks, we examined changes in
their detected CRISPR arrays using command-line tools and CRISPRCasFinder (Couvin et al.

2018).

Interviral conflicts. All high confidence viral scaffolds from VirSorter and VIBRANT, prior to
clustering with CD-HIT-est, were cross-checked against the CRISPR array annotations provided
by the JGI. The spacers from putatively virus-encoded CRISPR arrays were used as input into a
BLASTn search (hits retained only if they had up to one mismatch, a query coverage of > 90%
and had an E-value < 10) against a database of all high confidence viral scaffolds agreed upon
by VirSorter and VIBRANT. Matches between spacers from two distinct viral CRISPR arrays
were not considered genuine interviral conflicts. To identify relevant proviruses, putative viral
elements containing CRISPRs were BLASTn searched against all genome bins. In accordance
with previous literature, putative provirus detection was considered with a bit score threshold of
50, an E-value threshold of 103, and a minimum alignment length of 2,500 bp with at least 70%
average nucleotide identity over the length of the alignment (Emerson et al. 2018). If 90% or
more of a scaffold in a host genome bin aligned with a putative viral scaffold, this was
considered to be indicative of a viral scaffold being co-binned with host scaffolds rather than
being integrated in a host scaffold as a provirus (Emerson et al. 2018). All putative proviruses
identified through the aforementioned approach were then confirmed using Prophage Hunter
(Song et al. 2019) and PHASTER (Arndt et al. 2016) where if either tool detected a proviral
element, said element was incorporated into downstream analyses. The CRISPR arrays and
CRISPR-Cas systems of putative proviruses were further validated using CRISPRCasFinder. For

CRISPR-encoding proviruses, we manually inspected whether the host targeted a specific viral
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element via the CRISPR array provisioned by its provirus, or via a different CRISPR array
within its genome.

In the case of the 187-spacer CRISPR array, we read-mapped reads from the original
assembly to the scaffold to confirm connection of this array to viral marker genes. Two possible
consensus sequences were identified at the 3’ end of the CRISPR array, with the higher depth
option connecting to the viral segment of the scaffold. The second, lower abundance sequence
may represent an alternate current host or the original bacterial host for this array.
Hyper-targeted virus analyses. The CRISPR-spacer targets of all four viral elements in 2016 that
were hyper-targeted by members of both the 2016 and 2017 hosts in our networks were manually
examined in Geneious version 2021.1.1 (https://www.geneious.com/prime/) (Kearse et al. 2012).
Detection of the Open Reading Frames (ORFs) in the viral elements and their initial annotations
were performed during the JGI’s annotation as described above. Predicted ORFs that were not
annotated by the JGI’s pipeline were manually annotated using hmmer3 (http://hmmer.org/) and

Hidden Markov Models from the Virus Orthologous Groups database (https://vogdb.org/, release

number vog206).

Examining the potential for viral infection across the domain and phylum levels. To further
validate putative cross-phylum and cross-domain infecting viral elements, we performed a series
of additional analyses: the quality of the MAGs predicted to target the implicated viral elements
was considered, the length of the scaffolds encoding CRISPR arrays that targeted the implicated
viral elements was examined, the CRISPR arrays from these scaffolds were compared between
hosts targeting the same viral element, and the gene content and taxonomic affiliation of these

scaffolds were assessed to aid chimera and misbin detection. The legitimacy of virus-host
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interactions was assessed on a case-by-case basis with an emphasis on taxonomic congruence

between MAGs and their CRISPR array-encoding scaffolds (Table A.1).

Computing platforms. The bulk of the computational analyses performed were run on an in-
house server with an Ubuntu 18.04 operating system. CyVerse was used specifically to run
VirSorter, DOEKBase was used specifically to run GTDB-tk and vConTACT?2, and for three of
our 2017 metagenomes that were sequenced outside the JGI, Compute Canada’s Graham cluster

was used for the spades3 assembly step in the metagenomics workflow.

2.3 Results

Identification of MAGs and viral elements

We sampled microbial biomass from a municipal landfill in Southern Ontario in July 2016 and
October 2017. The sample sites in 2016 included three distinct leachate wells (LW1-3), a
groundwater well adjacent to the landfill (GW1), and two temporal samples from the same
leachate collection cistern, collected one week apart (CLC_T1 & CLC_T2). The 2017 sample
series included samples from each of the five 2016 sites, with the addition of a fourth leachate
well (LW4), an additional groundwater well (GW3), and a storm water catchment collection

system (SWC1).

DNA extraction from sample biomass followed by metagenomic sequencing, assembly,
and binning of the 2016 data yielded 688 MAGs that were >70% complete (70.13% to 100.00%,
average completion 83.72%) and had <10% contamination (0.00% to 9.54%, average
contamination 1.83%) (Table 2.1). Collectively, these bins are considered, at minimum, medium
quality draft Metagenome Assembled Genomes (Bowers et al. 2017). The 2017 data yielded
1,064 MAGs that were >70% complete (70.09% to 100.00%, average completion 85.68%) and

had <10% contamination (0.00% to 9.99%, average contamination = 2.88%). Viral detection
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using VirSorter (Roux et al. 2015) and VIBRANT (Kieft et al. 2020) followed by dereplication
with CD-HIT-est predicted 17,057 and 18,877 viral elements from the 2016 and 2017 data,
respectively (Table 2.1). Examination of viral diversity across sample sites (Figure A.1) and
years (Figure A.2) identified highly diverse viral communities with significant similarities across

space and time.

Prokaryotic virus-host interactions

36% of our 2016 MAGs and 42% of our 2017 MAGs encode CRISPR arrays. CRISPR spacers
were excised from CRISPR arrays and matched to viral protospacers allowing one mismatch.
Virus-host interaction networks were derived for all host CRISPR spacer to virus protospacer
combinations (2016 hosts — 2016 viruses; 2017 hosts — 2017 viruses; 2016 hosts — 2017 viruses;
and 2017 hosts — 2016 viruses; Table 2.2, Tables A.2-A.5) to explore host-virus dynamics and
adaptive immunity over time. We identified between 37-90 host MAGs implicated in a network,
with up to 173 unique links between hosts and viral scaffolds (unique links = one MAG to one
viral element, regardless of number of spacer connections; Table 2.2, Table A.6). Viral elements
and predicted hosts were frequently from different sample sites (Figure 2.1, Figures A.3-A.6,
Table A.7). Across all networks, 28-44% of host MAGs were connected to multiple viral
scaffolds, targeting from two to nine predicted viral elements (see Tables A.2-A.5 for specific
MAG-viral element connections). 1-10% of viral elements were predicted to infect two or more

distinct hosts.

Temporal community continuity

As microbial communities in this system are poorly conserved across sites (Sauk and Hug 2022),
we were interested in examining the temporal stability in the host-viral interactions as well as the

microbial community as a whole. We used dRep (Olm et al. 2017) to cluster the reconstructed
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MAG:s into populations. In the 2016 dataset, 525/688 MAGs passed dRep’s quality filtering. Of
these, 232 (~44%) were represented in the 2017 MAGs dataset. For the 2017 dataset, the 232
shared MAGs comprise 28% of the 824/1064 MAGs that passed dRep filtering (see Figure A.7
for a visual summary of these overlaps). Viral elements were clustered with CD-Hit, which
resulted in 3,198 viral elements represented in both datasets, comprising 18.8% and 16.9% of the

viral elements annotated in the 2016 and 2017 metagenomes, respectively (Figure A.7).

We next investigated community composition between our temporally segregated
networks. There were fewer conserved viral elements and MAGs within the host-virus networks
compared to the overall datasets. For the viral elements, 19/59 viral elements (32.2%) from the
2016 network were represented in the entire set of 2017 virus annotations. Only 5/59 viral

elements (8.5%) had near-identical viral elements in the 2017 virus-host network.
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Table 2.1: Metagenome statistics

n :
Sample name  Read Count E:;f;(l)(l:; MAGs ! A;i;c;f[i::lgz scaff;ll(;:;
CLC_T1 (2016) 199,293,412 92,890 71 18.25 3948
CLC_T2 (2016) 187,799,476 110,160 134 28.62 3368
GW1 (2016) 170,612,252 85,861 161 20.99 856
LW1 (2016) 177,231,300 93,614 72 12.6 7120
LW2 (2016) 200,095,936 108,918 169 31.85 2801
LW3 (2016) 199,991,448 90,376 81 14.28 5117
CLC (2017) 258,387,248 90,316 143 37.91 1532
GW1 (2017) 344,037,992 174,133 273 16.39 2919
GW3 (2017) 125,101,280 19,781 54 33.97 66
LW1 (2017) 104,844,754 59,502 54 14.36 3635
LW2 (2017) 270,424,804 90,072 160 34.45 2071
LW3 (2017) 318,700,912 184,907 149 13.9 12241
LW4 (2017) 258,469,368 89,271 171 21.36 2728
SWC1 (2017) 142,415,766 33,875 60 29.19 152
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1 — Quality filtered bins with >70% completion, <10% contamination)
2 — viral scaffolds detected from unbinned scaffolds (prior to CD-HIT clustering)
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Figure 2.1: A: Virus-host interactions in a Southern Ontario landfill mapping 2016 hosts and
2016 viruses. CRISPR array spacers from the MAGs (circles) were mapped against the viral
elements (diamonds) predicted by VirSorter and VIBRANT to establish virus-host linkages

(connecting edges). The network is colored by the geographic sampling location from which the
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MAG or viral element originated, with the width of the edges proportional to the number of
spacer-protospacer matches supporting the connection. A viral element encoding a Diversity
Generating Retroelement (DGR) (Roux et al. 2021) is denoted by a star. MAG identifier and
lowest level of taxonomy as determined by GTDB-Tk (Chaumeil et al. 2019) are noted in Figure
A.3. The other three networks are presented in full in Figures A.4-A.6. B: Hyper-targeting
dynamics between 2016 (left) and 2017 (right) hosts against the 2016 viral elements, with the
width of the edges proportional to the number of spacer-protospacer matches supporting the
connections. C: Viral elements and hosts predicted to be involved in cross-phylum infections
across all virus-host networks. The two viral elements connected by a dashed edge are predicted

to be the same viral element in common between 2016 and 2017.

For the hosts, of the 36 2016-networked MAGs that passed dRep’s quality filtering, 16 (~44%)
were represented in the 2017 MAG dataset as a whole, and only three (~8%) were present in the

2017 network (Figure A.7).

Two virus-host pairs were shared between the 2016 and 2017 networks (i.e., viral
elements clustered at 95% global sequence ID, hosts collapsed by dRep). Each of the two host
MAGs in 2017 shared no spacers in their encoded CRISPR arrays with their 2016 counterparts,
meaning each host targeted the same viral element with different CRISPR spacers in each year.
In one of the host MAGs, the CRISPR arrays shared an exact match in a sequence flanking their
respective CRISPR arrays (Figure A.8). Based on sequence similarity to the direct repeat
element found in both CRISPR arrays, this flanking sequence may contain a CRISPR spacer and
a partially degraded repeat, which is evidence for a shared CRISPR array origin within this
population even in the current absence of shared spacer sequences. Note all subsequent work did

not use dereplicated MAGs to preserve differences in CRISPR array structure.

Cross-phylum/cross-domain infection

24



In the networks, 14 viral elements were predicted to infect multiple hosts that are from different
phyla (8) or domains (6) (Table A.1). Following curation based on length of CRISPR-array
containing scaffolds, quality of MAGs, and taxonomic consistency between MAGs and
CRISPR-array encoding scaffolds, we predict that four cross-phylum viral infections are
legitimate, one of which was identified in two networks. No cross-domain interactions passed

our quality screen (see Appendix A).

In the 2017 network, two viral elements were implicated in connections that passed
subsequent quality control (Table A.1). One viral element (V2 _2017) showed infection potential
against hosts from three distinct phyla: the class Bacilli (LW2_138, phylum Firmicutes), the
family Muirbacterieaceae (LW2 137, phylum Muirbacteria), and the order
Absconditabacteriales (LW2 139, phylum Patescibacteria), all of which, including the viral
element itself, were identified at the same sample site. These same three MAGs also shared a
common viral element in the 2017-hosts-to-2016-viruses network (V154 2016). Based on 95%
sequence identity clustering, the 2016 viral element is predicted to be the same as the 2017 viral
element (V2 _2017). The second 2017 cross-phylum interaction involves a member of the genus
Ottowia (LW2_36, phylum Proteobacteria) and a member of the class Dojkabacteria (GW1_223,
phylum Patescibacteria) which were both predicted to be infected by a single viral element

(V102 2017).

In the 2017-host-to-2016-viruses network, we saw two additional instances of viral
elements with potential to infect across phyla. One viral element (V36 _2016) showed potential to
infect hosts from the genus Pigmentiphaga (LW2_146, phylum Proteobacteria) and the class
Polyangia (LW2_50, phylum Myxococcota). Finally, one viral element (V42 _2016) was

predicted to infect GW1 158 Paceibacteria (phylum Patescibacteria) and
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LW4 67 Methylobacteria (phylum Proteobacteria). Interestingly, CRISPR arrays targeting this
viral element share 56 identical spacers, suggesting a horizontal gene transfer event of this array

between these two hosts.

We observed no instances of viral elements with potential to infect across phyla in the
2016-host-2017-viruses network and none of the observed interactions in the 2016 network

passed quality control.

Diversity generating retroelements encoded by viruses

Diversity Generating Retroelements (DGRs) may increase a virus’ breadth of infection (Roux et
al. 2021). Leveraging the results of a previous meta-analysis in which a subset of our datasets
were included (Roux et al. 2021), we report 92 DGR targets in our 2016 virus data and 30 from
six of nine 2017 datasets. In total, eight viral elements that are involved in our networks were
predicted to contain DGRs (star in Figure 2.1, Figures A.3-A.6), but none of these viral elements

were predicted to infect across different phyla or domains.

Hyper-targeting of viral elements

Five viral elements were hyper-targeted by host MAG CRISPR arrays, where hyper-targeting
was defined as having > 20 protospacers targeted by a single host’s set of CRISPR spacers.
Hyper-targeted viral elements were not observed in the 2017 or 2016-host-to-2017-virus
networks. One 2016 viral element was hyper-targeted by 2017 host MAGs, where the viral
element had not been targeted by the 2016 hosts. The other four viral elements were hyper-
targeted in both the 2016 and 2017-host-to-2016-viruses networks (V111 2016, V80 2016,
V168 2016, and V65 2016), allowing examination of CRISPR arrays over time (Figure 2.1B).

For these four viral elements, two host MAGs were responsible for the observed hyper-targeting
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in each network, and the CRISPR arrays responsible for the hyper-targeting were highly
conserved over their overlapping region between the two temporal samples. The MAGs involved
in hyper-targeting had different taxonomies between the 2016 and 2017 hosts, with two members
of the Acholeplasmataceae (Firmicutes) hyper-targeting the four viral elements in 2016, and two
members of the Bacteroidales (Bacteroidota) hyper-targeting the same viral elements in the
2017-hosts-to-2016-viruses network (See Appendix A). It was not clear whether this is due to
lateral gene transfer of CRISPR-array-encoding regions or mis-binning of CRISPR-encoding
scaffolds, so we focused instead on array structure and nature of the hyper-targeting on the viral

elements.

Each of the four hyper-targeted viral elements was targeted more times by the 2017 hosts
(members of the Bacteriodales) relative to the 2016 hosts (members of the Acholeplasmataceae),
though some of these connections were not reinforced by at least 20 host spacer to viral
protospacer matches and thus were not considered hyper-targeting. The highest degree of
targeting (against V111 2016) was 65 CRISPR spacer to viral protospacer connections,
compared to 48 connections to the same viral element in the 2016 network. CRISPR spacers
aligned to the hyper-targeted viral elements showed preferential targeting of specific regions
within these elements (Figure 2.2A). The two regions most strongly targeted were tail protein
coding sequences and hypothetical coding sequences (Figure 2.2A). In some instances, host
targeting of viral elements appeared biased to one end of the viral elements (Figure 2.2A, Figure

A9).

We compared host CRISPR array-encoding scaffolds to assess the nature of these shared
connections. For 3 of 4 host MAGs, connections to hyper-targeted viral elements stemmed from

a single CRISPR array on the genomes, even in cases where multiple CRISPR arrays were
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encoded. For one hyper-targeting CRISPR array, the shorter 2016-host-encoded array was a
subset of the longer 2017-host-encoded array, without flanking regions to define a complete
array and allow comparison of array adaptation over time. For the second pair of viral scaffolds,
the 5° end and flanking region of the CRISPR arrays was captured on both scaffolds. There were
no additional spacers incorporated into the CRISPR array over the ~year between sampling
events, which may suggest that the array is inactive given CRISPR arrays can change over short
time scales (Tyson and Banfield 2008). We note that three of the four MAGs involved in hyper-
targeting are among the top ten most abundant network-associated MAGs across all
metagenomes described from the SO landfill, with one (LW2_114 2017, order Bacteroidales) as

the most abundant MAG in the dataset (average coverage of 877).

We predicted Chi sites in all viral elements that were targeted by hosts to assess if hyper-
targeting was correlated with a depletion in Chi sites, which is associated with increased spacer
recruitment (Levy et al. 2015). All hyper-targeted viral elements were among those with the
lowest proportional counts of Chi sites (mean = 0.48 and median = 0.12 per 1000 bp for all
targeted viral elements) with counts for hyper-targeted viral elements being 0.16, 0.12, 0.18, and

0 per 1000 bp [mean: 0.12, median: 0.14] Figure 2.2B).
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Figure 2.2: A: Genetic features targeted by host CRISPR arrays on a hyper-targeted viral
element. The coding sequences’ annotations for one hyper-targeted viral element (V80 2016)
with corresponding CRISPR spacer mappings are displayed. In the targeting profile of a single
host scaffold, a non-grey triangle represents a single spacer that had multiple matches to regions
of the viral element. When shared, these single spacers are colored the same between distinct
host targeting profiles. CRISPR spacer mapping and visualization was conducted using Geneious

(Kearse et al. 2012). Host scaffold accessions are as follows: CRISPR array 1:
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Ga0265294 10000314; CRISPR array 2: Ga0172382 10051677; CRISPR array 3:

Ga0265293 10000924; CRISPR array 4: Ga0172382 10020296 & Ga0172382 10071763 (two
arrays within one host MAG, only one is responsible for hyper-targeting). B: Chi site counts in
viral elements (in Chi site per 1000 bp) compared to number of times a viral scaffold was
targeted by a host across all virus-host networks. Hyper-targeted viral elements are highlighted in

orange.

Table 2.2: Virus-host networks summary. Virus-host interactions are based on host MAG
CRISPR spacers and viral element protospacer connections. Unique links = 1 MAG to 1 viral

element, regardless of number of spacer connections.

Network Host MAGs Viral scaffolds Unique links
2016 37 59 66
2017 90 161 173
2016-host-to-2017-viruses 39 79 80
2017-host-to-2016-viruses 87 125 139

Virally encoded CRISPR arrays convolute virus-host networks

Viruses have been shown to encode CRISPR arrays as well as Cas proteins, with hypotheses that
include these systems acting as defense mechanisms preventing other viruses from infecting the
same host (Faure et al. 2019; Medvedeva et al. 2019). We explored the potential for interviral
conflicts using the full set of viral predictions prior to clustering with CD-HIT in order to
preserve CRISPR array variation between closely related viral elements. In our 2016 data, 70
(0.41%) viral elements were predicted to encoded CRISPR arrays, with no shared CRISPR

spacers between viral elements. These arrays contained between 2-187 spacers (average spacer
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count per array ~7, 6 arrays contained >10 spacers). The current longest CRISPR array is 587
spacers long, from Haliangium ochraceum strain DSM 14365. To our knowledge, the 187-spacer
viral CRISPR array is the longest viral CRISPR element that has been predicted to date. This
element also contains a cas2 gene, which is further evidence of functionality, but is uncommon,
as most phage CRISPR systems do not encode spacer acquisition machinery (Al-Shayeb et al.
2020, 2022) (Figure 2.3). VIBRANT predicted that this genetic element was a non-integrated
virus and Prophage Hunter did not identify any proviruses within the element. Based on read
mapping, the scaffold containing the 187-spacer CRISPR array showed high heterogeneity in a
region between the CRISPR array and viral marker genes (Figure 2.3). Curation of reads
mapping to this region confirmed appropriate depth of coverage for the consensus sequence
linking the array to the viral genes (Figure 2.3). In our 2017 data, 91 (0.48%) viral elements were
predicted to encode CRISPR arrays. There were 8 instances of shared CRISPR spacers between
CRISPR-encoding viral elements. The 2017 virally encoded CRISPR arrays contained between

2-21 spacers (average spacer count per array ~4, 4 arrays contained >10 spacers).

31



1 2,000 4,000 6,000 8,000 10,000 12,000 14,000 16,000 18,000 19,839
CRISPR array (187 spacers) m n
CRISPR-associated protein Cas2 Helix-turn-helix domain | TerL phage terminase large subunit
Phage derived protein Gp49-like (DUF891)

- - -

Coverage

14,060 15.015. 14.060 15015

Figure 2.3: Assessment of 187 spacer encoding viral scaffold. From top to bottom: GC content
along the length of the scaffold (total length 19,839 bp); annotation map of relevant genes; depth
of read coverage and heterogeneity. The variable region between 14K-15K is marked with a blue
box. Full read mapping on the left demonstrates two potential sequences for this region. On the
right, the higher abundance path is shown. This image was made using Geneious (Kearse et al.

2012) and IGV (Robinson et al. 2011).

Spacers encoded in 2016 virus CRISPR arrays were predicted to target 32 viral elements
in the unclustered 2016 virus dataset; whereas spacers encoded in 2017 virus CRISPR arrays
were predicted to target 44 viral elements in the unclustered 2017 dataset. These may represent
latent interviral conflicts which would need to be co-located in a cellular host for conflicts to be

active.

Within our host-virus networks, viral elements encoding CRISPR arrays were predicted
to be proviruses in 3 hosts (See Appendix A for details). In all cases, connections in the networks

between provirus-encoded CRISPR arrays and non-integrated viral elements were based on
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shared CRISPR spacers in CRISPR arrays on both viruses rather than a spacer-protospacer
match. When CRISPR spacers are integrated into an array, the protospacer-adjacent motifs
(PAMs) are not incorporated. As a result, CRISPR spacers are not active targets for Cas
nucleases (Collias and Beisel 2021). In one case, both the host-encoded and provirus-encoded
CRISPR arrays target the same non-integrated viral elements. In another case, the viral element
contains two distinct CRISPR-Cas systems, both of which are shared in the provirus and non-

integrated virus versions of this element.

2.4 Discussion

Using a metagenomics-based approach, we were able to resolve prokaryotic virus-host
interactions and infection networks from samples collected from a municipal landfill and
adjacent aquifers approximately one year apart. Cellular populations were more stable than viral
elements, with ~44% and ~19% conserved between the two years, respectively. Infection
networks were more dynamic, with lower continuity of MAGs and viral elements between the

2016 and 2017 networks compared to the baseline communities.

It was common for a viral element and its predicted host to be from different sample
sites. Planktonic viruses were expected to pass through the 0.1 um filters used to collect biomass,
meaning most of the prokaryotic viruses detected were captured from active infections and
indicate presence of the host even if it was not detected as a high-quality MAG from that site’s
metagenome. Hosts in our networks were connected to 1-9 viral elements, potentially
representing a large infection burden for some populations. Alternatively, multiple viral elements
infecting the same host may be genomic fragments of the same viral genome. In our temporal

comparison, the 2017-host-to-2016-virus network was not larger than the 2017-only network,
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despite a hypothesis that hosts from 2017 would have established immunity to 2016 viruses via

earlier infections.

We predicted four instances where viral elements infect members of multiple phyla.
Cross-phyla infection potential for viruses has been predicted in silico before (Paez-Espino et al.
2016; Dalcin Martins et al. 2018), and also confirmed in a single study for four bacteriophages
isolated from Lake Michigan (Malki et al. 2015). There are numerous adaptations a viral element
would require in order to successfully infect multiple hosts, none of which were examined here.
These adaptations would be required for crucial steps of the infection process such as host target
receptor recognition and evasion of host immunity, the former of which would likely lower
infection efficiency on the original host (Dunne et al. 2019). While we have no evidence against
four putative cross-phylum interactions, laboratory confirmation is a necessary requirement to

substantiate these predictions.

Diversity generating retroelements (DGRs) are genetic elements that enhance mutation
and evolution in microbes, including viruses (Roux et al. 2021). DGRs were shown to be
enriched in landfills (Roux et al. 2021), possibly owing to landfills’ extreme heterogeneity and
concentration of solvents and other stressors increasing the evolutionary pressures on microbes,
thus selecting for DGRs to enhance microbial adaptation. DGRs can also facilitate diversification
of virus host-attachment proteins, where viruses that encode DGR targets within their host
attachment protein encoding genes show a broader host range (Roux et al. 2021). In our
networks, none of our putative broadly-infecting viral elements encode any detectable DGRs,
and viral elements with DGRs were associated with only one host or, at most, two hosts from the
same family. DGRs thus do not appear to be strong factors in influencing the instances of broad

viral host range in the networks from this study.
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A striking feature of our networks were the hyper-targeted viral elements, with up to 65
unique connections between a host’s CRISPR spacers and single viral elements. Hypothetical
protein coding regions on the viral elements were highly targeted, suggesting that the proteins
encoded in these regions are important for viral propagation. A bias of targeting at one end of a
viral element was observed in some cases which may be due to some CRISPR-Cas systems
preferentially recruiting spacers from the regions of viral DNA first injected into the host cell, as
this provides better immunity than spacers from late-injected regions (Modell et al. 2017). The
hyper-targeting of viral elements may have evolved due to an on-going arms-race between host
and virus which builds a history of immunity over time; either from a strong priming response in
the CRISPR-Cas system, which results in recruitment of multiple spacers once activated (Richter
et al. 2014; Kiinne et al. 2016); or because the viral element is deficient in Chi sites, which are
molecular benchmarks for preventing DNA cleavage by the repair complex (Levy et al. 2015).
Hyper-targeted viral elements in the 2017-hosts-to-2016-viruses network showed higher levels of
hyper-targeting than in the 2016 network. The hyper-targeting of the same four viral elements by
hosts in 2016 and 2017 suggests a long history of infection dynamics. The hyper-targeted viral
elements had a relatively low proportion of Chi sites when compared to viral elements with
weaker targeting (Figure 2.2B). The viral elements with the highest proportion of Chi site counts

were not strongly targeted in our networks.

CRISPR arrays encoded on viral elements were found in a small fraction of predicted
viral elements (0.45%). Virus-encoded CRISPR arrays and CRISPR-Cas systems have been
identified before (and are involved in crippling host viral defense systems (Seed et al. 2013),
regulating host transcription and translation (Al-Shayeb et al. 2020), CRISPR-Cas system

inhibition (Faure et al. 2019) and interviral conflicts (Faure et al. 2019; Medvedeva et al. 2019)).
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In the case of interviral conflicts, a CRISPR-encoding virus, integrated as a provirus, can provide
its host with immunity against other viruses, akin to a superinfection exclusion system (Faure et
al. 2019). Our datasets contained a putative viral element (V170 2016) that encodes a CRISPR
array with 187 spacers and a cas2 gene, the longest virally encoded CRISPR array to date.
Although this viral element was not targeted by any bacterial or archaeal hosts in our networks,
CRISPR spacers within its array did target two other viral elements in the 2016 data, neither of
which were predicted to encode CRISPR arrays themselves. Due to cas2 gene being the last gene
on one end of the scaffold, along with limitations on the accuracy of prophage boundary
detection tools, it is possible that this scaffold contains a bacterial CRISPR array adjacent to an

integrated prophage.

In our networks, three proviruses containing CRISPR arrays targeted their own
planktonic population of viruses. These connections were due to CRISPR spacers that are
common to the arrays of both the proviruses and their non-integrated virus equivalents. Due to
the requirement of a Protospacer-adjacent motif (PAM) for virtually all Cas nucleases (Collias
and Beisel 2021), spacer-to-spacer matches wouldn’t result in immunity unless the hypothetical
nuclease involved in target cleavage was PAM agnostic or PAM permissive. Two connections in
our networks were exclusively due to putative provirus CRISPR-arrays matching to their non-
integrated virus equivalent’s CRISPR arrays, however, the presence of the provirus itself

indicates that the non-integrated virus equivalent is able to infect the host.

Within this engineered system, virus-host interactions are substantially more complicated
than a 1-virus-1-host model. Cross-phylum infections, hyper-targeting, interviral conflicts, and
provirus-encoded CRISPR arrays were observed in a single system, suggesting these interactions

may be more common than currently understood. We hope that in future, these interactions are
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curated on a case-by-case basis as we have done here, in order to expand our understanding of
virus-host interactions in natural environments. We note that this wealth of insight derived from
a single landfill, and suggest this category of highly heterogenous engineered environments

merits further study of microbial communities and virus-host interactions.
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Chapter 3 Viral diversity, host interactions, and genetic potential

across three municipal landfills

3.1 Introduction

In one of the largest examinations of earth’s virosphere to date, it was noted that samples from
engineered sites have poorly characterized viral diversity (Paez-Espino et al. 2016b). Two recent
studies of wastewater treatment plants confirmed this, as >98% of detected viral contigs were
unmatched to a representative subset of the IMG/VR database in one (Chen et al. 2021) and
>99% were unmatched to the NCBI virus database in the other (Martinez Arbas et al. 2021).
Landfills, similar to wastewater treatment plants, are highly engineered, polluted and
environmentally significant systems (Kochling et al. 2015; Song et al. 2015; Stamps et al. 2016).
Viruses, particularly those that infect bacteria and archaea, have previously been predicted to
have diverse infection dynamics with their hosts in these systems, including rarely seen

interactions (George and Hug 2023, presented in Chapter 2).

Bacteriophages are predicted to be quite host specific. However, from recent research on
both isolated phages (Malki et al. 2015) and those identified in silico, bacteriophages have been
shown or predicted to infect across distinct bacterial phyla (Paez-Espino et al. 2016b; Dalcin
Martins et al. 2018; George and Hug 2023; Hwang et al. 2023) and domains of life (Chen et al.
2021; Hwang et al. 2023). Various computational approaches to host prediction of prokaryotic
viruses exist (Edwards et al. 2016; Roux et al. 2023), with CRISPR spacer to viral protospacer
matches having relatively low sensitivity, but high specificity (Edwards et al. 2016). CRISPR
spacers can undergo rapid turnover in arrays both in in vitro experiments (Paez-Espino et al.
2013) and in natural communities (Andersson and Banfield 2008; Tyson and Banfield 2008;

Pride et al. 2011). Nonetheless, some spacers are selectively retained, which are predicted to
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target regions of viral genomes that are less amenable to mutational escape (Paez-Espino et al.
2013; Nasko et al. 2019). Examinations of CRISPR array variation and spacer conservation have
been performed across a variety of sample types (Garrett 2021), including in wastewater
(Martinez Arbas et al. 2021), but these examinations have not been performed with samples from
municipal waste sites. The open questions remain of whether the notable virus-host interactions
observed in a single municipal waste site, such as hyper-targeted viral elements, interviral
conflicts, and putative cross-phylum-infecting phages (George and Hug 2023, presented in
Chapter 2), are consistent across other municipal waste sites and whether these interactions are

underlain by conserved CRISPR array architectures.

Prokaryotic viral genomes are variable in size, but are canonically considered short,
efficient genomic elements constrained by their requirement to package into capsids for
infection. In recent years genomic approaches have increased the number of identified phage
genomes >200 kbp in size, with phages having >200 kbp genomes being referred to as
jumbophages and phages having >500 kbp genomes referred to as megaphages (Paez-Espino et
al. 2016b; Yuan and Gao 2017; Devoto et al. 2019). The current record length for a circularized
megaphage genome is 735 kbp (Al-Shayeb et al. 2020). These less streamlined phage genomes
have more coding space, and have been shown to carry genes encoding tRNAs and associated

enzymes, other translation machinery, and CRISPR-Cas systems (Al-Shayeb et al. 2020).

During infections, viruses may augment or modify the metabolism of their hosts through
Auxiliary Metabolic Genes (AMGs; Lindell et al. 2004; Ignacio-Espinoza and Sullivan 2012;
Hurwitz et al. 2013; Anantharaman et al. 2014; Kieft et al. 2021). The functions of these AMGs
can include contaminant modification/degradation. Recent research provides evidence of viruses

encoding arsenic resistance and transporter genes in arsenic-contaminated paddy soils (Gao et al.
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2023), and has shown viruses aiding their hosts’ survival in organochlorine contaminated soils
with AMGs involved in organochlorine degradation (Zheng et al. 2022; Yuan et al. 2023). This
phenomenon of contaminant modification/degradation genes being provisioned by viruses to
their hosts has yet to be examined in municipal waste sites, which are highly and

heterogeneously contaminated systems.

3.2 Methods

Sampling

This study makes use of 27 in-house metagenomes that were sequenced from samples from three
distinct landfills. 14 metagenomes were sequenced from an active municipal landfill and
adjacent aquifer in Southern Ontario (SO), sampled twice one year apart (July 2016 [SO 2016]
and October 2017 [SO 2017]) and described previously (Sauk and Hug 2022; George and Hug
2023). Nine metagenomes were from a northeastern United States active municipal landfill
(NEUS) in which nine distinct cells were sampled in February 2019 as described previously
(Grégoire et al. 2023). At the time of sampling, the oldest cell had received waste from 1980 to
1982 (39 years of waste decomposition time), whereas the youngest cell began receiving waste
in 2014 (5 years of waste decomposition time). The final four metagenomes came from a closed
landfill from Southern California (CA) that was sampled in June of 2019. The CA landfill was
operational from the mid 1960s to the mid 1990s and received both municipal and hazardous
waste. The landfill has been closed for over 20 years but remains under management for
contaminant containment. Leachate from one leachate well and the influent leachate to the
leachate treatment plant were collected in sterile 500 mL containers. An additional sample of the
treatment plant biofilter sludge was taken, with biomass split between planktonic and solid

materials. All samples were passed through 0.2 um Sterivex filters (Sigma Aldrich) until the
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filters clogged, with a minimum of three filters taken per sample (~50-500 mL of volume

processed per site).

The viral fraction of the SO landfill metagenomes was described from the perspective of viral-
host interactions in Chapter 2 (George and Hug 2023). None of the other metagenomes have
been analyzed for their viral fraction, and all cross-site comparisons as well as AMGs and

megaphage analyses are novel to this chapter.

DNA extractions, sequencing, and host genome binning

DNA extractions for the SO landfill and adjacent aquifers and the NEUS samples have been
previously described (Sauk and Hug 2022; Grégoire et al. 2023; George and Hug 2023). DNA
extractions for the CA landfill were completed using the Qiagen Power Soil Pro kit following the
manufacturer’s instructions with the addition of the sterivex filter directly into the bead beating
tube in place of soil. Metagenome sequencing, analysis, and host genome binning were
performed as previously described for the SO and NEUS samples (Grégoire et al. 2023; George
and Hug 2023). The CA landfill samples underwent metagenomic sequencing at The Center for
Applied Genomics (Toronto), generating 2x150 bp reads on an Illumina HiSeq. For metagenome
assembly and host genome binning, the same pipeline as for previously analyzed landfill
metagenomes was used. In brief, read trimming was accomplished with bbduk
(https://github.com/BiolnfoTools/BBMap/blob/master/sh/bbduk.sh) and sickle

(https://github.com/najoshi/sickle). Spades3 (Bankevich et al. 2012)

(https://cab.spbu.ru/software/spades/) under the -meta flag with kmers 33, 55, 77, 99, and 127
was used for assembly. Scaffolds > 2.5 kbp were retained for further analyses. Read datasets

were mapped to assembled metagenomes using Bowtie2 (Langmead and Salzberg 2012).

Scaffolds were binned using CONCOCT (Alneberg et al. 2014), MaxBin2 (Wu et al. 2016),
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MetaBAT?2 (Kang et al. 2019), and consensus bins determined using DAS Tool (Sieber et al.
2018). Resultant bins were quality assessed using CheckM (Parks et al. 2015), and taxonomically
classified using the Genome Taxonomy Database Toolkit (Chaumeil et al. 2019). Genome bins
that were >70% complete and less than 10% contaminated (defined as, at minimum, medium
quality draft Metagenome Assembled Genomes (MAGs; Bowers et al. 2017)) were used as
putative host MAGs in further analyses.

Viral identification, classification and genome binning

All scaffolds with a minimum length of 5 kbp were put through VirSorter2 (VS2; Guo et al.
2021) and CheckV (Nayfach et al. 2021) sequentially, following the protocol at

dx.doi.org/10.17504/protocols.io.bwmSpc86. Since CheckV, along with all other state-of-the-art

tools, may not detect proviral region boundaries accurately, all proviruses identified by CheckV
were discarded to maintain the integrity of further analyses, including AMG identification. All
putative non-integrated viruses that had either at least one viral gene annotated by CheckV, or
had zero viral and host genes annotated by CheckV, were retained for subsequent clustering with
CD-HIT-est (Li and Godzik 2006) using a global sequence identity threshold of ¢ = 0.95. Viral
genome binning was performed on the dereplicated set of viral scaffolds using vRhyme (Kieft et
al. 2022). For viral taxonomic assignment, clustering, and comparisons of the landfill virome to
related systems, predicted viral scaffolds with a minimum length of 10 kbp were input to
vConTACT?2 (Bin Jang et al. 2019) along with 24,982 viral elements from wastewater samples
and 20,541 viral elements from groundwater samples (all of which were > 10 kbp and obtained
from IMG/VR (Paez-Espino et al. 2016a), and the vConTACT?2 reference database “Prokaryotic
Viral Refseq version 85 with ICTV-only taxonomy”). 10 kbp is the minimum size requirement

for vConTACT?2 hence viral scaffolds were size filtered accordingly. To assess the genetic
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similarity of landfill viruses across distinct landfills specifically, vConTACT2 was run a second

time on all > 10 kbp viral elements identified from our landfill metagenomes.

In cases where we identified putative megaphages, we annotated terminase large subunit
ORFs using HMMER3 (Eddy 2011) and Hidden Markov Models (HMMs) from the Virus

Orthologous Groups database (https://vogdb.org/, release number vog218) and the Prokaryotic

Virus Orthologous Groups (pVOGs) datatabase (Grazziotin et al. 2017). Predicted large
terminase subunits were confirmed with VIBRANT (Kieft et al. 2020). Predicted large terminase
subunit sequences were aligned with other giant phage large terminase subunit sequences (Al-
Shayeb et al. 2020) using MUSCLE (Edgar 2004) version 5.1.linux64 and the Super5 algorithm.
ModelTest-NG (Darriba et al. 2020) was used to predict the best protein evolutionary model
from the MUSCLE alignment. A phylogenetic tree was inferred using RAXML v.8.2.12
(Stamatakis 2014) under the PROTGAMMAVTF model and was visualized using Geneious

(Kearse et al. 2012).

Virus-host linking

Viral elements that were either at least 10 kbp in size, or at least 5 kbp in size if they were within
a VMAG, were linked to their hosts through matching host CRISPR array spacers to viral
protospacers. CRISPR arrays in host MAGs were detected using MINCED

(https://github.com/ctSkennerton/minced) with the following parameters: -minSL [minimum

spacer length] set to 25 and the -spacers flag included to output a fasta file of all identified
CRISPR spacers. These CRISPR spacers were BLASTn (Altschul et al. 1990) searched against
viral elements with -task set as ‘blastn-short’, with alignments retained only if they had at most

one mismatch, no gaps, a query coverage of >90% (Chen et al. 2021) and an E-value < 10,

Cross-phylum infection curation
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All host MAGs involved in putative cross-phylum interactions were manually examined to
assess the legitimacy of the interaction and to reduce the likelihood of incorrectly binned
scaffolds leading to predicted cross-phylum interactions. First, the CRISPR-array encoding
scaffolds of the MAGs predicted to target a putative cross-phylum infecting virus were ensured
to be at least 10kb in length. Next, we required all MAGs predicted to be involved in cross-

phylum interactions to have a maximum contamination of 5.00% according to CheckM.
Assessment of CRISPR-Cas targeting space within and across landfills

Using the same workflow described above in “Virus-host linking,” we examined how often host
CRISPR spacers from a site targeted viral elements from the same site and from different sites.
Using a custom Python script, we next detected spacers that were encoded multiple times in a
single dataset or those that were shared between data sets, with no mismatches. Reverse
complements were considered matches, but hits between a query spacer and a subsequence of a
larger spacer were not considered as matches, as an exact length match requirement was

implemented.
Auxiliary metabolic gene (AMG) detection

AMGs were detected by inputting all dereplicated viral scaffolds into VIBRANT, which
provides AMG predictions, with the ‘--virome’ flag. Predicted AMGs with limited or no prior
representation in literature were manually curated as follows: the genomic neighborhoods of
these putative AMGs were examined for obvious host genes, integrase presence and position,
flanking viral hallmark genes, and hypothetical viral genes to assess whether predicted AMGs
were due to microbial scaffolds misannotated as viral scaffolds or microbial genes proximal to

integrated prophage. To compare the incidence of rare municipal waste site-derived AMGs to
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other systems, 100,000 viruses (> 5 kbp) were randomly sampled from IMG/VR v4 (Camargo et

al. 2023) and subjected to the same AMG detection pipeline.

3.3 Results

Viral proportion and genome sizes

In the SO 2016 samples, viral scaffold prediction by VS2 and CheckV, followed by clustering
with CD-hit, resulted in a total of 22,658 unique viral scaffolds (min size 5 kbp and 27 scaffolds
> 200 kbp). The SO 2017 samples had a total of 37,182 unique viral scaffolds (min size 5 kbp,
69 scaffolds > 200 kbp), the NEUS samples had a total of 31,944 unique viral scaffolds (min size
5 kbp, 31 scaffolds > 200 kbp), and the SC samples had a total of unique 5,419 viral scaffolds
(min size 5 kbp, 11 scaffolds > 200 kbp). Collectively, 97,203 viral scaffolds > 5 kbp were
identified (Table 3.1). Notably, seven of these viral scaffolds are predicted to be nearly complete
or complete megaphage genomes as they are > 500 kbp in length. Six out of seven of these
sequences are predicted to be 100% complete according to CheckV’s identification of high-
confidence Direct Terminal Repeats (DTRs) in the sequences, and all seven sequences were
predicted to circularize by vRhyme (Table 3.2). Large terminase subunit genes were identified in
six out of seven putative megaphages, with five of these sequences placing within the
Mahaphage clade of giant phages (Al-Shayeb et al. 2020) in a phylogenetic tree (Figure 3.1), and
one of them being unclassified under the most recent classification scheme for giant phages (Al-
Shayeb et al. 2020). The two largest putative megaphage sequences are ~641 kbp
(NEUS_megaphage 1) and ~678 kbp (SO 2017 megaphage 1) in size. The 678 kbp phage is,
to our knowledge, the third largest phage genome reported to date, with the largest previously

reported phage genomes being 634, 636, 642, and 735 kbp from one report (Al-Shayeb et al.
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2020), 656 kbp from another (Michniewski et al. 2021) and 717 kbp from a third (Chen and

Banfield 2023).

Table 3.1: Summary statistics for metagenomes, MAGs, and viral scaffolds from the

sampling sites.

Site # of Read count Scaffolds MAGs!' viral scaffolds % viral®
Metagenomes >5 kbp >5 kbp®

SO 2016 6 1,135,023,824 190,754 688 23,893 12.43

SO 2017 8 1,822,382,124 269,004 1,064 39,612 13.53

NEUS 2019 9 1,869,347,618 530,926 1,881 36,453 6.66

CA 2019 4 862,249,102 231,655 762 6,410 2.15

1 — Quality filtered bins with >70% completion, <10% contamination
2 — viral scaffolds detected (prior to CD-HIT clustering)
3 — % of total nucleotides in assembled scaffolds >5 kbp predicted to be of viral origin
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Table 3.2: Genome statistics for megaphages identified in this study.

Megaphages from this study Genome length (bp) Sample site % complete Gene count VIBRANT CRISPR-encoding
AMG count (spacer count)

NEUS megaphage 4 508,676 NEUS 100 643 21 Y (32)
SO_2016_megaphage 518,809 SO_2016 100 812 20 N
NEUS megaphage 3 589,338 NEUS 100 791 17 N
SO_2017_megaphage 2 617,251 SO_2017 100 900 11 N
NEUS megaphage 2 623,658 NEUS 100 920 10 N
NEUS megaphage 1 641,243 NEUS 100 1,001 14 Y@3)
SO 2017 megaphage 1 678,337 SO 2017 97.76 1,128 20 Y (10)
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Genetic relatedness of viruses across ecosystems

vConTACT?2 uses shared protein clusters (PCs) to delineate viral clusters (VCs) (Bin Jang et
al. 2019). vContTACT?2 was run against all >10 kbp viral elements (34,499) detected in our
samples, along with a total of 45,523 viral elements from IMG/VR (Paez-Espino et al.
2016a) detected in either wastewater samples (24,982) or groundwater samples (20,541), and
the “Prokaryotic Viral Refseq version 85 with ICTV-only taxonomy” reference database
(2,617 reference sequences) (Figure 3.2). None of the viruses (>10 kbp) detected in our
samples were classified at the order, family, or genus level using vConTACT2’s taxonomy
framework. 17,164 of the landfill-derived viruses were placed into novel genus-level
groupings, with unassigned taxonomy, and 3,579 of the landfill-derived viruses were
singletons. The remaining 13,756 viruses were either outliers that shared some PCs with
viruses in VCs, viruses that overlapped between two VCs, or viruses that were ambiguously
considered clustered or singletons. While some viral elements across landfills, wastewater,
and groundwater showed similarity (seen mainly in the top half of the network, Figure 3.2),
there were numerous groups that only included viruses from the same sample type (mainly in
the bottom half of the network; Figure 3.2). We next used vConTACT?2 to examine how
similar viral communities are across the different landfill samples specifically (Figure 3.3).
Compared to the gene-sharing network that included wastewater and groundwater viruses
(Figure 3.2), the gene-sharing network including just landfill viruses showed a much higher
level of viral clustering (Figure 3.3) i.e., Figure 3.2 contains 13,163 VCs and Figure 3.3

contains only 6,463 VCs. The lower level of clustering observed in Figure 3.2 compared to
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Figure 3.3, however, is at least partially influenced by some viral elements from outgroups
(i.e., wastewater and groundwater) in Figure 3.2 sharing more PCs with viruses that were
loosely linked in the large bundle of viruses observed in Figure 3.3, resulting in

fragmentation of that group.
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Figure 3.1: A: Phylogenetic placement of newly discovered megaphages. Phylogenetic
reconstruction was based on an alignment of large terminase subunit encoding sequences
from this study (n=6) and those from a reference study (n=1,256, Al-Shayeb et al. 2020).
Stars indicate the clades in which megaphages identified in this study were placed (Al-
Shayeb et al. 2020). B: Placement of four newly discovered megaphages in a clade specific
to huge phages. References phages in this clade include some of the largest phages identified
from a previous study (Al-Shayeb et al. 2020). The sizes of reference phage genomes are

indicated if they are >600 kbp.
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Figure 3.2: Gene-sharing network of landfill viruses with related groups from IMG/VR.

Nodes represent viral elements and are coloured by sample site as summarized in the legend.
Nodes connected by edges represent viral elements that share protein clusters. Network was
generated using vConTACT2. The vConTACT?2 reference database used was Prokaryotic
Viral Refseq version 85 with ICTV-only taxonomy.
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Figure 3.3: Gene-sharing network of landfill viruses. Viral nodes are coloured by the
landfill they were identified in. Nodes connected by edges represent viral elements that share
protein clusters. Network was generated using vConTACT2. The vConTACT2 reference

database used was Prokaryotic Viral Refseq version 85 with ICTV-only taxonomy.

Host-virus connections within and across landfills

We examined CRISPR spacer to viral protospacer targeting both within a particular landfill
site and across distinct landfills/times. SO 2016 showed the strongest targeting to

NEUS 2019, having more spacer to protospacer matches than NEUS 2019 did to SO 2016,
327 vs. 262, despite NEUS 2019 having almost four times the number of spacers as

SO 2016 (Table 3.3). SO_2017 showed strongest targeting to its preceding temporal dataset,

SO 2016. NEUS 2019 spacers targeted viruses in its own dataset most strongly. Lastly,
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CA_ 2019 was targeted least often by spacers from other datasets. Despite having, at
minimum, nearly four times fewer viral elements than the other datasets, CA 2019 spacer to
protospacer matches were the second highest out of all 16 comparisons (Table 3.3). The

SO 2016 networks showed a low diversity of both hosts and viral elements, but two host
MAGs, LW2 3 and LW2 22, had 55 and 32 CRISPR spacer matches, respectively, to a
single VMAG. Notably, this VMAG contained two out of four viruses that were hyper-
targeted, as described in Chapter 2. All sample sites showed instances of hyper-targeted viral
elements and/or vMAGs, which we previously defined as viral elements (or vVMAGs)
targeted at least 20 times by a single host’s complement of CRISPR spacers (George and
Hug 2023, presented in Chapter 2). The maximum number of spacer-to-protospacer matches
between a host MAG and a viral element (or vVMAG) per dataset are 55 (SO_2016), 24

(SO _2017), 32 (CA_2019), and 22 (NEUS_2019). After curation, across all networks, a total
of five vMAGs and one viral element were predicted to infect across distinct phyla (Table
B.1), with one vVMAG from NEUS 2019 predicted to infect three distinct bacterial phyla:
Bacteroidota, Cloacimonadota, and Firmicutes B. The SO 2016 network was the only
network that didn’t include putative cross-phylum infections. Lastly, considering the
relatively low viral scaffold count from the CA_ 2019 dataset (Table 3.1), it showed relatively

high host and viral diversity in its network (Table 3.4).
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Table 3.3. Host CRISPR spacer to viral protospacer targeting within and across municipal
waste sites. Host CRISPR spacers and viral elements were not dereplicated for this analysis. VE

= viral elements.

# of spacer-protospacer matches (# VE)

Dataset (spacer count) to SO 2016 to SO 2017 to NEUS 2019 to CA_2019
(23,893 VE) (39,612 VE) (36,453 VE) (6,410 VE)

SO 2016 (5,446) 266 186 327 12
SO 2017 (12,578) 461 451 443 21
NEUS_2019 (20,236) 262 654 1,595 79
CA 2019 (9,299) 119 39 121 853

Table 3.4: Virus-host networks summary. Virus-host interactions are based on host MAG
CRISPR spacers and viral element, or vVMAG if element was binned, protospacer connections.
Unique links = 1 MAG to 1 viral element, regardless of number of spacer-protospacer

connections.

Network Host MAGs  Viral scaffolds or vVMAGs Unique links

SO_2016 13 20 22
SO_2017 73 100 115
NEUS 2019 169 206 321
CA 2019 68 86 127

CRISPR spacer conservation within and across waste sites

We next examined conservation of specific CRISPR spacers within and between landfill samples
(Table 3.5). Generally, SO 2016 and SO 2017 had the most spacers in common, which was
expected given they are temporal samples from the same location, and with overlapping

sampling sites. The CA_ 2019 spacer set had very limited overlap with the other landfill sites.
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Table 3.5: Shared CRISPR spacers within and between landfill datasets. Each dataset’s host
spacers were dereplicated by CD-Hit at 100% identity for this analysis. Shared spacers required

exact matches. Reverse complement matches were included in this analysis.

Dataset Number of Spacers Spacers Spacers shared Spacers
host spacers shared with shared with with NEUS_2019 shared with

SO _2016 SO _2017 CA_2019

SO _2016 5,361 N/A 1,252 162 6
SO _2017 11,812 1,252 N/A 174 10
NEUS 2019 17,581 162 174 N/A 17
CA 2019 7,223 6 10 17 N/A

Viral auxiliary metabolic genes

Across all landfills, a total of 582 unique AMGs were identified (Table B.2), representing
functions across all major cellular processes (Figure 3.4). AMG profiles across different landfills
and compared to the IMG/VR dataset were quite similar, with the exception of CA_ 2019 (Figure
3.4). CA_2019 was the only landfill to receive industrial waste in addition to municipal waste
and had relatively high counts of AMGs associated with lipid, amino acid, and aromatic
compound metabolism, and comparatively low counts of AMGs associated with carbohydrate
and terpenoids/polyketide metabolism. AMGs for processes that had not previously been
associated with viruses or those that had very limited representation in literature were manually
curated (Table 3.7). AMGs of high interest that passed manual curation included those predicted
to be involved in carbohydrate metabolism, methane metabolism, and sulfur metabolism. The
CA 2019 dataset included an AMG predicted to have a role in degradation of organochlorine
compounds, which has been observed in previous studies (Zheng et al. 2022; Yuan et al. 2023).
Numerous AMGs were also predicted in the putative megaphages - full details of VIBRANT-

predicted AMGs encoded by these putative megaphages are available in Table B.3.
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Figure 3.4: AMG metabolism category proportions across datasets. AMGs were detected
using VIBRANT. The IMG/VR dataset was used as a reference and was generated by randomly
sampling 100,000 viruses from IMG/VR4 that were >5 kbp in size. The legend denotes AMG
metabolism categories assigned by VIBRANT. Counts of viral elements (>5 kbp) per in-house
dataset are as follows: SO 2016 - 23,893, SO_2017 - 39,612, NEUS 2019 - 36,453, CA_2019 -
6,410.
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sampling 100,000 viruses from IMG/VR4 that were >5 kbp in size. Counts of viral elements (=5
kbp) per in-house dataset are as follows: SO 2016 - 23,893, SO 2017 - 39,612, NEUS 2019 -
36,453, CA_2019 - 6,410.
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Table 3.6: Notable auxiliary metabolic genes encoded by viruses in the landfill datasets.
Yellow highlighted entries represent functions also observed in 100k randomly selected IMG/VR

prokaryotic viruses, but which are not widely reported in the literature. Functions are presented

in alphabetical order according to AMG name.

AMG name Sites Times AMG function

where identified

identified  per site
aprB; adenylylsulfate reductase, SO _2017 SO _2017: 1 Sulfur metabolism
subunit B [EC:1.8.99.2]
dehH; haloacetate dehalogenase CA CA:1 Chlorocyclohexane and
[EC:3.8.1.3] chlorobenzene degradation,

Chloroalkane and chloroalkene
degradation

E3.2.1.1A; alpha-amylase NEUS NEUS: 1 Polysaccharide metabolism
[EC:3.2.1.1]
frhB; coenzyme F420 hydrogenase =~ SO_2016, SO_2016: 1 = Methane metabolism
subunit beta [EC:1.12.98.1] SO 2017 SO 2017: 8
hdrA2; heterodisulfide reductase NEUS NEUS: 1 Methanogenesis
subunit A2 [EC:1.8.7.3 1.8.98.4 SO 2017:1
1.8.98.5 1.8.98.6] / 4Fe-4S binding
domain
mcerD; methyl-coenzyme M CA CA:1 Methanogenesis, anaerobic
reductase subunit D methane metabolism
mddA; methanethiol S- CA, CA:1, Methionine metabolism to
methyltransferase [EC:2.1.1.334] SO 2017 SO 2017:1 dimethyl sulfide
phoD; alkaline phosphatase D CA,NEUS CA:3 Alkaline phosphatase
[EC:3.1.3.1] NEUS:1
rbcL; ribulose-bisphosphate NEUS, NEUS:1 D-ribulose 1,5-bisphosphate
carboxylase large chain SO 2016, SO 2016:1 carboxylation, carbon dioxide
[EC:4.1.1.39] SO 2017 SO 20173 fixation
soxX; L-cysteine S- CA CA:1 Thiosulfate oxidation

thiosulfotransferase [EC:2.8.5.2]

3.4 Discussion

Here we examined the diversity of viruses in municipal waste sites, contaminated engineered

systems with limited prior exploration of microbial community dynamics beyond microbial

taxonomic diversity. Limited overlap between viral communities from wastewater and our

landfills was observed (Figure 3.2). This suggests that, while engineered sites as a whole are

underexamined from a viral community perspective, two distinct contaminated engineered sites,



i.e., landfills and wastewater, can vary considerably in their viromes. When we compared our
landfill communities relative to each other, we observed multiple Viral Clusters (VCs) that either
included viral elements from more than one landfill site or were closely connected to VCs of
viral elements from another landfill site (Figure 3.3). This suggests that the landfill virome is
conserved, but distinct relative to the wastewater virome. None of the landfill-derived viruses
were able to be taxonomically classified in a comparison to reference viruses using vConTACT2.
Coincident with writing this thesis, but after performing our vConTACT2 analyses, the
International Committee on Taxonomy of Viruses (ICTV) radically changed their taxonomic
classification of prokaryotic viruses (Zerbini et al. 2023). The latest Virus Metadata Resource

from the ICTV is available (https://ictv.global/vmr). Many of the vConTACT?2 reference viruses

used here had changes to their taxonomy under this new classification, mainly due to the
abolishment of the order Caudovirales (Turner et al. 2023). This would not change the taxonomic
assignment of the landfill-derived viruses, as they were all unassigned, which indicates that the
diversity of landfills viruses is not well-represented by the NCBI viral RefSeq database used in
vConTACT?2. This is further evidenced by the absence of viral RefSeq reference genomes in
nearly 99% (6,023/6,116) of the VCs that include our landfill viral elements. We note that while
metagenomic discovery of prokaryotic viruses often outpaces taxonomic classification (Turner et
al. 2023), new tools are required to efficiently classify viruses under the most recently released

taxonomic frameworks (Turner et al. 2023; Zerbini et al. 2023).

Across all landfill datasets, we identified a total of 138 jumbophage genomes (i.e., those
>200 kbp in size) with seven predicted to be complete or nearly complete megaphage genomes
(i.e., >500 kbp). One of these putative megaphage genomes, SO 2017 megaphage 1, is ~678

kbp long, which is, to our knowledge, the third largest phage genome reported to date. It is
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noteworthy that the two largest megaphage genomes reported in literature (735 and 717 kbp)
were described in a report that examined 13 ecosystems (Al-Shayeb et al. 2020), and a report that
examined 231 freshwater metagenomes (Chen and Banfield 2023), respectively — these reports
are also over three years apart. This suggests that bacteriophage genomes of this size are very
rare in nature, yet despite this, we have identified several of these genomes from only two
ecosystems (landfills and their adjacent groundwater wells). The number of genes encoded by
the seven megaphages ranges from 643 to 1,128, with 10-20 predicted AMGs (Table B.3). Three
of the seven megaphages encoded CRISPR arrays, with the 641 kbp and 678 kbp phage genomes
now being the largest reported phage genomes to encode CRISPR arrays (exceeding the previous
length of 620 kbp reported by Al-Shayeb et al. 2022). None of the seven megaphages were
targeted within our virus-host networks, nor did the CRISPR arrays encoded by these viruses
target any other viruses in our data. We were able to identify the large terminase subunit genes
for six of the megaphages, which we used to place them in a reference tree of huge phages using
reference sequences from Al-Shayeb and colleagues (2020) (Figure 3.1). Four of our megaphage
genomes that were >600 kbp grouped together in a clade that included some the largest phage
genomes described in literature (Al-Shayeb et al. 2020; Chen and Banfield 2023), all of which
are considered as “Mahaphages” and predicted to infect members of the phylum Bacteroidetes
(Al-Shayeb et al. 2020; Chen and Banfield 2023). This suggests that while huge phages are
taxonomically diverse (Al-Shayeb et al. 2020), the phages with the largest genomes have shared

ancestry across unconnected environments.

In our virus-host networks, consistent with our previous work (George and Hug 2023),
we observed hyper-targeted viral elements and viral elements predicted to infect across distinct

phyla. Our consistent observation of putative cross-phylum infecting viruses in landfills, despite
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such viruses being reported in a limited number of other studies (Malki et al. 2015; Paez-Espino
et al. 2016b; Dalcin Martins et al. 2018; Hwang et al. 2023), suggests that landfills may be
enriched for these broadly infecting viruses. Recent work showed that these very broad host
range viruses are most often observed in syntrophic biofilms found in densely populated
ecosystems (Hwang et al. 2023). Landfills are typically anaerobic systems where labile carbon is
utilized fully through microbial handoffs and syntrophy, as evidenced by consistent and long-
term methanogenesis. Syntrophy is predicted to be widespread in landfills (Meyer-Dombard et
al. 2020), and biofilm modes of life likely dominate in solid waste repositories, meaning the
ecosystem characteristics of landfills are consistent with those predicted to select for broadly
infecting viruses (Hwang et al. 2023). While we manually curated our putative cross-phylum
interactions, and what we observe is consistent with existing literature, we note that because we
solely utilize CRISPR spacer-viral protospacer matches to identify these interactions, these
observations could stem from incorrectly binned CRISPR arrays. In-vitro evidence is necessary

to substantiate these predictions.

We identified conserved CRISPR spacers between our different landfill samples to test
whether landfills with higher similarity in their viral communities, and higher levels of virus-host
cross-targeting between sites, also shared similar protospacer targets in viral genomes.
Consistent with our examinations of viral community similarity, and cross-targeting, both
SO 2016 and SO_2017 shared >160 spacers with NEUS 2019, and SO 2016, SO_2017, and
NEUS 2019 all shared <20 spacers with CA_2019. Omitting shared spacers between SO 2016
and SO 2017, as they are temporal datasets from the same landfill, ~1-3% of spacers were
shared between SO samples and NEUS 2019 with 100% identity and equal length. This suggests

that landfills that share more similar viruses are more likely to share host CRISPR spacers,
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however, these shared spacers alone do not account for the cross-targeting observed between

these sites.

From examining 27 metagenomes from three geographically distinct landfills across
North America, we expand our previous work on landfill viromes (Chapter 2), showing that
landfill viral diversity is relatively conserved, but distinct relevant to similar environment types
such as wastewater and groundwater. We detected several instances of viruses predicted to infect
across distinct phyla, AMGs with limited reports in literature, and huge phage genomes.
Consistent with our previous observations (Chapter 2), we detected phages with the potential to
infect across distinct phyla in three geographically distinct waste sites. The observation of phages
with such a broad host range contrasts with the highly specific isolate phages used in phage
therapy applications. With limited phages isolates to choose from, researchers with interest in
phage therapy have turned to isolating phages from environments such as sewage and
wastewater in order to combat drug resistant infections (Alharbi and Ziadi 2021). Similar to the
phages predicted in our study, these environmental phages could have a host range beyond the
target pathogen, which may not be readily apparent through conventional assays. We therefore
suggest computational tools (Edwards et al. 2016; Roux et al. 2023) be used in combination with
conventional assays in order to clarify phage host ranges for therapeutic applications. Some
AMGs detected in this study have limited instances reported in literature, expanding our
knowledge of genes that can be laterally transferred within microbial communities through
Mobile Genetic Elements. These include genes involved in organochlorine and methane
metabolism, both of which are relevant to landfills as contaminated sites that are globally
significant producers of methane (Grégoire et al. 2023). Our consistent observation of some of

the largest bacteriophage genomes described to date in landfill metagenomes, despite phage
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genomes of this size being rarely reported in the literature, suggests that landfills may be a hot
spot for these viruses. Further examination of these huge phages and other landfill viromes may
expand our knowledge of the cellular genes harboured in huge phage genomes, which may
include novel genes encoding CRISPR-Cas systems that can be used in biotechnological

applications (Al-Shayeb et al. 2020, 2022).
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Chapter 4 Virally encoded CRISPR-Cas systems

4.1 Introduction

CRISPR-Cas systems are broadly classified into Class I and Class II systems, each with three
major types and multiple subtypes, all of which employ RNA-directed targeting of either DNA
or RNA (Makarova et al. 2020). Class II systems are of interest for biotechnological applications
as they are more streamlined in size, containing a single multi-domain effector nuclease (Van
Der Oost and Patinios 2023). In 2014, using metagenomic data, researchers were able to identify
new variants of Cas9 and novel Cas proteins that weren’t previously reported in literature (Zhang
et al. 2014). In 2017, Burstein and colleagues identified some of the most streamlined Class II
CRISPR-Cas systems seen to date, CRISPR-CasX (Cas12e) and CRISPR-CasY (Cas12d) from
metagenomic data (Burstein et al. 2017). Unlike in previous predictive work, these systems were
artificially synthesized and expressed in E. coli to prove they facilitate RNA-guided DNA
cleavage (Burstein et al. 2017). This discovery illustrated the strong potential of metagenomic
methods to augment discovery of novel CRISPR-Cas systems not represented in cultivated
bacteria and archaea. Subsequent metagenomic and biochemical studies described additional
minimal CRISPR-Cas systems from microbes, details of which are well-summarized in two
works (Makarova et al. 2020; Van Der Oost and Patinios 2023). These “minimal” systems
contain smaller effector proteins, some of which are not dependent on accessory genes, or genes

previously thought to be essential.

CRISPR-Cas systems and their evolutionary progenitors are not exclusively encoded in
prokaryote genomes: multiple Mobile Genetic Elements (MGEs) including plasmids,
bacteriophages, and insertion sequences encode CRISPR-Cas systems and their predecessors

(Faure et al. 2019b; Koonin et al. 2020). Indeed, Class II system effector nucleases that target
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DNA (see Figure 4.1 for the current nomenclature) are predicted to have evolved multiple times
from proteins encoded by insertion sequences. These insertion sequence-encoded proteins
include IscB, the likely ancestor of Cas9, and TnpB, the likely ancestor of Cas12 (Altae-Tran et
al. 2021), both of which Cas descendants have been repurposed as genetic engineering tools
(Altae-Tran et al. 2021; Karvelis et al. 2021). The subtype V-U systems are predicted to be
evolutionary intermediates between TnpB and full-fledged type V effectors (Figure 4.1,
Makarova et al. 2020). The shared ancestry of Class II Cas effector nucleases, IscB, and TnpB is
apparent through a common nuclease domain known as RuvC (Makarova et al. 2020), which is

depicted in light green in Figure 4.1.

Virus-encoded CRISPR arrays and CRISPR-Cas systems have been identified from a
variety of environments (Minot et al. 2011, 2013; Seed et al. 2013; Hargreaves et al. 2014;
Chénard et al. 2016; Faure et al. 2019; Medvedeva et al. 2019; Al-Shayeb et al. 2020, 2022;
George and Hug 2023) and are involved in crippling host viral defense systems (Seed et al.
2013); regulating host transcription and translation (Al-Shayeb et al. 2020); CRISPR-Cas system
inhibition (Faure et al. 2019b); and interviral conflicts (Faure et al. 2019; Medvedeva et al. 2019;
George and Hug 2023). In the case of interviral conflicts, a CRISPR-encoding virus, integrated
as a provirus, can provide its host with immunity against other viruses, akin to a superinfection

exclusion system (Faure et al. 2019).

65



DNA

DNA

DNA

DNA

DNA

DNA

DNA

DNA

DNA

DNA

DNA

DNA
DNA

RNA

Subtypes Variants

RuvC | Il HNH 11l
i e e [ ]

cas9 casl  cas2 cas4 tracrRNA CRISPR
RuvC | Il HNH

E T e e [1osel]

cas9 casl  cas2 csn2 tracrRNA CRISPR

RuvC | I HNH I [l(}l()l]

cas9 casl cas2 tracrRNA CRISPR

RuvC [ I HNH 1l
EmmrT [ [fotol

cas9 tracrRNA CRISPR  cas4
RuvC I, II, Il

cas2  casl

rotol]

CRISPR

[ [1olod]

casl cas2 tracrRNA CRISPR

W rotof]

cas4 casl cas2 tracrRNA CRISPR

RuvC 1, II, Il I [|<>|<>|]

tracrRNA CRISPR

cas4 casl cas2

casl2e

casX pwc i,

cas4
cas12b1
c2c1

cas4 casl cas2 casl2b2
RuvC I, 11, 11l

L e [I0100]

cas12i
RuvC I, I, Il

[ —— ]

cas12h
RuvC |, 11, 11l

1ol

CRISPR
RuvC |, Il Il

casl casl2c
c2c3

[1otol]

“cas1  CRISPR

cas12d
cas
RuvC I, II, Il

W (poBol]
casl cas2 cas4 cas12fl  tracrRNA CRISPR
4

RuvC I, I, Il caslda

o1

c2c10 CRISPR

RuvC I, II, IIl [lQI()I:I

calefZ CRISPR™ casl  cas2

casl
Rqu 110

—:.[|<>|<>|]

CRISPR

10l

CRISPR

cas4

RuvC I, I, Il

B0

RuvC [, II, IIl

D (ool

casl cas2 cas12f3 CRISPR
RuvC I, I, I casle

-:»[ el

CRISPR
RuvC|, II, Il

[1otol]
CRISPR tracrRNA
RuvC I, II, 1l

----- <D [1otol]

cas12k tracrRNA CRISPR
c2c5

casl2g

tnsB - tnsC - tiQ

11-B

I-A

1-C1

1-C2

V-A

\2

V-H

v-C

V-D

V-F1

V-F1 (V-U3)

V-F2

V-U2

V-U4

V-F3

V-U1

V-G

V-K (V-U5)

Figure 4.1: Classification of Class II CRISPR-Cas systems. This figure was adapted from Makarova et

al. 2020, “Evolutionary classification of CRISPR—Cas systems: a burst of class 2 and derived variants.”

Representative CRISPR-Cas loci for Class II subtypes and selected variants are displayed. The

dendrogram depicts the likely evolutionary relationships between loci. Commonly used legacy names are

denoted below systematic names where relevant. Dispensable modules are in dashed lines. Effector

modules/nucleases are those containing RuvC domains (light green). Subtypes V-U(1-5) have not been

experimentally validated.
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A large-scale investigation into giant phages by Al-Shayeb and colleagues (Al-Shayeb et
al. 2020), and a follow-up study validating the genome-editing potential of a virus-encoded Cas
protein, Cas12®, (Pausch et al. 2020), highlighted virally encoded CRISPR-Cas systems as an
avenue for discovery of new CRISPR-Cas systems with divergent properties. Potentially owing
to the strong evolutionary pressure on viruses to maintain compact genomes, virally encoded
CRISPR-Cas systems are quite minimal, making some of them excellent candidates for
development as biotechnological tools (Pausch et al. 2020). A survey of a more complete set of
phage genomes, i.e., not just those of giant phages, illustrated a wide diversity of virally encoded
CRISPR-Cas systems, and an enrichment in streamlined Class II CRISPR-Cas systems. This
study was the first to report a second Cas12 system exclusively encoded by viruses, the Cas12A
(Cas12L), representatives from which were also validated for genome-editing capabilities (Al-
Shayeb et al. 2022). Considering that some of the newest and most streamlined additions to the
CRISPR-Cas toolkit have been identified from viral metagenomics data, investigations into
virally encoded CRISPR-Cas systems in other metagenomic datasets is a worthwhile endeavor.
In thesis Chapters 2 and 3, CRISPR arrays were detected in diverse viral populations from
municipal landfills. Here, we examine the Cas effector nuclease genes in the vicinity of these
viral CRISPR arrays to assess the encoded diversity of Cas systems in landfill prokaryotic
viruses, and to determine if any virally encoded CRISPR-Cas systems detected are novel Class 11

systems.

4.2 Methods

Viruses encoding CRISPR arrays and interviral conflicts

Viruses were previously detected in 27 metagenomes using VirSorter2 and CheckV as described

in Chapter 3, section 3.2. All predicted viral elements were screened for CRISPR arrays using
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MINCED (https://github.com/ctSkennerton/minced) with the following parameters: -minSL

[minimum spacer length] set to 25 and the -spacers flag included to output a fasta file of all
identified CRISPR spacers. To examine whether virally encoded CRISPR arrays targeted other
viral elements, the spacer sequences from viral CRISPR arrays were BLASTn searched against
all non-CRISPR-array-encoding viruses identified in this study (-task set as ‘blastn-short’, with
alignments retained only if they had at most one mismatch, no gaps, a query coverage of > 90%
and an E-value < 10"*). Any hits were annotated using the latest release of the Virus Orthologous

Groups database (https://vogdb.org/, release vog217). vConTACT2 (Bin Jang et al. 2019) was

employed to determine whether viruses predicted to encode CRISPR systems were
taxonomically distinct relative to viral elements that were not predicted to encode CRISPR

systems.
Cas effector genes proximal to viral CRISPR arrays

CRISPRCasTyper (Russel et al. 2020) was used for automated detection of CRISPR-Cas
operons in viral elements predicted to encode CRISPR arrays. Manual detection of Class II
effector nucleases was performed as follows. All 10 kbp regions directly upstream or
downstream from CRISPR arrays were examined for Open Reading Frames (ORFs) using
prodigal (Hyatt et al. 2010) (flags -m -p meta -q). All predicted ORFs that were 300-800 amino
acids (aa) in length were retained for further analyses to identify streamlined Class II proteins.
This 800 aa limit was set to exclude Cas protein effectors that were not smaller in size than the
current most streamlined Cas effector subtype, Cas12®/Cas12j, whose members are ~800 aa in
size (Al-Shayeb et al. 2020; Pausch et al. 2020). Class II effector-encoding cas genes proximal to
CRISPR arrays were predicted by querying CRISPR-array-adjacent ORFs using profile Hidden

Markov Models (HMMs) (Eddy 1998) obtained from previous studies (Burstein et al. 2017;
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Russel et al. 2020) and HMMER v.3.2.1 (Eddy 2011). Additionally, BLASTp (Altschul et al.
1990) searches were performed using multiple protein families that have been previously
classified, and in some cases experimentally validated, as queries: TnpB (the predicted ancestor
of Cas12 nucleases [Shmakov et al. 2017; Makarova et al. 2020]); subtypes of Cas12; V-U
nucleases (some of which have not been validated for interference activity); and Cas14
(Harrington et al. 2018; Makarova et al. 2020; Al-Shayeb et al. 2020; Wu et al. 2022); along with
the recently identified and experimentally validated phage-encoded Cas12® (Cas12j) and
Cas12) (Cas12L). The screen did not include type VI effector proteins as queries, which are
RNA-guided RNA targeting systems, as previous work demonstrates these systems aren’t nearly
as common in viruses compared to the other Class II systems, i.e., type II and type V (Al-Shayeb

et al. 2022), and I was specifically interested in systems capable of DNA manipulation.
Identification of putatively novel Cas protein effectors

Examinations were focused on type II and type V nucleases, as diverse nucleases of these types
were previously identified in phages (Al-Shayeb et al. 2022). All ORFs that hit to type II
nucleases were manually examined for the presence of RuvC and HNH motifs. ORF hits to type
V nucleases were gathered. Due to some type V nucleases having very low identity to other
subtypes (Al-Shayeb et al. 2022), we also generated a separate dataset of all ORFs proximal to
viral CRISPR arrays that were not identified as matches using our profile HMM or BLASTp
searches (“Proximal ORFs”). The Proximal ORFs were combined with all reference type V
nucleases and TnpB sequences, and aligned using MUSCLE version 5.1.linux64 and the super5
algorithm. ModelTest-NG (Darriba et al. 2020) was used to predict the best protein evolutionary
model from the MUSCLE alignment. A phylogenetic tree inferred using RAXML v.8.2.12

(Stamatakis 2014) with -m PROTGAMMAVTF was visualized using Geneious. Since the
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Proximal ORFs/proteins that were not hit by reference HMMs could include cas genes that don’t
encode effector nucleases, or genes unrelated to CRISPR-Cas systems, putative effector proteins
in this set were identified through BLASTp searching representatives of each clade of sequences
on the phylogenetic tree against NCBI’s non redundant protein database (nr). A clade was
retained only if the proteins/domains hit in nr were hypothetical proteins, TnpB, or
endonucleases (excluding restriction endonucleases). Each retained clade was manually
examined for RuvC motifs, and those with a detectable RuvC signature that also clustered close
to known type V effector proteins and TnpB in the phylogenetic tree, were retained as putative
Cas effector proteins. This subset of the Proximal ORFs dataset was then combined with the
predicted effector ORFs that were identified through the HMM and/or BLASTp searches. This
final aggregated dataset was aligned using MUSCLE version 5.1.linux64 and the PPP algorithm,
due to smaller input size. ModelTest-NG (Darriba et al. 2020) was used to predict the best
protein evolutionary model from the MUSCLE alignment (Edgar 2004). A phylogenetic tree was
inferred using RAXML v.8.2.12 (Stamatakis 2014) with -m PROTGAMMAVTF and was

visualized using Geneious.

4.3 Results

Virally encoded CRISPR arrays and interviral conflicts

A total of 106,371 unclustered landfill-derived viral elements that were >5 kbp were included in
examinations of virally encoded CRISPR arrays and novel Cas protein identification. Only
0.43% (454) of these viral elements encoded CRISPR arrays, a set which had an average length
of ~47 kbp. Both viral CRISPR-array prevalence and scaffold lengths were in line with a
previous examination of CRISPR arrays and CRISPR-Cas systems in viral elements (Al-Shayeb

et al. 2022). Only 9/454 CRISPR array-encoding viruses were targeted in the virus-host networks
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described in Chapter 3, with predicted hosts from seven different phyla. vConTACT2 requires
>10 kbp scaffolds; 315/454 CRISPR-encoding viruses were long enough to be included in this
analysis. Comparison between CRISPR-encoding and non-CRISPR encoding viruses did not
show many distinct viral clusters between the two groups (Figure 4.2). Viral arrays encoded 2-
102 spacers with an average spacer count of 8, with 15 viral arrays encoding at least 30 spacers.
Notably, the five longest CRISPR arrays were encoded on relatively short scaffolds (5,027-
7,697bp) that did not contain any detectable viral genes according to CheckV, or any detectable
host (bacterial/archaeal) genes. These five scaffolds were conservatively considered false
positive viral elements, most probably deriving from other Mobile Genetic Elements (MGEs),
such as plasmids. Spacers from predicted virally encoded CRISPR arrays targeted 164 of the
105,917 viral elements lacking CRISPR arrays (0.15%). The regions targeted were annotated to
9 Virus Orthologous Groups (VOGs), and included collagen-like proteins, a virion structural

protein, a baseplate wedge protein, and a Type II methyltransferase.
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Figure 4.2: Gene-sharing network of CRISPR and non-CRISPR-encoding viruses. Nodes
represent viral elements and nodes connected by edges indicate shared protein clusters between
viral elements. The vConTACT?2 reference database used was Prokaryotic Viral Refseq version

85 with ICTV-only taxonomy.

The longest, high-confidence virally encoded CRISPR array encodes 55 spacers. The
longest putative viral elements that encoded CRISPR arrays containing 30+ spacers included a
364 kbp jumbophage (55 spacers) and a 508 kbp megaphage (32 spacers), both of which are
predicted to be complete viral genomes according to CheckV. Multiple CRISPR arrays were less
common, with 48 viral elements predicted to encode two or more CRISPR arrays (10.6% of

CRISPR-array-encoding viral elements), with a maximum of six predicted CRISPR arrays for a
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single element. In total, 519 CRISPR arrays were associated with the 454 array-encoding

elements.

The viral element with six CRISPR arrays is a predicted jumbo phage that is 421,673 bp
in length and >95% complete, according to CheckV. All six arrays were confirmed using
CRISPR-CasTyper and five of these arrays were confirmed with CRISPR-CasFinder (Couvin et
al. 2018), the latter of which assigns evidence levels of 1-4 (4 being the strongest) to its
predictions. CRISPR-CasFinder predicted a total of 9 CRISPRs in this element, but 3/9 of those
predictions were low confidence (evidence level 1) and were not identified by our
workflow/CRISPR-CasTyper, one had an evidence level of three and was not detected by our
workflow/CRISPR-CasTyper, and five had an evidence level of four and were detected both by
our workflow and CRISPR-CasTyper. CRISPR-CasTyper also predicted a variety of CRISPR-
Cas types and subtypes from this six-CRISPR-encoding viral element, which included the
annotation of putative effector nucleases (Figure 4.3). Three of the megaphages described in
Chapter 3 (678, 641, and 508 kbp sizes) were predicted to encode CRISPR systems (Figure 4.4).
Two of these megaphages exceed the ~620 kbp genome size of the previously largest

circularized CRISPR-encoding phage (Al-Shayeb et al. 2022).
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Figure 4.3: CRISPR array and operons from a six-CRISPR-encoding viral element. The
most closely related Cas subtype classification is noted in each case, followed by the coordinates
of each CRISPR array on the jumbo phage genome. ORFs proximal to predicted CRISPR arrays
are numbered in order of occurrence within a single genetic element. In some cases, CRISPR
arrays/CRISPR-Cas operons and their surrounding regions overlap with one another, resulting in
ORFs or CRISPR arrays that are depicted more than once in the figure. Cas protein
interference/effector modules are noted in yellow and CRISPR arrays are denoted by clusters of
vertical black lines. Unknown genes are dark grey, and putative TnpB homologs are light grey.
Cas genes with more speculative annotations (Russel et al. 2020) have reduced opacity and
parentheses around the predicted protein name. This image was generated using CRISPR-

CasTyper and processed using Affinity Designer.
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Figure 4.4: CRISPR array and operons from all CRISPR-encoding megaphages. The most
closely related Cas subtype classification is noted in each case, followed by the coordinates of
each CRISPR array on each megaphage genome. ORFs proximal to predicted CRISPR arrays are
numbered in order of occurrence within a single genetic element. In some cases, CRISPR
arrays/CRISPR-Cas operons and their surrounding regions overlap with one another, resulting in
ORFs or CRISPR arrays that are depicted more than once in the figure. Cas protein
interference/effector modules are noted in yellow and CRISPR arrays are denoted by clusters of
vertical black lines. Unknown genes are dark grey. All predicted interference/effector modules
were considered speculative annotations (Russel et al. 2020) and are indicated by reduced
opacity and parentheses around the predicted protein name. This image was generated using

CRISPR-CasTyper and processed using Affinity Designer.

Virally encoded Class II effector nucleases

To identify putative Class II effector nucleases, a dataset of 1,494 ORFs >300 and <800 amino
acids was identified from the 10 kbp regions upstream or downstream of the 519 putative virally
encoded CRISPR arrays, including any potentially encoded on non-viral MGEs. DNA-targeting
class II effectors were predicted from these ORFs using profile HMMs and blastp searches. Type
IT nuclease HMM searches identified six relatively short (418-686 aa) ORFs which best hit to
IscB in the NCBI nr database. Previous work has suggested that IscB is the predicted ancestor of
the Cas9 protein and is rarely found proximal to CRISPR arrays (Altae-Tran et al. 2021). Cas9
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proteins range in size between 1000-1400 aa (Pausch et al. 2020), while IscB proteins are
typically 400 aa in length (Altae-Tran et al. 2021). As the predicted ORFs demonstrated
unexpected characteristics for both IscB and Cas9, they were manually examined for the
presence of tri-split RuvC motifs and an HNH motif, both of which are characteristic of type II
systems (Makarova et al. 2020). Partial HNH motifs were identified in all six sequences (Figure
C.1), as was weak similarity to RuvC motifs, but none of these ORFs contained all three
expected RuvC motifs. The detected proteins depicted many deletions compared to Cas9 (Figure
C.2). 5/6 of these ORFs were similar to reference IscB proteins in length and sequence
composition and considered to be IscB variants. The last sequence (putative II-Z/Y, Figure C.1)
was, at 638 aa, considerably longer than reference IscB sequences. Based on its sequence length,
proximity to CRISPR arrays, and similarity to Cas9, this protein is predicted to be a variant of
IscB and more similar to the Type II subtypes Z and Y which were recently identified in
bacteriophages (Al-Shayeb et al. 2022). Sequences of these subtypes from the cited study are not
available for comparison at this time as the sequences have not been deposited in public

databases and have not been made available after requests to the authors.

For type V effector nucleases, a total of 161 putative type V nuclease ORFs were
identified after dereplication. These ORFs were placed in a reference tree that included known
type V nucleases and TnpB sequences (Figure 4.5). We observed no virally encoded nucleases
that grouped with Cas12 subtypes a, bl, b2, ¢, d, e, fl, g, h, and i, likely because the majority of
these protein families, with the exception of f1, b2, and g, have an average length that exceeds
the 800 aa limit set for our ORFs of interest. As noted in the methods section, this 800 aa limit
was set to exclude Cas protein effectors that were not streamlined in size, i.e., not smaller in size

relative to the currently most streamlined Cas effector, Cas12j/Cas12®, which is ~800 aa in size
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(Al-Shayeb et al. 2020; Pausch et al. 2020). We observed multiple nucleases that associated on
the tree with other subtypes of Cas12 (i.e., 2 (1), £3 (1), (1), and m (24)) and Cas14 (e (1), 1 (2),
j (7), and k (9)), each of which average less than 800 aa in size per subtype. We also observed
two predicted TnpB sequences encoded by viruses. These putative TnpB sequences have all
three RuvC motifs of TnpB and are 401aa and 433aa in length, respectively, in line with TnpB
lengths of 350-550 aa (Nety et al. 2023). These sequences are both encoded proximal to CRISPR
arrays, consistent with the hypothesis that TnpB associated with CRISPR multiple times to give
rise to different type V CRISPR-Cas systems, and the observation that TnpB is frequently
encoded by phages (Al-Shayeb et al. 2022). In total, 114/454 (25%) of viral elements that encode
CRISPR arrays were predicted to encode a type V homolog, consistent with the recently-
observed enrichment of these hypercompact systems in phage (Al-Shayeb et al. 2022) compared
to their limited presence in bacterial and archaeal genomes (Makarova et al. 2020). Of these 114
viral elements, 10 (8.7%) are predicted to encode 2-3 unique type V effector proteins. These ten
viral elements had an average length of 155,173 bp (15,118 — 421,673 bp) with 6 being larger
than 120 kbp, whereas the average length of all viruses that encoded at least one type V system
was 57,638 bp. One of these ten viral elements encodes three distinct predicted V-U4 nucleases,
and all ten of these viral elements was predicted to encode at least one subtype V-U nuclease, or
a nuclease that is most closely related to a V-U subtype nuclease. Lastly, we observed multiple
nodes/clades on the Type V phylogeny that only include sequences from our study (Figure 4.5),
representing additional unexplored novelty within this family that are obvious targets for

nuclease activity characterization.
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Figure 4.5: Type V CRISPR-associated nucleases, including virally encoded effectors from
this study and reference nucleases. Putative nucleases from this study are coloured red, except
for clades of further interest denoted by other colours and a letter (A-D). Reference nucleases are
in black. Names assigned to clades are those of (putative) effector nucleases, regardless of

whether they have been experimentally characterized. In cases where the Type V subtype of a
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predicted nuclease has been classified, but the predicted nuclease has not been assigned an
official Cas protein name, the predicted effector nucleases (e.g., c2c9; Makarova et al. 2020), is
denoted in the tree by its subtype classification (VU-2). Legacy names of nucleases that have
been renamed during reclassifications are included for clarity, as are the subtypes of recently
characterized nucleases, even if they have received an official Cas protein name (e.g.,
Cas12m/V-Ul) as nuclease/subtype. Singletons and landfill-exclusive clusters not associated

with a specific named clade are unlabeled.

Similarity to previously identified virally encoded CRISPR-Cas systems

We observed several instances where our predicted effector sequences were clustered with or
were most closely related to previously identified virally encoded CRISPR-Cas systems (i.e.,
Casl4j (7), Casl4k (9), Cas14i (2), Cas12j (1), and Cas12L (1), Figure 4.5), of which only
Cas12j and Cas12L have been experimentally validated for function (Pausch et al. 2020; Al-
Shayeb et al. 2022). Each of our relevant sequences was examined for RuvC motifs and assessed

for similarity to the virally encoded nuclease it clustered most closely with.

Seven sequences ranging from 373-441aa clustered with previously identified Cas14;
sequences (378-451aa; Figure 4.5, 10 o’clock). Our sequences showed high sequence similarity
to Cas14;j sequences and contained all three RuvC motifs (RuvCI-III). Six additional sequences
clustered proximal but distinct to the Cas14J cluster and are described in the next section. We
detected two sequences of lengths 402 and 509 aa that clustered with Cas14i (Figure 4.5, 11
o’clock). Both of these sequences as well as reference Cas14i proteins had detectable RuvCI and
RuvClIII motifs but very weak, if detectable, RuvCII motifs. We detected one sequence
clustering with Cas12j (Figure 4.5, 7 o’clock). This sequence lacked the RuvCIII motif, as did
Cas12j6, one of the 10 reference Cas12j nucleases (Al-Shayeb et al. 2020). Our putative Cas12j
sequence was also missing key residues in the RuvCII domain, which Cas12j6 lacked entirely,

and key residues in the RuvCI motif, all of which were present in Cas12j6. Only three orthologs

79



of Cas12j(1-3) have been experimentally confirmed for function (Pausch et al. 2020). The
comparisons made to Cas12j6 add confidence to the assignment of our query sequence as a
Cas12j ortholog, despite its lack of key catalytic residues. Our putative Cas12] is the shortest
within the clade, at 346 aa compared to 441 (Cas12j6 from a giant phage (Al-Shayeb et al.
2020)) and 708-813aa for the remaining 9 Cas12j proteins. While our sequence branches within
the Cas12j clade, its activity is less confidently predicted based on the aberrant characteristics
described above. Notably, our putative Cas12j sequence is encoded by a predicted plasmid, the
second time a Cas12j-like protein was identified on a plasmid (Pinilla-Redondo et al. 2022).
None of the phages encoding the putative effectors highlighted on Figure 4.5 were predicted to
encode the spacer acquisition machinery essential to adding new spacers to CRISPR arrays. This
is consistent with previous studies showing that nearly all CRISPR-encoding phages lack

adaptation machinery (Al-Shayeb et al. 2020, 2022).
Potentially novel Class II effector nucleases.

All clades within the virally-encoded Type V effector phylogeny that included only our
sequences (Figure 4.5) were examined on a case-by-case basis for motifs of interest. We
identified 6 sequences (300-399 aa) that grouped proximal, but distinct to Cas14;j (Figure 4.5,
A/blue at 10 o’clock). These sequences had very weak RuvCI motifs, weak but stronger RuvCII
motifs, and only the three longer sequences (385, 398, and 399 aa) had detectable RuvCIII
motifs. We identified 6 additional sequences (372-534 aa) that were not associated with a
specific Cas protein clade on the tree (Figure 4.5, B/green, 9 o’clock). All 6 had all 3 detectable
RuvC motifs (i.e., RuvC[LILII]), but only two sequences had strong signatures of all RuvC
motifs. We identified a clade of 19 sequences (Figure 4.5, C/orange, 8 o’clock) that, from

sequence divergence, was predicted to be a new subtype of Type V effector protein, however,
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manual examination of these 19 sequences revealed no RuvC motifs. Five sequences were
identified proximal to the Cas12k/VU-5 clade (Figure 4.5, D/purple, 4 o’clock), but only one of
these sequences had even a partial RuvC motif, specifically RuvCIIl. Numerous singleton
effectors were present on the tree, with most containing zero or one identifiable RuvC motif (in
all cases, RuvCIII). None of the phages encoding putatively novel Class II effectors were

predicted to encode spacer acquisition machinery.

4.4 Discussion

From a total of 106,371 viral elements identified in thesis Chapter 3, 454 viral elements
(0.43%) were predicted to encode CRISPR arrays, a subset that has an average length of ~47 kbp
compared to an average length of ~13 kbp for viruses lacking CRISPR arrays. These
observations are remarkably consistent with a previous study examining virally encoded
CRISPR systems in which only 0.4% of phages encoded CRISPR-Cas systems and had an
average length of 52 kbp (Al-Shayeb et al. 2022). CRISPR-encoding viruses in this study did not
show any infection bias to a particular host taxon nor did they cluster distinctly in viral gene-
sharing networks (Figure 4.2), suggesting that the presence of CRISPR in virus genomes is not
tied to their taxonomy. Spacers from viral arrays targeted <0.2% of viral elements lacking
CRISPR arrays. A total of 228/4,019 spacers (<6%), 196 spacers after dereplication with CD-hit,
from viral CRISPR arrays targeted viral elements lacking CRISPR arrays. Given the viral arrays
are expected to target viruses that are in competition for their same host populations (Faure et al.
2019; Medvedeva et al. 2019) and that, with some rare exceptions (Malki et al. 2015; Paez-
Espino et al. 2016; Dalcin Martins et al. 2018; Chen et al. 2021; George and Hug 2023; Hwang
et al. 2023), most viruses are quite host specific, this low percentage makes sense. We would not

expect these viral arrays to broadly target other viruses.
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Where virally encoded CRISPR spacers did target viral genomes, only the targets of
5/196 unique spacers could be annotated using the Virus Orthologous Groups database, resulting
in 9 unique annotations (one spacer had five distinct targets, one spacer had two distinct targets,
and two spacers had one target each). These 9 annotations included three collagen-like proteins,
three hypothetical/uncharacterized proteins/regions, two structural proteins, and one genome
polyprotein. Spacers in CRISPR arrays are selected over time for those that are most effective at
blocking viral replication. Previous research has shown that phage genes that encode structural
proteins, and proteins that interact with DNA, are among those most often targeted by host
CRISPR-Cas systems, likely because mutational escape in these regions leads to fitness costs in
viruses (Paez-Espino et al. 2013; George and Hug 2023). This makes one of our structural
protein-encoding targets, the Baseplate wedge protein gp10 encoding gene, an ideal target as its
product is both a structural protein and also a key determinant in host range in some phages (Sun
et al. 2023); however we did not observe any enrichment of spacers targeting this or any of our
other annotated regions. The targets for the vast majority of the virally encoded spacers in this
study could not be annotated, which suggests the presence of viral dark matter, i.e., regions
within viral genomes that have not been annotated but are likely important in preventing viral
propagation, evidenced by CRISPR spacer targeting. This is consistent with what we observed in
Chapter 2 (Figure 2.2 and Figure A.9), in which spacers targeting hyper-targeted viral elements
most often targeted a tail protein encoding gene and a hypothetical coding region. We note that
selection over time for targets preventing viral propagation could occur in prokaryote genomes
or in MGEs before the CRISPR arrays were horizontally transferred to viral elements, or once in

the elements themselves.
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A jumbophage with an approximately 421 kbp genome was predicted to encode six
CRISPR arrays, five of which were annotated by two state-of-the-art CRISPR prediction tools
(Couvin et al. 2018; Russel et al. 2020). According to CRISPRCasTyper, only four of these six
CRISPR arrays were proximal (i.e., within 5 kbp upstream or downstream) to any cas gene or
gene predicted to encode a TnpB-like protein. In total, this jumbophage contains two genes
predicted to encode TnpB-like proteins, one gene predicted to encode Cas9, one gene predicted
to encode Cas12b2, and a gene predicted to encode Cas12f1 (Figure 4.3)., The predicted cas9
gene was not proximal to any CRISPR arrays (Figure 4.3). The disjunction of arrays and cas
genes is potentially due to the guide RNAs from the two orphan CRISPR arrays directing
effectors encoded elsewhere in the viral genome, or in the host genome (Shmakov et al. 2020).
The orphan arrays could also be explained by the presence of proximal effector genes that are too
divergent to be detected by current models of cas genes. The potential presence of multiple class
IT effector encoding genes in a single viral genome, along with TnpB encoding genes, which may
themselves be hypercompact DNA targeting systems (Karvelis et al. 2021), could aid these
elements against systems that can inhibit one or more of their Cas proteins, such as anti-CRISPR
(Bondy-Denomy et al. 2013). Since CRISPR-Cas systems also have roles in processes such as
gene expression and signal transduction (Faure et al. 2019a), and viral CRISPR-Cas systems can
target genetic systems of the host organism that regulate immunity (Seed et al. 2013) and host
gene regulation (Al-Shayeb et al. 2020), it is possible that the expansive CRISPR-Cas repertoire
of viruses with large genomes may allow these phage to exert greater control over their host
organism during infection, resulting in the creation of a “virocell” (Forterre 2013; Howard-

Varona et al. 2020).
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The average length of the ten viral elements encoding more than one predicted type V
system was ~155 kbp, which is nearly three times larger than the average length of all viral
elements that encode at least one type V system (~58 kbp). Combined with the observation that
the average length of CRISPR-encoding viruses was more than three times that of viruses that
were not predicted to encode CRISPR, this study’s results suggest that the evolutionary costs of
CRISPR-Cas systems (Vale et al. 2015) may be more manageable for viruses with larger
genomes. This manageable cost can be explained by jumbophages undergoing substantial
coevolution of their capsid and genomes in which mutations can expand capsid volume which in
turn supports genome expansion (Hua et al. 2017). Whether this capsid and genome coevolution
extends beyond jumbophages and whether it can drive the acquisition of CRISPR-Cas systems

remain open questions.

We detected virally encoded effector proteins that clustered with multiple subtypes of
Casl2 (i.e., f2, f3, j, and m), and Cas14 (e, 1, j, and k), but most of our virally encoded type V-
like effector proteins were located proximal to or with TnpB, the phage encoded systems Cas14;j
and Cas14k, and type V-U1, V-U5, and V-F1/VU-3 systems. All of these systems are either
among the most streamlined type V or the progenitor (i.e., TnpB) systems. The subtype V-U
systems are predicted as intermediates between TnpB and full-fledged type V effectors
(Makarova et al. 2020). It is thus possible that viruses act as vectors for these intermediate
systems, allowing an evolutionary path distinct from host-encoded systems, and with the
potential to develop unique systems nearly exclusive to MGEs such as phages (Al-Shayeb et al.
2020, 2022), and to MGE-associated systems such as Tn7-like transposons (Strecker et al. 2019;
Faure et al. 2019). We identified 18 clades comprised of sequences exclusively from our study

that were substantially divergent from previously described Type V effectors (Figure 4.5). Some
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of these proteins may represent novel type V nucleases, especially the six for which we were
able to identify all RuvC motifs. The full or partial absence of identified RuvC motifs in the
other proteins could be due to substantial divergence of these motifs from those in reference
enzymes, as is the case for phage-encoded Cas12L (Al-Shayeb et al. 2022), or absence of
canonical catalytic sites within the RuvC domain, as is the case for Cas12m (Wu et al. 2022).
Absent or divergent RuvC motifs do not necessarily indicate loss of function or alternate
function for these Type V effector-related proteins. Even if these catalytic motifs are entirely
absent, these proteins may still demonstrate interference activity through binding to, but not
cleaving, their target nucleic acid, a function that has been seen for dCas9 (Gilbert et al. 2013)
and Cas12m (Wu et al. 2022). Both dCas9 and Cas12m have been repurposed as
biotechnological tools, as alternate interactions with nucleic acids beyond targeted cleavage have
downstream uses. For the putatively novel effector nucleases in this study to be considered as
biotechnological tools, they would need to be validated in-vivo for interference and/or cleavage
activities.

In summary, we identified over 400 CRISPR-encoding viral elements from samples taken
from three municipal landfills across North America. These virus-encoded arrays were predicted
to target a small fraction of other viral elements in interviral conflicts, and some of the genomic
regions targeted encode predicted structural proteins essential to virion formation and host
specificity. In some cases, these virally encoded CRISPRs were flanked by progenitor or full-
fledged type V effector nucleases, including new branches of this protein family identified for
the first time within this study. While there are several hundred papers pertaining to the
discovery and characterization of CRISPR-Cas systems in literature, to our knowledge, the study

described in this thesis chapter is one of very few that aimed to identify virally encoded

&5



CRISPR-Cas systems from metagenomic data. All of the putative type V effectors we identified
in this study had a maximum length of 800 amino acids. If proven functional, these nucleases
would help circumvent the size restrictions of certain viral delivery vectors such as those of
Adeno-associated Viruses (AAVs) (Asmamaw Mengstie 2022).

Novel, and rare Cas proteins could theoretically result in reduced immunogenicity if
introduced into mammalian systems such as mice and humans. Currently, the two most
commonly used Cas9 orthologs, from Streptococcus pyogenes (SpCas9) and Staphylococcus
aureus (SaCas9), trigger immune responses in 78% (Charlesworth et al. 2019) and 58-96%
(Charlesworth et al. 2019; Wagner et al. 2019) of individuals examined, respectively.
Considering the novelty of the systems identified in this study, and the non-pathogenic,
exclusively microbial interactions they are involved in, these novel predicted effectors may elicit
lowered immune responses. Finally, we posit that deeper examinations of virally encoded
CRISPR-Cas systems across more environments will identify new CRISPR-Cas systems and
improve our understanding of the ecological relevance and evolution of these ubiquitous and

versatile genetic systems.
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Chapter 5 Research summary, study limitations, and field

recommendations

5.1 Research summary

Inspired by a relatively low representation of prokaryotic viruses from engineered environments
(Paez-Espino et al. 2016b) and the absence of prior metaviromic examinations of municipal
landfills, the work described in this thesis examined the diversity, host interactions, metabolic
potential, and CRISPR-Cas systems of prokaryotic viruses from municipal waste sites. From the
work described in Chapter 2, we noted that viral elements from a municipal waste site in
Southern Ontario are distinct relative to reference viruses, however, limited variation in viral
diversity between sites within the landfill was observed. Some viral elements were hyper-
targeted by host CRISPR-Cas machinery, suggestive of both the importance of these specific
viruses in this system and a strong coevolutionary dynamic between them and their predicted
host populations. A very small percentage of viruses (<0.5%) encoded their own CRISPR
systems, which were predicted to be involved in interviral conflicts. Lastly, we provided one of
the first computational examinations of putative cross-phylum infecting viruses, providing a
framework by which future researchers can assess the legitimacy of these observations in cases
where in vitro substantiation is not possible. This work was the first metaviromic examination of
a municipal waste site, reporting multiple rare observations from a single system, suggesting
further examination of municipal waste sites could lead to the discovery of additional novel

viruses and host interactions.

In Chapter 3, we extended our analyses to include two additional municipal waste sites,
one from California and one from the Northeastern United States. Examining the viral diversity

across all three of our sampled landfills showed that there is strong conservation of the landfill
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virome, but this virome also has some overlap with the wastewater virome. The conserved
diversity of viruses between landfills was further confirmed with the detection of spacers from
host CRISPR arrays that had strong cross-targeting between geographically distinct landfills. As
in thesis Chapter 2 with our Southern Ontario landfill, hyper-targeted viral elements were also
observed in both the Northeastern United States landfill and the California landfill. The use of
state-of-the-art viral detection tools (Nayfach et al. 2021; Guo et al. 2021; Kieft et al. 2022)
allowed us to identify and curate seven megaphage genomes, including a 678 kbp one that is the
third largest bacteriophage genome identified to date. We examined the Auxiliary Metabolic
Genes (AMGs) encoded by all predicted viruses from our study, and after manually curating
AMGs of interest, we found that some viruses in our study encode AMGs that are rare or have
not been previously reported in literature. Notably, these genes include those involved in
contaminant and methane metabolism, both of which are enriched and essential functions in
landfills. Lastly, after an even more stringent level of curation relative to that used in thesis
Chapter 2, we still observed viral elements predicted to infect across distinct phyla in all three of
our landfill datasets. This evidence, along with recent in vitro work confirming environmental
viruses infecting across broad ranges (Hwang et al. 2023), including at the phylum and domain
level, provide credence to our inference of broad infection potential of prokaryotic viruses in
Chapter 2, and indicate this broad infection potential may be widely distributed within natural

and engineered environments.

Finally, in Chapter 4, inspired both by recent discoveries of virally encoded CRISPR-Cas
systems (Al-Shayeb et al. 2020, 2022) and the interviral conflicts we detected in Chapter 2, we
screened our metagenomes for virally encoded CRISPR-Cas systems. We focused our analyses

on Class IT CRISPR-Cas systems as these systems are most amenable to adaptation as
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biotechnological tools. We noted that some viral elements encode multiple CRISPR-Cas systems
that include various subtypes of streamlined CRISPR-Cas systems. Some of these systems
included predicted effector-protein-encoding genes not represented in our reference set. These
putatively novel effector ORFs were manually examined for key catalytic motifs and for
accessory cas genes. We identified some groups that were putatively novel and had detectable
catalytic residues, but we also identified other groups that while putatively novel, lacked key
regions considered to be necessary for catalysis/target cleavage. While these regions may have
been absent, or unresolvable with our methods due to high divergence, these proteins could still
be repurposed as biotechnological tools, as has been the case with other Cas proteins lacking key

catalytic residues (Gilbert et al. 2013; Wu et al. 2022).

In summary, municipal waste sites harbor distinct viromes, and these viruses have rare or
unique interactions with their hosts. Some of these viruses are predicted to broadly infect across
the bacterial domain, which is consistent with recent, but limited literature. Increased awareness
around broad host-range viruses in natural environments is relevant for phage therapy
applications as scientists are turning to environmental phage isolates for use in antibiotic
resistant bacterial infections (Alharbi and Ziadi 2021). These environmental isolates may have a
host range that well-exceeds the target pathogen, leading to off-target effects. The addition of
computational host prediction to conventional in vitro host range prediction pipelines may aid in

preventing off-target effects.

Some of the bacteriophage genomes uncovered in this work are among the largest
identified to date, sharing common evolutionary origins with the largest phage genomes
described in literature. The discovery of seven of these phages from only 27 landfill

metagenomes is in stark contrast to limited detection of these viruses even in studies that explore
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several hundred metagenomes (Al-Shayeb et al. 2020; Chen and Banfield 2023). Landfills may
be a hot spot for discovering more of these “megaphages”, which may aid our understanding of
the evolution of these phages and expand our knowledge of microbial genes that have been co-
opted by giant phages. The discovery of AMGs in landfills that are relevant to landfill function
but have rarely been observed elsewhere, supports that genes mobilized within a microbial
community are influenced by the selective pressures imposed by the environment. Lastly, the
discovery of putatively novel Cas proteins and CRISPR-Cas systems that are virally encoded
suggests the need for further examination of both viral genomes and understudied environments

in order to increase the rate of biotechnological discovery.

5.2 Study limitations and field recommendations

The sample collection, DNA extraction, sequencing, and computational workflows employed in
this thesis each have limitations. I will begin by describing the limitations of our study, followed
by how we tried to address them, and lastly, suggestions I have for future studies. Beginning first
with sample collection, 0.1 pm or 0.2 um filters were the final filters used for filtration and DNA
was extracted from these filters. Since many prokaryotic virions are smaller than the pore size of
these filters, these viral particles would be lost in filtrate that was not ultracentrifuged or
concentrated for viral particle enrichment, which in some cases was due to a restriction on
moving leachate off site. This means that the viruses detected in our study are not representative
of the true breadth of viruses from our samples. To address this, for our samples from the
Northeastern United States landfill, for which we were granted permission to move leachate off
site, we filtered our leachate through 0.2 um filters and subsequently through 0.01 pm filters.
DNA was extracted from both filters. While this may provide a more complete snapshot of the

viral community, DNA extractions from the 0.01 um filters did not yield sufficient DNA for
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sequencing. Our group is in the process of using Multiple Displacement Amplification of the
DNA from these 0.01 pm filters. While that data is not a part of this thesis, it will provide a
reference of the viral diversity we can capture in our sites with the use of filters with an even
smaller pore size targeting viral capsids. To improve retrieval of viral particles and their DNA on
relative large pore size filters in future work, we suggest the use of iron chloride flocculation
(Poulos et al. 2018), although this technique’s efficiency varies by the sample origin (Langenfeld
et al. 2021) and may need substantial troubleshooting to be employed in the metal-rich leachate

environment.

Once the DNA from our samples was extracted, it was sent for paired-end sequencing of
150 bp reads using the Illumina HiSeq platform (Illumina, San Diego, CA). These relatively
short reads were computationally assembled. Metagenomic assembly is particularly problematic
for viral genomes (Sutton et al. 2019), often resulting in fragmented assemblies, owing to the
mosaicism and repetitive nature of viral genomes. It is possible that many viral elements in this
study do not represent complete viral genomes, but rather, parts of a whole. CRISPR array
assembly is also a challenge due to the repetitive nature of these elements and their natural
variation between populations (Skennerton et al. 2013). This could mean that our detected
CRISPR arrays are often incomplete or improperly assembled, blurring or misrepresenting the
true history of infection recapitulated by these genetic elements. To combat this issue, we have
two suggestions: employ CRISPR array detection tools that leverage machine learning for an
added level of curation and false positive reduction (Mitrofanov et al. 2021), and detect CRISPR
arrays with multiple tools and retain the arrays agreed upon by some predetermined fraction of
those tools. We note that the latter suggestion may not be scalable to large metagenomes, in this

case, this approach can be reserved for CRISPR arrays that are implicated in rare observations,
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such as targeting viruses predicted to infect across broad taxonomic levels. Tools like the
CRISPR comparison toolkit (CCTK) (Collins and Whitaker 2023) can be used to compare
between multiple CRISPR array representations predicted by different tools. Poor assembly of
CRISPR arrays may also compound the issues of viral assembly leading to viruses encoding
CRISPR arrays being fragmented more often, thus leading to lower estimates of their average
length. To combat assembly issues that lead to fragmented viral elements, we employed
vRhyme, a tool built in our collaborator Dr. Karthik Anantharaman’s lab, for the work in thesis
Chapters three and four. vRhyme specifically groups viral assemblies (i.e., contigs or scaffolds)
into distinct clusters based on certain parameters, and then provides quality estimates of the
resulting Viral Metagenome Assembled Genomes (VMAGs). This aided our analyses in a variety
of ways. For example, in thesis Chapter 2, we did not use vRhyme, and we saw evidence of four
viral elements that were hyper-targeted by hosts from both temporal samples of our Southern
Ontario landfill data. In thesis Chapter 3, we used vRhyme with the Southern Ontario landfill
data included in the datasets examined. Notably, two of the hyper-targeted viral elements from
Southern Ontario were clustered into the same vMAG. Therefore, vRhyme aided in clarifying
whether any of the viral elements predicted to infect a host MAG are from the same population
of viruses. While these utilities were not examined in this thesis, vVRhyme may also aid
assessments of AMG:s, i.e., some viral elements may encode AMGs responsible for only part of a
pathway, however, the VMAG those viral elements are included in may include other viral
elements that encode AMGs that improve the completion of the metabolic pathway. Lastly,
vRhyme may aid our ability to understand whether a single viral population encodes multiple
CRISPR-Cas systems that are spread across distinct viral elements due to fragmented sequencing

and assembly.
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While vRhyme helps address challenges post assembly, we propose other solutions that
address the root cause of viral genome assembly issues: using viral-specific assembly algorithms
and/or using long-read sequencing. Using viral-specific assembly algorithms such as Metaviral
SPAdes allow researchers to circumvent some of the challenges of viral assembly, leading to
improved detection of viruses in standard pipelines (Antipov et al. 2020). Using long-read
technologies has been shown to increase recovery of viral genomes, however, the accuracy of the
viral sequences is compromised, most notably for sequences with low coverage (Kolmogorov et
al. 2020). While long-read sequencing technologies are continually improving, we suggest the
combined use of short-read and long-read sequencing to leverage the accuracy of the former and

the improvements in assembly size and quality of the latter.

Overall, the continued examination of viromes as a core component of microbial ecology
studies is likely to further expand our knowledge of the diversity, ecological interactions, and
evolutionary history of prokaryotic viruses, and inspire new applications for viruses and their
genetic systems. In landfills specifically, it is clear additional diversity, and important host
dynamics are likely to be identified from surveying more than three of the tens of thousands of
landfills globally. Exciting times lie ahead in uncovering the vast reservoir of genetic diversity

harbored by prokaryotic viruses in natural environments.
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Appendix A

Supplementary Material: Chapter 2

Supplementary text

Supplemental Results and Discussion
Prokaryotic virus-host interactions

The 2016 host-virus network included 37 unique host genome bins with 66 unique links to their
predicted prokaryotic viral elements (Figure A.3). In the 2017 network, 90 unique host MAGs had
a total of 173 unique links to predicted prokaryotic viral elements (Figure A.4). In our 2016-host-
to-2017-virus network (Figure A.5) we observed 80 unique links between prokaryotic viral
elements and their predicted hosts (compared to 66 in the 2016 network) and 39 unique host
genome bins (compared to 37 in the 2016 network). In general, this network was simpler than the
2016-2016 or 2017-2017 networks. In the 2017-host-to-2016-virus network (Figure A.6) we
observed 139 unique links between prokaryotic viral elements and their predicted hosts (compared
to 173 in the 2017 network) and 87 unique host genome bins (compared to 90 in the 2017 network).
The virus-interacting MAGs in the 2016 network ranged in completion from 70.46% to 100.00%
(average completion 91.39%) and ranged in contamination from 0.00% to 9.47% (average
contamination 2.45%). The virus-interacting MAGs in the 2017 network ranged in completion
from 70.30% to 100.00% (average completion 90.98%) and ranged in contamination from 0.00%
to 9.99% (average contamination 3.25%). The virus-interacting MAGs in the 2016-host-to-2017-
virus network ranged in completion from 70.36% to 100.00% (average completion 89.61%) and
ranged in contamination from 0.00% to 7.27% (average contamination 2.43%). The virus-

interacting MAGs in the 2017-host-to-2016-virus network ranged in completion from 70.53% to
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100.00% (average completion 89.45%) and ranged in contamination from 0.00% to 9.99%

(average contamination 3.45%).

In the 2016 network, six of 59 viral elements were predicted to infect two or more distinct hosts.
In the 2017 network, eleven of 161 viral elements were predicted to infect two or more distinct
hosts. In the 2016-host-to-2017-viruses network, one of 79 viral elements were predicted to infect
two or more distinct hosts. In the 2017-hosts-to-2016-viruses, thirteen of 125 viral elements were

predicted to infect two or more distinct hosts.
Curation of cross-phylum and cross-domain virus-host interactions

14 viral elements were predicted to infect multiple hosts that are from different phyla (8) or
domains (6), in a total of 10 interactions (Table A.1). Curation took the following requirements

into consideration:

1) Host genome quality — following our baseline thresholds of >70 completion and <10
contamination, all 10 interactions pass.

2) CRISPR-encoding scaffolds’ taxonomic annotations from JGI scaffold annotations and/or
the Contig Annotation Tool (von Meijenfeldt et al. 2019) were required to be consistent
with GTDB-tk-based MAG taxonomy (Chaumeil et al. 2019) — six of the remaining
interaction sets had erratic scaffold annotations (four remaining).

3) CRISPR-encoding scaffolds were required to be minimum 4,000 bp long — no additional

interactions were eliminated. Four interactions pass quality curation.

Only in the case of GW1_158 (class Paceibacteria) and LW4 67 (genus Methylobacter) did two

MAGs share any spacers in the CRISPR array responsible for the targeting of their mutually shared
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virus. Notably, GW1_158’s array contained 57 spacers and LW4 67’s contained 78, but 56 of
these spacers were shared with 100% nucleotide identity. The scaffold of LW4 67 relevant to this
analysis is the longer of the two (15,46 includes an intact Type I CRISPR-Cas system (Makarova
et al. 2020), and numerous coding sequences with predicted species-level taxonomy that is in
accordance with the GTDB-tk annotated taxonomy of this MAG. While the scaffold of GW1 158
relevant to this analysis only has a length of 4,111 bp, this scaffold also has predicted species-level
taxonomy, according to the Contig Annotation Tool, that is in accordance with the GTDB-tk
annotated taxonomy of this MAG. We thus predict the shared spacers are the result of a possible
horizontal gene transfer of a CRISPR array via a mobile genetic element (Faure et al. 2019b), but
could also be due to a misbin, a possibility that cannot be refuted for such a short fragment. In all
other cases, no spacers were shared, reducing the likelihood that the predicted shared viral targeting

is underlaid by lateral gene transfer or mis-binning (Table A.1).

Three of the refuted cross-domain interactions all include the same Halobacterota bin
(CLC 33 Methanoculleus 2017), and three different bacterial partners — two Cloacimonadota and
one Spirochaetota (CLC_82 Cloacimonadaceae 2017, LW3 15 Cloacimonadaceae 2017, and
CLC _92 Sphaerochaeata 2017). CLC_33 Methanoculleus 2017 contains a CRISPR array on a
relatively short scaffold (3,667 bp) that targets two different viral scaffolds, each of which is
targeted by a distinct Cloacimonadota MAG. This same Methanoculleus MAG encodes a second
CRISPR array on another short scaffold (3,710) that targets a different viral scaffold that is also
targeted by a Sphaerochacata MAG. This may be a legitimate signal, or the result of multiple
orphaned CRISPR arrays or mobile elements binning into this genome. We note the observation

as worth monitoring in other systems and future samples from this system.

115



Within the cross-phylum interactions, there was no consistent pattern of phyla involved, including
connections between Bacteroidota-Firmicutes, Chloroflexota-Firmicutes, Patescibactera-

Proteobacteria, and others (Table A.1).

We anticipate that, as computational methods for associating hosts and viral elements improve,
there will be more instances of viruses that show potential to infect across relatively high
taxonomic levels. We hope that rather than defaulting to these interactions being workflow

artifacts, or considering them as ground truths, they are examined critically on a case-by-case basis.

Hyper-targeting of viral elements

In the 2016 network, a member of the family Acholeplasmataceae A (LW2 3) showed the
strongest targeting, with 48 CRISPR spacer matches to a single viral element (v111_2016) (Figure
2.1B, Figure A.3). In the 2017 host-to-2016-viruses network, while the number of unique virus-
host links was less than in the 2017-only network (139 compared to 173 in our 2017 network), we
now also observed 2017 hosts with the ability to hypertarget viral elements (Figure 2.1B). It is
notable that these four viral elements are not only hyper-targeted, but are also predicted to infect
members of different phyla (phylum Bacteroidota and phylum Firmicutes). Members of these two
phyla (LW2_ 63 Bacteroidales, and LW2 3 Acholeplasmataceae A) also shared a viral element
in the 2016 network (v80 2016, Figure A.3), but only LW2 3 Acholeplasmataceae A hyper-

targeted the viral element in that case.

We posit that the shared hyper-targeting across multiple phyla is a result of LGT or misbinning of
CRISPR-encoding scaffolds. CLC 107 Bacteroidales 2017 scaffold Ga0265294 10000314
(length of 63,905bp, 147 spacers encoded) has a six mismatch, 4,167 bp alignment with
LW2 3 Acholeplasmataceae A 2016 scaffold Ga0172382 10051677 (length of 4,167bp, 63
spacers encoded) and thus mutual hyper-targeting between distinct phyla is likely due to a misbin
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of scaffold Ga0172382 10051677. Furthermore, LW2 114 Bacteroidales 2017 scaffold
Ga0265293 10000924 (length 67,619 bp, 182 spacers encoded) has a single mismatch 3,322bp
alignment with LW2 22 Acholeplasmataceae 2016 scaffold Ga0172382 10071763 (length
3,322bp, 34 spacers encoded) and thus mutual hyper-targeting between distinct phyla is likely due
to a misbin of scaffold Ga0172382 10071763. LW2 22 Acholeplasmataceae 2016 and
LW2 114 Bacteroidales 2017 also each encode two other CRISPR arrays that share five and two

spacers, respectively, between MAGs.

Despite the striking differences between their viral element targeting profiles,
CLC _107 Bacteroidales 2017 and LW2 114 Bacteroidales 2017 are predicted to have an
Average Nucleotide Identity (ANI) of >98.5 according to dRep (Olm et al. 2017). It is noteworthy
to mention that despite their high genetic identity, CLC 107 Bacteroidales 2017 and
LW2 114 Bacteroidales 2017 do not share a single spacer between any of their CRISPR arrays,
however, CLC _107 Bacteroidales 2017 shares six spacers with
LW2 22 Acholeplasmatceae 2016. Lastly, LW2 3 Acholeplasmataceae A 2016 shares one
spacer with LW2 114 Bacteroidales 2017 and five spacers with

LW2 22 Acholeplasmataceae 2016.

Virally encoded CRISPR arrays convolute virus-host networks

While linking hosts to their putative viruses using CRISPR spacer matches to protospacers, we
also came across instances of viral elements that encoded CRISPR arrays and CRISPR-Cas
systems. Virus-encoded CRISPR arrays and CRISPR-Cas systems have been identified before
(Minot et al. 2011, 2013; Seed et al. 2013; Hargreaves et al. 2014; Chénard et al. 2016; Faure et
al. 2019b; Medvedeva et al. 2019; Al-Shayeb et al. 2020, 2022) and have been shown to be

involved in crippling host viral defense systems (Seed et al. 2013) and are suggested to play roles
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in regulating host transcription and translation (Al-Shayeb et al. 2020), CRISPR-Cas system
inhibition (Faure et al. 2019b) and interviral conflicts (Faure et al. 2019b; Medvedeva et al. 2019).
In the case of interviral conflicts, a CRISPR-encoding virus, integrated as a provirus, can provide
its host with immunity against other viruses, akin to a superinfection exclusion system (Faure et
al. 2019b). For this work, we used the full set of viral predictions prior to clustering with CD-HIT
(Li and Godzik 2006) in order to preserve CRISPR array variation between closely-related viral

elements.

Spacers encoded in viral CRISPR arrays from 2016 were predicted to target 89 viral
elements in the unclustered 2016 virus data set. Omitting spacer matches between viral CRISPR
arrays, spacers encoded in 2016 virus CRISPR arrays were predicted to target 32 viral elements in

the unclustered 2016 virus dataset.

We next wanted to assess if any of the viral elements targeted by viral CRISPR arrays were
also targeted by host MAGs in any of our networks. Wherever this was the case, we wanted to
determine if the CRISPR immunity against the viral element came from a CRISPR-encoding
provirus within the host MAG. For this, we screened relevant host MAGs for proviruses using a
homology-based approach (Emerson et al. 2018) (see section 2.2 for details), followed by
Prophage Hunter (Song et al. 2019), which in select cases was also followed by PHASTER (Arndt
etal. 2016). CRISPR arrays in putative provirus elements were annotated using CRISPRCasFinder

(Couvin et al. 2018).

In the 2016 network, only one viral element (v30 2016) shown previously to be targeted
by viral CRISPR arrays, was targeted by a host MAG (CLC_T2 12 Fibrobacteraceae). Notably,
v30 2016 itself was one of the viral elements predicted to encode its own CRISPR array. In the

case of CLC_T2 12 Fibrobacteraceae, no prophages were detected. In the 2017 host to 2016 virus
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network, 11 of 89 viral elements targeted by viral CRISPR arrays were implicated in the network,
targeted by a total of 10 unique hosts. Screening first for proviruses using the homology-based
approach predicted six provirus-containing host genomes. Prophage hunter agreed with 4/6 of
these predictions. 2/4 of these provirus regions had high confidence CRISPR arrays annotated

within them by CRISPRCasFinder.

LWI1 9 Paceibacterales (completion: 73.56%, contamination: 5.17%) encodes a putative
prophage of v33 2016, a virus that contains a CRISPR array that targets its free virus equivalent
via six spacers in our 2017-host-to-2016-virus network. LW1 9 Paceibacterales also contains a
second CRISPR array, not within a prophage, that targets v33 2016 two additional times. Second,
LW3 16 Pacearchaeales (completion: 71.88%, contamination: 0.00%) encodes a provirus of
v169 2016. Notably, the scaffold that contains the putative provirus, Ga0378408 0001874, is
predicted to encode five CRISPRs and a total of 40 spacers according to CRISPRCasFinder, all of
which are encoded within the predicted proviral region. This host’s provirus also targets its free
virus equivalent, v169 2016, in the 2017 host to 2016 virus network 27 times, which stem from
the provirus-encoded array. Unlike in the ~case of LWI1 9 Paceibacterales,
LW3 16 Pacearchaeales does not encode CRISPR immunity against v169 2016 outside of its
provirus. Lastly, LW2 146 Pigmentiphaga (completion: 97.56%, contamination: 0.30%),
contains a prophage of v36 2016 which encodes two Cas gene clusters according to
CRISPRCasFinder: a Cas-TypelV cluster containing Csf2 I IV, and Csf3 1 IV, and a Cas-
TypelA cluster containing Cas6 0 IA. In this same host, ~37 kbp upstream of the Cas gene
clusters, but outside the prophage boundary predicted by Prophage Hunter, a mini-CRISPR array
(Medvedeva et al. 2019) (containing two spacers according to CRISPR-CasFinder, three spacers

according to the JGI’s standard operating pipeline) was annotated. When the free viral element,
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v36 2016 (predicted as circular by VirSorter) was put through CRISPR-Cas Finder, it was
predicted to contain the same Cas gene clusters and CRISPR array as LW2 146 Pigmentiphaga’s
putative prophage-containing scaffold. This could suggest that the prophage introduced CRISPR-
Cas systems into its host’s genome upon integration or that the CRISPR-Cas systems of this host
were co-opted by its virus after excision from the host chromosome. The CRISPR array being
outside the prophage boundary predicted by Prophage Hunter is likely due to partial degradation
of the prophage over time. LW2 146 Pigmentiphaga has three connections to v36 2016 in the
2017-host-to-2016-virus network, all of which are predicted to be due to prophage-mediated

immunity.

We next repeated the workflow described above to examine CRISPR arrays in the viral
elements identified in our 2017 data - 91 (0.48%) were predicted to encode CRISPR arrays. Unlike
what was observed with our 2016 viral elements, here there were 8 instances of shared CRISPR

spacers between CRISPR-encoding viral elements.

Spacers encoded in 2017 viral CRISPR arrays were predicted to target 117 viral elements
in the unclustered 2017 virus data set. Accounting for matches between viral CRISPR arrays,
spacers encoded in 2017 virus CRISPR arrays were predicted to target 44 viral elements in the
unclustered 2017 dataset. Four viral elements target by viral CRISPR arrays are implicated in our
2016-hosts-to-2017 viruses network and are targeted by a total of three hosts. None of these three

host MAGs was predicted to contain a CRISPR-encoding provirus.

In our 2017 network, 10 viral elements targeted by viral CRISPR arrays were within the
network and were targeted by a total of 9 hosts. Only one of the hosts targeting any of these 11
viral elements was predicted to contain a prophage: LW1 30 Synergistaceae. Homology-based

methods and PHASTER, but not Prophage Hunter, identified putative prophage elements from a
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single scaffold in LW1 30 Synergistaceae. Though CRISPRCasFinder did not identify a CRISPR
in these putative prophage regions, manual inspection of the JGI CRISPR annotations revealed a
CRISPR within the scaffold from positions 658:788. The two spacers in this region are also
responsible for the targeting of three viral elements, v159 2017, v91 2017, and v60 2017, by
LWI1 30 Synergistaceae in our 2017 host to 2017 virus network. Notably, v159 2017 is predicted
to be the same as the viral element integrated within the MAG as a prophage. This CRISPR array,
however, only had partial overlap with the 779:10068 prophage region predicted by PHASTER.
Since provirus boundary prediction methods are still very limited in their accuracy, we

conservatively refute that a CRISPR-encoding prophage is within the LW1 30 scaffold.

In summary, for the 2016 viruses in the 2016 network, no provirus-mediated interviral
conflicts were identified. In the 2017-host-to-2016-virus network however, while no genuine
interviral conflicts were identified, shared CRISPR spacers between proviruses and their free virus
equivalents convoluted our virus-host networks. In the case of the 2017 viruses, both in the 2016-
host-to-2017-virus network and 2017-host-to-2017-virus networks, no provirus-mediated
interviral conflicts were found. We have shown that the presence of CRISPR-encoding viral
elements can convolute virus-host networks: if a MAG contains a provirus that encodes a CRISPR
array and the non-integrated equivalent of said provirus is also present in the metagenomic
assemblies, then provirus CRISPR spacer to free virus CRISPR spacer matches could be what
draws a host-virus connection. This could be further confounded by two distinct viral elements or

other mobile genetic elements sharing a spacer between their CRISPR arrays.
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Supplemental Tables and Figures

Table A.1: Putative cross-phylum and cross-domain interaction based on host MAG CRISPR spacers and viral element protospacer

connections, with categories for curation listed. Grey shading indicates categories where a given interaction failed curation.

Host
Host MAG Host CRISPR scaffold compleg(‘)’flt CRISPR #shared Predicted
Putative hosts phylum phylum (JGI, Contig contamina ﬁm; scaffold CRISPR viral Overall
(GTDB-tk) Annotation Tool) (%) lengths  spacers element(s)

(bp)
Cross-Phylum Infection Predictions
LW2 138 Bacilli 2017 Firmicutes Proteobacteria, Muirbacteria 72.12,5.33 5,475 V2 2017
LW2 137 Muirbacterieaceae 2017 Muirbacteria Firmicutes, Muirbacteria 93.26, 4.56 50,129 0 154 2016 Pass
LW2 139 Absconditabacteriales 2017 Patescibacteria ~ Planctomycetes, Bacteria 70.53, 3.61 16,695 VIS

Unknown
LW2 36 Ottowia 2017 Proteobacteria Viral/mixed 95.56, 3.26 7,569 0 v102 2017 pass
GWI1 223 Dojkabacteria 2017 Patescibacteria  bacteria/Euryarchaeota, 80.02, 4.08 78,174 -
cellular organisms/no rank
LW2 146 Pigmentiphaga 2017 Proteobacteria Proteobacteria, Bacteria 97.56, 0.30 89,231 0 v36 2016  pass
LW2 50 Polyangia 2017 Myxococcota Proteobacteria 91.20,4.52 87,942 -
GW1_158_Paceibacteria_2017 Patescibacteria Eﬁllmdf:g‘érgandldams 82.89, 1.88 4,111 56 v42 2016 pass
LW4 67 Methylobacteria 2017 Proteobacteria . 97.62, 3.88 15,464 -
- = Proteobacteria
LW2_63_Bacteroidales 2016 Bacteroidota  pcierongere 1O TNk 91.94,090 21376
LW2 22 Acholeplasmataceae 2016 Firmicutes Bacteroide tes}Chlorobi 94.48, 3.01 3,322 0 v80 2016  fail
LW2 3 Acholeplasmataceaec A 2016  Firmicutes 73.36, 0.69 4,167
== Unknown
. Proteobacteria, Bacteria

LW2 30 Dehalococcoida 2017 Chloroflexota Bacteroidetes/Proteobacteria 86.44, 5.02 4,005 0 v35 2017 fail
LW2 58 Limnochordia 2017 Firmicutes ’ 82.80, 9.32 5,396 v123 2017

cellular organisms/no rank

Cross-Domain Infection Predictions
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CLC 82 Cloacimonadaceae 2017
CLC 33 Methanoculleus 2017

LW3 15 Cloacimonadaceae 2017
CLC 33 Methanoculleus 2017

CLC 92 Sphaerochaeata 2017
CLC 33 Methanoculleus 2017

CLC _110_Methanoculleus 2017
CLC_67 Massilibacteroides 2017

Cloacimonadota
Halobacterota

Cloacimonadota
Halobacterota

Spirochaetota
Halobacterota

Halobacterota
Bacteroidota

Mixed

bacteria/Euryarchaeota,

Cloacimonetes
Unknown

Cloacimonetes
Unknown

Unknown
Unknown

Euryarchaeota
Euryarchaeota

95.05, 3.09
96.62, 3.27

97.74, 6.19
96.62,3.27

87.04,4.21
96.62,3.27

76.43,9.31
70.44,9.71

6,990
3,667

40,641
3,667

3,829
3,710

15,438
10,142

v165_2016

v178_ 2017
v147 2017

v172 2017
v181 2017

v39 2017

fail

fail

fail

fail
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Tables A.2-A.7 are available as a single .xlsx file for download online

(https://github.com/nikhilg123/Thesis Chapter two supplemental tables.git)

Table A.2: Host MAGs and predicted viral elements included in the 2016 host to 2016

viruses network, including number of spacer matches and coverages for both partners.

Table A.3: Host MAGs and predicted viral elements included in the 2017 host to 2017

viruses network, including number of spacer matches and coverages for both partners.

Table A.4: Host MAGs and predicted viral elements included in the 2016 host to 2017

viruses network, including number of spacer matches and coverages for both partners.

Table A.5: Host MAGs and predicted viral elements included in the 2017 host to 2016

viruses network, including number of spacer matches and coverages for both partners.

Table A.6: Networked MAGs and their predicted taxonomy, genome statistics, and NCBI

accessions.

Table A.7: Connection between VirSorter scaffold ID, simplified name used in article text,

and IMG accession for key predicted viral elements.
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Figure A.1:Viral diversity across distinct samples. vConTACT2 was used to generate gene-
sharing networks for all 2016 and 2017 viral elements. Edges connecting nodes are not shown.
CLC samples have non-overlapping colors to distinguish the two 2016 time-points. The
vConTACT?2 reference database used was Prokaryotic Viral Refseq version 85 with ICTV-

only taxonomy.
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Figure A.2: Viral diversity across distinct timepoints. vVConTACT2 was used to generate
gene-sharing networks for all 2016 and 2017 viral elements. Edges connecting nodes are not
shown. The vConTACT?2 reference database used was Prokaryotic Viral Refseq version 85

with ICTV-only taxonomy.
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Figure A.3: Virus-host interactions in a Southern Ontario landfill (2016) with host
MAG taxonomy. CRISPR array spacers from the MAGs (circles) were mapped against the
viral elements (diamonds) predicted by VirSorter and VIBRANT to establish virus-host
linkages (connecting edges). The network is colored by the geographic sampling location
from which the MAG or viral element originated, with the width of the edges proportional to
the number of spacer-protospacer matches supporting the connection. MAG identifier and
lowest level of taxonomy as determined by GTDB-Tk are noted for networked MAGs. A

viral element encoding a Diversity Generating Retroelement (DGR) is denoted by a star.
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Figure A.4: Virus-host interactions in a Southern Ontario landfill (2017). CRISPR array
spacers from the MAGs (circles) were mapped against the viral elements (diamonds)
predicted by VirSorter and VIBRANT to establish virus-host linkages (connecting edges).
The network is colored by the geographic sampling location from which the MAG or viral
element originated, with the width of the edges proportional to the number of spacer-
protospacer matches supporting the connection. MAG identifier and lowest level of
taxonomy as determined by GTDB-Tk are noted for networked MAGs. Three viral elements
encoding Diversity Generating Retroelements (DGRs) are denoted by stars. Viral elements

and hosts involved in putative cross-phylum connections are highlighted with boxes.
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Figure A.5: Virus-host interactions in a Southern Ontario landfill (2016 hosts to 2017
viruses). CRISPR array spacers from the MAGs (circles) were mapped against the viral
elements (diamonds) predicted by VirSorter and VIBRANT to establish virus-host linkages
(connecting edges). The network is colored by the geographic sampling location from which
the MAG or viral element originated, with the width of the edges proportional to the number
of spacer-protospacer matches supporting the connection. MAG identifier and lowest level of

taxonomy as determined by GTDB-Tk are noted for networked MAGs.

129



* 0*

SRR — CLC.20 d@eracaies 0L 123 Methano@@evs sp002838575  GLC. 2. heriles

Lwz_157 @ acterisceas w2 @ e LWe_ 135 AsE@dtabacterles *
€ | | | |
s NN/ GLC_s6_e@eroidaies GLG_74_Motnar@etylophiacess CLG 80 Cio@nonadacase CLG. 92 @orochasta LG _36_Ci@monadales OLC_47_@beridaes
; ’ P e ot
e CLC.54_Pdsphaeraes GG 5 Bfkricales
‘/ N / <. * ’ ‘ * ¢ ‘
| | | | | |
P oo w181 @rirophatos GW1 152, ofococcoidia W1 2@Nevskia | GW1 220 A@bsciacieria GW1 259 @nbacteraes QW1 29 N@Yiobacter A
. * ‘ 2 : ‘
LWa_58_Thiomonadaceae  Lwi o3 d@ercidales  CLC_102_ M@Hanoculleus CLC_110 W@hanoculleus W3 21 dabtercidales GW3_34_Chilfophagaceas GW3_s_iospirola GW_6 gndbacterisceae LW1_10_Omitrophata LW1_19_Paceiacteraies  LW1 36 Metnanothrx  LW1_47_Omnitophota
¢ . . .
‘ | ‘
3 X « LW1_0_Synergistacese  LW1_6_Mathanothrix  LW2_160_D@ococcoicia  LW2.35._ ol sis W2 143 A@Bcoccacoas
Lz 141 @htoraa U290 0lYococcata L. 72 iberods
i * P ’*
> . * | I
L2126 Ahcoccacess Lz 5 P@hentphaga Lw2_ We_ 154 M@nisomatota Lw2_135_Tr@seudomonas
Lwo_o_Offfivophota  La_4_willylomonas  La_35_pro@bactraceae * ' * *
Lwe_1és._dfiamipnaga L 59@bhengia | | | | |
Lwz_ 159 D Lw2_58_ @@hochordia L. 77 Sflfherochacta L2 @@Bacili Lwa_220Blostidia  LW3_99_Methaf@ihix_soehngenii
i ’ * | ’ * * ’ ‘ ‘
Lwat6.s L3 10, Lwa_ 11 v LW3_ 118 fthanothrix  LWa_ 1461 o147 Lwi_te4_e@ Lwa_ss_d@hiophota Lw_s3_@@hophota Lwa_75_@anoreguia LWLL;vmdzles quu,pimmms
| a8 a

CLCTI CLCT2 CLC GWI GWS  Lwi LWz LW Lwa

Figure A.6: Virus-host interactions in a Southern Ontario landfill (2017 hosts to 2016
viruses). CRISPR array spacers from the MAGs (circles) were mapped against the viral
elements (diamonds) predicted by VirSorter and VIBRANT to establish virus-host linkages
(connecting edges). The network is colored by the geographic sampling location from which
the MAG or viral element originated, with the width of the edges proportional to the number
of spacer-protospacer matches supporting the connection. MAG identifier and lowest level of
taxonomy as determined by GTDB-Tk are noted for networked MAGs. CLC samples have
non-overlapping colors to distinguish the two 2016 time-points. Four viral elements encoding
Diversity Generating Elements (DGRs) are denoted by stars. All viral elements and hosts

involved in putative cross-phylum connections are within boxes.
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Figure A.7: Venn diagrams of A: all reconstructed MAGs from the 2016 (left) and 2017
(right) datasets, with dataset overlaps between all MAGs (blue) and networked MAGs
(brown) indicated by the overlapping central region. B: all predicted viral elements from the
2016 (left) and 2017 (right) datasets, with dataset overlaps between all viral elements (blue)

and networked viral elements (brown) indicated by the overlapping central region.
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CLC_T1_71_2016_scaffold_90906 ey |
CLC_113_2017_scaffold_3283 BIeEKIC [CEIS[@[C] COIC[O[Q] & *

- = AGAGTAGCCCAACAGCTAAACCAAATAAGCGTTGTTACCCTCGTGAATTTTGTTTATAGGTAAA
GTTGTGTTACCCTCGTGAATTTTGCTATTTGACAAC

Figure A.8: CRISPR element targeting the same viral element between 2016 and 2017
showing changes in CRISPR array spacers (colored blocks) and one conserved flanking
sequence (black rectangle). The direct repeat consensus sequence shared between the two
arrays is shown under the flanking sequence and is underlined in purple. The similarity
between a subsequence of the flanking sequence and the direct repeat consensus suggests that
the flanking sequence may contain a partially-degraded repeat along with a 28 bp spacer
upstream of it. Omitting the possible spacer within the flanking sequence, none of the spacers
between the two arrays are shared despite near-identical host genomes from the CLC in 2016
and 2017. The backbone of this figure was generated through the use of CRISPRStudio
(Dion et al. 2018).
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Figure A.9: Genetic features targeted by host CRISPR arrays on hyper-targeted viral

elements. The coding sequences’ annotations for the hyper-targeted viral elements are

displayed. CRISPR spacers were mapped to regions of the viral element, with the mapping
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and visualization performed in Geneious (Kearse et al. 2012). In the targeting profile of a
single host, a non-grey triangle represents a single spacer that had multiple matches to
regions of the viral element. When shared, these single spacers are coloured the same

between distinct host targeting profiles.
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Appendix B

Supplementary Material: Chapter 3

Table B.1: Putative cross-phylum host-virus interactions.

Host Number of
Host MAG . host spacer Predicted
Sample . completion, . .
set Putative hosts phylum contamination to viral viral
(GTDB-tk) protospacer element(s)
(%)
matches
TPIn_75 Desulfobacterota 99.41, 0.00 1
CA_2019 TPBF 198 Proteobacteria 90.75, 0.63 7 VMAG_518
NEUS  STF2 137 Bacteroidota 95.56, 3.26 1
2019 STCSWMC 88  Firmicutes A 80.02, 4.08 2 iR R
STCSWMC 93  Bacteroidota 94.35, 0.27 15
STF1 64 Bacteroidota 95.43,0.27 16
NEUS  STF2 19 Bacteroidota 95.43, 0.00 1
2019 STD2 245 Bacteroidota 88.71,2.42 5 VMAG_3146
STCSWMC 50 Cloacimonadota 98.90, 2.20 1
STCSWMC 25  Firmicutes B 90.15, 4.60 3
NEUS  STF2 137 Bacteroidota 95.56, 3.26 1
2019 STCSWMC 88  Firmicutes A 80.02, 4.08 2 e
STF2_ 144 Cloacimonadota 100.00, 1.10 1 NODEISS
NEUS STCSWMC 50 Cloacimonadota 98.90, 2.20 2 0 co%/ 3842
2019 STF2 148 Cloacimonadota 95.54,1.10 2 66596_Sanat
STCSWMC 25  Firmicutes B 90.15, 4.60 2 >
- - own_F2||full
LW2 137 Muirbacteria 93.26, 4.56 2
S 20 LW2 139 Patescibacteria 70.53, 3.61 4 oAl 280

Tables B.2 and B.3 are available as a single .xlsx file for download online

(https://github.com/nikhilg123/Thesis_supplemental_tables.git)
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Table B.2: AMGs encoded across all datasets.

Table B.3: AMGs encoded by megaphage genomes.
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Appendix C
Supplementary Material: Chapter 4

1. HNH1 T W N NIDEGEENN W BN Q A K
2. HNH2 A" Y Dl B H il | PESS R
3. HNH3 S Y D/ I EN-H N ! PES S H
4, HNH4 FINA N NNIDEGEENN Y BN Q .l V
5. HNH5S Q AV
6. HNH6 | Wl E VIDEGENENENE R T VY
7. HNH7 =N Y BOR I D HI1 | P Rey S I
8. HNH8 H Q F
9. HNH9 QR4AE VIDEEENENEEE R BN F
10. HNH10 E R F
11. HNH11 D F IDEEN E IR K A R
12. HNH12 K WA N NOIDEEENN VY BN Q C Y
13. HNH13 Q A K
14. HNH14 Q A K
15. putative IscBvariant (1) P | F WM E L N R
16. putative IscBvariant 2) K L F BB E K
17. putative IscBvariant(3) P L Q V E VEER ALNE
18. putative IscBvariant(4) G F E K V RIEER A H|
19. putative IscBvariant(5) K L FE MM E K
20. putative IscB variant 6) P L Q V E K G 4

Figure C. 1: Partial HNH motifs in putative IscB variants. Sequences 1-14 are cas9 HNH motifs
collected from a reference study (Al-Shayeb et al. 2020). Sequences 15-20 are predicted partial HNH
motifs identified in variants of IscB or type Il effector nucleases.

1 100 200 300 400 500 600 700 800 900 1,000 1,100 1,200 1,300 1400 1488
1. Cas9 1 I n wemor o o nen 1 e I B —ruom 1"
2. 1scB(1) — ——+ — —_— TIRHIH—— =

3. IscB(2) " b o

4. 1scB(3) —l—t — NI -~ —m—A
5. IscB(4) T H—HI T

——— —— -t

— -l — 1

7. IscB(6) —_— B =11

—H-i
8. putative IscB variant (1) |- 1k
9. putative IscB variant (2) w =
10. putative IscB variant 3) 1y — — -, m—ir
11. putative IscB variant (4) |y —ll —HI HIm - in—
12. putative IscB variant (5) w -

13. putative IscB variant (6) WIHEH H ——

Figure C. 2: Predicted IscB variants from this study aligned with IscB and Cas9.
Streptococcus pyogenes Cas9 is sequence number 1 (accession WP_011528583.1) and
sequences 2-7 (6 sequences) are different variants of reference IscB proteins obtained from

NCBI (accessions WP_059314693.1, WP_115451136.1, WP_155749208.1,
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WP _173816280.1, and WP_224675911.1, respectively). Sequences 8-13 (6 sequences) were
identified in this study based their scores against profile HMMs of Cas9 are predicted to be

IscB variants.
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