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Abstract

The Arctic is undergoing a rapid environmental shift with increasing temperatures
and precipitations expected to continue over the next century. Yet, little is known
about how microbial communities and their underlying metabolic processes will re-
spond to ongoing climatic changes. To address this question, we focused on Lake
Hazen, NU, Canada. As the largest High Arctic lake by volume, it is a unique site
to investigate microbial responses to environmental changes. Over the past decade,
glacial coverage of the lake has declined. Increasing glacial runoff and sedimenta-
tion rates in the lake has resulted in differential influx of nutrients through spatial
gradients. I used these spatial gradients to study how environmental changes might
affect microbial community structure and functional capacity in Arctic lakes. 1 per-
formed a metagenomic analysis of microbial communities from hydrological regimes
representing high, low, and negligible influence of glacial runoff and compared the
observed structure and function to the natural geochemical gradients. Genes and
reconstructed genomes found in different abundances across these sites suggest that
high-runoff regimes alter geochemical gradients, homogenise the microbial structure,
and reduce genetic diversity. This work shows how a genome-centric metagenomics

approach can be used to predict future microbial responses to a changing climate.
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Résumé

L’Arctique subit actuellement des changements environnementaux rapides causés
par 'augmentation des températures et des précipitations dont l'effet devrait con-
tinuer a croitre de fagon exponentielle au cours du siecle prochain. Cependant,
I'information concernant la maniere dont les communautés microbiennes et leurs pro-
cessus métaboliques sous-jacents réagiront aux changements climatiques est limitée.
Pour répondre a cette question, nous nous sommes concentrés sur le Lac Hazen, NU,
Canada. Le Lac Hazen est le plus grand lac par volume situé au nord du cercle
arctique et représente un site unique pour étudier la réponse des microorganismes
aux changements environnementaux. Notamment, au cours des dix dernieres années,
la couverture de glace a la surface du lac a diminué, entrainant une augmentation
du ruissellement glaciaire et des taux de sédimentation dans certaines régions du
lac. Ceci a résulté en un apport différentiel de nutriments, créant des gradients
spatiaux au sein méme du lac. Ici, nous avons utilisé ces gradients spatiaux pour
étudier 'impact potentiel des changements environnementaux sur la structure et la ca-
pacité fonctionnelle des communautés microbiennes. Nous avons effectué une analyse
métagénomique des communautés microbiennes au travers d’un gradient de régimes
hydrologiques représentants une influence élevée, faible, et négligeable du ruisselle-
ment glaciaire en provenance du bassin versant. L’analyse des génomes assemblés a
partir des données métagénomiques suggere que les régimes a fort ruissellement modi-

fient les gradients géochimiques, homogénéisent la structure microbienne et réduisent

il



Résumé iv

la diversité génétique. Ce travail montre qu'une approche métagénomique peut étre

utilisée pour prédire la réponse des microorganismes aux changements climatiques.
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Chapter 1

Metagenomic applications to

Arctic microbial ecology

1.1 General Introduction

Microbial communities shape Earth’s ecosystems (Cavalier-Smith et al., 2006), and
drive geochemical cycles (Mason et al., 2009); however, their precise roles in ecosystem
services are only beginning to be understood (Sogin et al., 2006). Shotgun metage-
nomic approaches have allowed microbial ecologists to overcome the need for cultiva-
tion when characterising and identifying microorganisms. Analysing genomic DNA
content from entire microbial communities and reconstructing microbial genomes from
diverse environments provides novel insights into community structure and function
that were previously unnoticed in 16S rRNA gene studies (Nesme et al., 2016; Shen-
dure et al., 2017; Klindworth et al., 2013; Tremblay et al., 2015). As Arctic conditions
are rapidly changing with increased temperature and precipitation (Screen and Sim-
monds, 2010), it is increasingly important that we understand how terrestrial and
aquatic microbial ecosystems will respond to these changing conditions. Understand-

ing ecosystem functioning and predicting responses to global climate change, requires
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greater knowledge of microbial processes and their environmental interactions. This
introductory chapter discusses the application of metagenomics in an environmen-
tal context, explains the vulnerability of Arctic ecosystems, and outlines the current

understanding of the Lake Hazen watershed.

1.2 Environmental Metagenomics

Advances in both sequencing and bioinformatic technologies have transformed our
capacity to investigate the structural and functional dynamics of complex microbial
communities, from human guts to deep ocean sediments (Knight et al., 2018). Identifi-
cation of microorganisms and evaluation of their functional capacities has historically
relied on laboratory cultivation of individual species. Culture-independent studies,
using 16S rRNA genes, improved our understanding of microbial diversity, identify-
ing previously unknown bacteria and archaea lineages (Pace, 1997; Hugenholtz et al.,
1998). Full-length 16S rRNA gene sequences have become standard practice to study
microbial diversity because of the genes ubiquity in prokaryotes, slow evolutionary
change, and large size (1,500 bp) (Janda and Abbott, 2007).

The analysis of marker gene data begins with the construction of operational
taxonomic units (OTUs): clusters of reads that differ by less than a fixed sequence
dissimilarity, most often 3% (Callahan et al., 2017), as illustrated in Figure 1.1. OTUs
are typically constructed through de novo methods where reads are grouped by pair-
wise sequence similarities, and a representative sequence is mapped to a sufficiently
similar sequence in a reference database such as RDP (Maidak et al., 2000), Green-
genes (DeSantis et al., 2006), or SILVA (Quast et al., 2012). However, delineation
of OTUs is an emergent feature of datasets, dependent on the relative abundances
of the sampled community (Callahan et al., 2017). Even with infinite sequencing
ability, two different OTU datasets are challenging to compare (Edgar, 2018). Some
have suggested abandoning the 97% threshold previously used to define OTUs for
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100% sequence variants, where each distinct sequence defines a separate OTU, thus
greatly improving reusability and reproducibility across datasets (Callahan et al.,
2017; Edgar, 2018). Although 16S rRNA gene sequencing is highly useful in regards
to bacterial classification, it has low phylogenetic power at the species level, as it is

reliant on a single gene (Janda and Abbott, 2007).
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Figure 1.1: Comparison of methods for analysis of microbial communities.
Both 16S rRNA gene sequencing analysis and shotgun metagenomics se-
quencing analysis are explained in the flow diagram. Adapted from Glockner
and Teeling (2012).

Despite technological advances, microbial diversity is not completely described by
16S rRNA gene sequencing as a result of primer bias (Klindworth et al., 2013; Trem-
blay et al., 2015). In fact, nearly 10% of environmental sequences, most Patescibac-
teria (Candidate Phyla Radiation), and many archaea are missed by these classical

techniques (Eloe-Fadrosh et al., 2016). Even more limiting is the fact that functional
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interpretations of 16S rRNA gene sequences can only infer metabolic capacities, using
a phylogenetic tree to link OTUs with gene content of similarly characterised organ-
isms (Langille et al., 2013; Aflhauer et al., 2015). These procedures can be problematic
when analysing microbial communities with large proportions of poorly characterised
organisms (Glockner and Teeling, 2012; Jovel et al., 2016), as the accuracy the func-
tional characterisation is tied to how well the genomes are represented in sequence
databases (Thomas et al., 2012). Shotgun metagenomics (henceforth described as
metagenomics) is an alternative approach that allows for the near-complete recon-
struction of entire microbial genomes and evaluation of their functional capacities
(Sharon and Banfield, 2013).

Metagenomic sequencing, like 16S rRNA gene sequencing, relies on the extraction
of DNA; however, instead of targeting a specific genomic locus, all DNA is sheared
into fragments and “universal adapters” are appended. Each small fragment is se-
quenced, resulting in reads that align to various genomic locations for the numerous
genomes present (Thomas et al., 2012). In contrast to 16S rRNA gene sequencing
that uses prokaryotic specific primers, metagenomic reads are more representative of
the whole ecosystem capturing prokaryotic, viral, and eukaryotic DNA (Wooley et al.,
2010). Metagenomic reads are generated from multiple genes that can be either tax-
onomically informative or encode functions, providing the opportunity to explore two
aspects of the microbial community: who is there and what are they capable of doing?
An added benefit of metagenomic sequencing is that it captures 16S rRNA genes and
can be used to estimate microbial abundances and diversity (Pericard et al., 2017).
Metagenomic sequencing typically generates read lengths 100-300 bp long and mostly
over 99.9% accurate (Caporaso et al., 2012). This thesis used a [llumina HiSeq 2500
instrument to generate reads that were approximately 125 bp in length. However, it is
worth mentioning newer technologies, such as PacBio’s Sequel and Oxford Nanopore
Technologies PromethION or MinION, that are capable of generating ultra-long reads
approximately 800-900 kb in length (Jain et al., 2018). Ultra-long reads provide suf-
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ficient length to capture entire prokaryotic genomes (Caporaso et al., 2012), which
can improve sequence assembly and binning (van Dijk et al., 2018). Longer reads
are particularly useful when trying to reconstruct regions containing highly repet-
itive transposable elements that exhibit high sequence identity, high copy number,
or complex genomic arrangements (McCoy et al., 2014). As current binning meth-
ods rely heavily on using tetranucleotide frequencies as a distinguishing feature, it
is challenging to group regions that appear as similar structural variations across all
phylogenetic groups

A standard metagenomic workflow (Figure 1.1) involves the following steps: as-
sembling reads into contigs, gene prediction of contigs, binning of contigs, taxonomic
classification of bins, annotation of genes, and mapping of initial reads to the contigs.
Assembling short reads into larger contigs is completed through de novo assemblers
that combine reads on the basis of sequence overlaps (van der Walt et al., 2017).
Contigs are scanned for open reading frames and gene locations are predicted (Hyatt
et al., 2010). Binning typically uses tetranucleotide frequency and coverage across
samples to group each contig into reconstructed genomes (also known as “bins” or
“MAGs”) (Alneberg et al., 2014; Wu et al., 2015). Binning is powerful process because
it does not depend on a reference database or taxonomy to cluster contigs (Sedlar
et al., 2017). High-quality reconstructed genomes obtained through binning provides
detailed information on taxonomy, metabolic potential, and organism abundances in
assemblages (Hug et al., 2018). Depending on the sequencing coverage (amount of
reads generated) these reconstructed genomes can be taxonomically classified down
to the species and even strain (Luo et al., 2015). The genes contained within each
genome can be functionally annotated by searching a protein sequence against multi-
ple databases using HMMER (Mistry et al., 2013) or BLAST (Altschul et al., 1997).
The original sequences are mapped to the reconstructed genomes to approximate
the biodiversity and abundance of each genome in the assemblage (Langmead and

Salzberg, 2012).
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Reconstructed genomes have indicated that microorganisms are heavily depen-
dent on symbiotic and commensal relationships (Hug et al., 2018). This is particularly
true for many of the unculturable organisms in the bacterial candidate phylum ra-
diation (CPR) group and archaeal DPANN group (Diapherotrites, Parvarchaeota,
Aenigmarchaeota, Nanoarchaeota and Nanohaloarchaeota) that engage in metabolic
handoffs where multiple organisms perform sequential redox reactions (Brown et al.,
2015; Castelle et al., 2015). Near-complete reconstructed genomes are suitable for
phylogenetic and metabolic analyses, providing a key starting point to begin mon-
itoring and accessing the environmental impacts on microbial communities (Anan-
tharaman et al., 2016; Linz et al., 2018). Reconstructed genomes have dramatically
shifted how we view the tree of life, uncovering novel phyla and species (Hug et al.,
2016). The diversity of microorganisms, particularly those that are unculturable, has
dramatically expanded with our increasing ability to reconstruct genomes from envi-
ronmental metagenomic data (Parks et al., 2017). However, reconstructed genomes
must be critically evaluated because they are typically incomplete (<100%) and po-
tentially contain contigs from multiple strains or species due to assembly and binning
processes (Parks et al., 2015). Reconstructed genomes form the basis from which we
investigate microbes within this thesis.

To classify reconstructed genomes, the most common approach depends on NCBI
taxonomy and subset of core ribosomal proteins (usually at least 16) that are found
across all domains of life (Hug et al., 2013, 2016; Dombrowski et al., 2018; Probst
et al., 2018). This method can be problematic as the NCBI taxonomy is often in-
consistent with true evolutionary relationships, which is observed by the formation
of polyphyletic groups (Parks et al., 2018). Recently, the expansion in sequenced and
reconstructed genomes has made genome-based phylogenies possible improving the
classification of metagenomic and uncultured bacterial datasets (Parks et al., 2017).
This approach builds upon multilocus sequence alignment (MLSA), where sequences

for multiple housekeeping genes were generated from isolated cultures, then concate-
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nated and used to construct phylogenetic trees (Larsen et al., 2012). Genome-based
phylogenies identifies prokaryotic organisms at a higher resolution than 16S rRNA
gene-based studies, and can determine identity down to strains (Parks et al., 2018;
Glaeser and Kéampfer, 2015). In this thesis, I used the Genome Taxonomy Database
(GTDB), which relies on hundreds of ubiquitous single-copy proteins to classify tax-
onomy (Parks et al., 2018).

Previously, functional contributions of rare and uncultured bacteria would have
remained elusive; however, recent metagenomics studies have characterised microbial
functions in environmental systems (Wrighton et al., 2012; Rinke et al., 2013; Suna-
gawa et al., 2015; Anantharaman et al., 2016). Genes can be identified from recon-
structed genomes (Hyatt et al., 2010). Once proteins have been predicted, genes and
pathways can be annotated using databases such as TIGRFAM (Haft et al., 2003),
PFAM (Finn et al., 2015), COG (Tatusov et al., 2003), KEGG (Kanehisa et al.,
2015), or Metacyc (Caspi et al., 2007). These functional insights have recently been
applied to understand the microbial role in biogeochemical cycles (Anantharaman
et al., 2016; Linz et al., 2018; Probst et al., 2018). Within complex microbial sys-
tems few organisms can conduct sequential redox reactions (van Kessel et al., 2015),
and most operate through interdependence of metabolism with other microorganisms
(Anantharaman et al., 2016; Hug et al., 2018). However, growing evidence suggests
that changing environmental conditions can change microbial assembleges and al-
ter biogeochemical cycles (Hultman et al., 2015; Anantharaman et al., 2016). This
has the potential to create a feedback loop wherein microbial communities respond
to environmental conditions and their responses can fundamentally alter underlying
biogeochemical processes. To the best of our knowledge, little work has been con-
ducted investigating the microbial responses to environmental change, particularly in

Canada’s High Arctic.
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1.3 Arctic Ecosystems

The Arctic is warming at unprecidents rates, with climate models predicting tem-
peratures and precipitation increasing in the Arctic by as much as 8°C and 40%,
respectively, by the year 2100 (IPCC, 2013). In fact, changes in near-surface air tem-
peratures have been almost twice the global average in recent decades (Serreze and
Francis, 2006). Reductions in sea ice coverage is largely implicated in this Arctic am-
plification warming process (Screen and Simmonds, 2010), and may also contribute
to rising precipitation (Kopec et al., 2016). In aquatic ecosystems, there has been a
reduction in the duration of lake ice coverage, increased nutrient delivery and primary
productivity (Williamson et al., 2009). These environmental changes in the Arctic
may have permanent detrimental effects on biodiversity, which has led to the forma-
tion of the Arctic Council — an intergovernmental forum investigating and establishing
guidelines for the preservation of Arctic biodiversity (Meltofte et al., 2013).

While recent work has investigated species adaptation and loss due to ongo-
ing environmental changes at mid latitudes (Pacifici et al., 2015; Kerr et al., 2015;
Pecl et al., 2017), little is known about how complex microbial communities will re-
spond. Microbial communities are commonly thought to be well adapted to climate
change (McCalley et al., 2014; Hultman et al., 2015). Functions of individual mi-
croorganisms within communities are conventionally thought to be highly dynamic
and collectively redundant, such that environmental changes will not impact overall
function (Ramirez-Flandes et al., 2019). However, there is growing concern that as
different assemblages of organisms are selected, linkages among the major biogeo-
chemical cycles will change (Anantharaman et al., 2016). As microbial communities
mediate most of the biogeochemical cycling in aquatic and terrestrial environments
(Falkowski et al., 2008; Fuhrman, 2009), there is an urgent need to understand how
these microbial ecosystems will change.

Arctic biodiversity is an irreplaceable ecological, scientific, economic, and cultural
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asset; yet, the most significant organisms in maintaining the integrity and ecosystem
services of the Arctic are the least understood. Microorganisms have fundamental
roles in Arctic ecosystems where they are responsible for the production of methane
(Woodcroft et al., 2018), mobilisation of metals (St. Pierre et al., 2018), and trans-
formation of ammonia to nitrites (Alves et al., 2013), but they have been studied
the least (Mohit et al., 2017; Hutchins and Fu, 2017). To date most of the work
completed on Arctic microbial communities has leveraged 16S rRNA gene sequences
to analyse the structure of microbial communities (Mohit et al., 2017; Comte et al.,
2018; Ruuskanen et al., 2018). In particular, Arctic lakes are understudied, which
may be due to logistical constraints of being ice covered 10-12 months of the year
(Keatley et al., 2007). A few studies have used genome-centric approaches to inves-
tigate microbial communities in permafrost (Hultman et al., 2015; Woodcroft et al.,
2018), finding that microbial diversity and functional capacity increases as warm-
ing temperature facilitate thawing soil (Hultman et al., 2015). In comparison, the
knowledge of microbial communities in Arctic lake sediments is severely lacking. Yet,
sedimentary ecosystems are highly interconnected networks serving as integrators of
hydrological, atmospheric, and terrestrial processes (Williamson et al., 2008, 2009;
Emmerton et al., 2016).

1.4 Study Area: Lake Hazen Watershed

The Lake Hazen watershed is located on Northern Ellesmere Island (Nunavut, Canada)
and is the largest Arctic Lake by volume (Kock et al., 2012), illustrated in Figure 1.2.
Most of the High Arctic is a polar desert area with barren land surfaces, intense and
persistent cold, and low amounts of precipitation (Surdu et al., 2016). The Lake
Hazen watershed is a thermal Arctic oasis, characterised by atypical warmer micro-
climate than the surrounding polar desert (Surdu et al., 2016; Keatley et al., 2007).
Inputs to the highly oligotrophic Lake Hazen are primarily limited to stream runoff
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from glaciers during the late summer melt (June - August) (Surdu et al., 2016; Lehn-
herr et al., 2018). The hydrological regimes have been well described and stream
runoff is known to enter from the glacial range on the NW half of the catchment and
drain through Ruggles River, the primary outflow, to the SE coast of Ellesmere Island
to the Arctic Ocean (Lehnherr et al., 2018; St. Pierre et al., 2019). From 2007-2012
increased glacial runoff raised water levels by 0.8 m and increased the annual outflow
discharge by 370% (0.49 to 1.8 km?®), relative to 1996-2006 levels (Lehnherr et al.,
2018).

Lake Hazen watershed
~Glacial subwatershed delineation Rty
A Glacier .
Watercourse \ < Arctc

Ocean

f" % Ellesmere
Island

- Turnabout " :

L SR 3

v .

Canada

To Nares
Strait

Figure 1.2: Map of Lake Hazen, Nunavut. High and low runoff regimes and
deepest points are identified. Estimated runoff can be found in Supplemen-
tary Table A.1. Adapted from St. Pierre et al. (2019).

As a result of warming temperatures, these hydrological changes increased sedi-
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ment and nutrient delivery to the lake (Williamson et al., 2009; Lehnherr et al., 2018),
driving ecosystem shifts (Michelutti et al., 2003; Antoniades et al., 2007; Riithland
et al., 2015); yet, the microbial responses to these changes have not been documented
in this system. Although incredibly remote, it is a well stuided lake from both a hy-
drological (Smith, 1999; Surdu et al., 2016; St. Pierre et al., 2019) and biogeochemical
perspective (Keatley et al., 2007; Emmerton et al., 2016; St. Pierre et al., 2018). The
microbial work that has been completed in this environment is limited to a single 16S
rRNA study (Ruuskanen et al., 2018), that described changes in community struc-
ture along pH and redox gradients within single sediment cores with limited spatial
distribution. The subsequent work in Chapter 2 uses metagenomics to assess how the

structure and metabolic potential changes through runoff regimes.

1.5 Objectives of Thesis

Within this thesis, I used spatially distributed sampling to capture changes in geo-
chemical gradients that are a result of differential runoff caused by warming Arctic
temperatures. Chapter 2 investigates the changes to the microbial community struc-
ture and metabolic capabilities as a result of these environmental changes observed in
the Lake Hazen watershed. Chapter 3 summarises the contributions and limitations

of this research, and directions for future work.
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responds to climate change in
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2.1 Abstract

Climate change is occurring more rapidly in the Arctic than anywhere else on Earth. Arctic
temperature and precipitation is expected to increase dramatically over the next century,
yet little is known about how Arctic microbial communities in Arctic lakes will respond
to these extensive changes. To address this question, we focused on Lake Hazen, NU in
Canada’s Arctic. As the largest High Arctic lake, by volume, it is a unique site to investigate
microbial responses to environmental change. Over the past decade, glacial coverage of the
lake has declined. Increasing runoff and sedimentation rates have result in a differential
influx of nutrients through spatial gradients. Here, we used these spatial gradients to study
how on-going environmental change may affect microbial community structure and function
in Arctic lakes. We performed a metagenomic analysis of sites sampled from hydrological
regimes representing high, low, and negligible influence of glacial runoff and compared the
observed structure and function to the natural geochemical gradients. Both genes and
reconstructed genomes were found in different abundances across these sites, suggesting
that high runoff regimes alter geochemical gradients, homogenise the microbial structure
and reduce genetic diversity. This work shows how a metagenomic approach can be used

to predict future microbial responses to a changing climate.

2.2 Introduction

Climate change has dramatic impacts on the physical (Laudon et al., 2017; Bliss et al., 2014;
O’Reilly et al., 2015), biogeochemical (Frey and McClelland, 2009; Lehnherr et al., 2018),
and ecological (Smol et al., 2005; Wrona et al., 2016) processes in Arctic environments.
In particular, these impacts are amplified in polar regions, where near-surface warming has
been almost twice that of the global average in the last decade (Overpeck et al., 1997; Serreze
and Francis, 2006; Screen and Simmonds, 2010). In fact, climate models predict temperature
and precipitation increasing in the Arctic by as much as 8°C and 40%, respectively, by the
year 2100 (IPCC, 2013). While recent work has investigated plant and animal adaptation

and loss due to climatic changes at mid-latitudes (Pacifici et al., 2015; Kerr et al., 2015;



2. Microbial structural and functional responses 14

Pecl et al., 2017), little is known about how complex microbial communities will respond in
Arctic environments. As microbial communities mediate most of the biogeochemical cycling
in aquatic and terrestrial environments (Falkowski et al., 2008; Fuhrman, 2009), there is a
growing need to understand how these ecosystems and the ecological services provided by
microbes will change.

To address this outstanding question, we focused on the sediment and soil of the Lake
Hazen watershed. Located in Quttinirpaaq National Park on northern Ellesmere Island,
Nunavut, it is the world’s largest High Arctic lake by volume (Kock et al., 2012). The Lake
Hazen watershed is already experiencing the effects of climate change with increasing tem-
peratures leading to more glacial melt, stream runoff, permafrost thaw, and less seasonal
ice coverage (Lehnherr et al., 2018). Arctic lakes are typically low-nutrient ecosystems;
yet, increasing runoff due to melt and thaw processes has the potential to introduce im-
portant quantities of sediment, nutrients, and organic carbon to the aquatic environment
(Williamson et al., 2009). The consequences of these changes on the microbial sediment
communities and their functions are currently unknown. In marine sedimentary ecosystems
some functional groups, such as nitrogen fixers and denitrifiers, may actually benefit from
changes in pH, temperature, and nutrient availability (Hutchins and Fu, 2017). In terrestrial
soils, microbial communities have predictable and consistent responses to changes in tem-
perature (Yergeau et al., 2012; Oliverio et al., 2017) and precipitation (Castro et al., 2010),
which selects for distinct microbial communities. The outstanding question is how climate
caused shifts in microbial assemblages may ultimately change functional capacity and alter
biogeochemical processes. Physical changes like thawing soil, in permafrost systems are
known to influence the structure and function of microbial communities and in turn, prop-
agate changes to the geochemical environment (McCalley et al., 2014; Hultman et al., 2015;
Mackelprang et al., 2016; Woodcroft et al., 2018). However, microbial responses to envi-
ronmental changes in polar lake sediments are still poorly characterised. Sediments contain
abundant and phylogenetically diverse microbial communities (Lozupone and Knight, 2007;
Eisenhauer et al., 2012), which may be well positioned to withstand fluctuating environ-

mental conditions, but this, to our knowledge, has not been tested in situ.
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To date, most work performed on microbial communities in Arctic environments has
been limited to descriptive studies using 16S rRNA gene sequencing (Stoeva et al., 2014;
Thaler et al., 2017; Mohit et al., 2017; Ruuskanen et al., 2018). While providing rich
insights into microbial community structures and their potential role in nutrient cycling,
we are not aware of any prior work addressing the impact of climate change on microbial
sediment communities in the Arctic. Lakes are relatively understudied in Arctic ecosystems,
even though they are considered sentinels and regulators of climate change because they
integrate physical, chemical, and biological changes happening throughout their watersheds
(Williamson et al., 2009). Uniquely here, we make use of spatial runoff differences across
the Lake Hazen watershed to mimic the temporal effects of climate change; differential
runoff volume and sources lead to heterogeneous geochemical gradients that may affect
microbial communities. Sediments and soils were sampled from three hydrological regimes
representing high, low, and negligible influence of runoff. Based on this space-for-time
substitution (Blois et al., 2013; Lester et al., 2014), we suggest that higher runoff regimes
will be most similar to the future trajectory of aquatic inputs. For the first time in the
sediments of a remote High Arctic lake, we apply shotgun metagenomics to evaluate the
microbial community responses to changing environmental gradients, and show that climate
change can lead to homogenisation of the microbial community structure and reduction in

genetic diversity.

2.3 Methods

Sample Collection and Processing

Soil and sediment cores were collected from the Lake Hazen watershed (82°N, 71 W°: Figure
2.1A) during the start of the summer melt season, between the 10'" of May and the 10*" of
June 2017. Sediment cores approximately 30 cm in depth were collected with an UWITEC
(Mondsee, Austria) gravity corer from five locations: L1 (depth: 50m), L2 (depth: 251 m),
H1 (depth: 21 m), H2 (depth: 253 m), C (depth: 50 m). Three sediment cores per site were

collected for genomic analysis approximately 3m apart to account for site heterogeneity.
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The top 5cm of each core was sliced and placed into Whirlpack bags. These slices were
homogenised by hand inside of the bags and stored in a —20°C freezer until shipment back
to the University of Ottawa where they was stored at —80°C. An additional two sediment
cores per site were collected for porewater, combustion, and microprobe analysis. Soil cores
(L-Soil, H-Soil, and C-Soil) were collected from the landscape adjacent to the sediment
core collection sites in triplicate approximately 1 m apart to account for site heterogeneity.
After snow and surface vegetation was removed, cores approximately 10 cm in depth were
recovered with a stainless steel hand coring device. For soil samples the entire depth of
the core was place into a falcon tube, homogenised, and stored as above. Contamination
of samples was minimised by sterilising the coring equipment between use with 10% bleach
and 90% ethanol and by wearing non-powdered latex gloves during sample handling. As
we were most interested in the entire community change through chemical gradients, we
combined the top 5cm of sediment and 10 ¢cm of soil for sample extraction and subsequent
sequencing.

For each sample, the triplicate cores were extracted and combined. Samples were
thawed overnight and 250 mg—400 mg (wet weight) was then washed in a sterile salt buffer
(10mM EDTA, 50mM Tris-HCl, 50mM Nay; HPO4, 7H2O at pH 8.0) to remove PCR
inhibitors (Zhou et al., 1996; Poulain et al., 2015). All sample handling was conducted in
a laminar flow hood (HEPA 100) stainless steel sterile cabinet that was treated with UVC
radiation and bleach before each use. DNA extractions were performed in a laminar flow
hood (HEPA 100), using the DNeasy PowerSoil Kit (MO BIO Laboratories Inc, Carlsbad,
CA, USA), and following the kit guidelines, except that the final elution volume was 30 pL
instead of 100 uL. The PowerSoil kit was used as it has been shown to perform constantly
across different soil and sediment matrices (Mahmoudi et al., 2011; Vishnivetskaya et al.,
2014; Ramirez et al., 2018). DNA integrity was validated with a NanoDrop Spectrometer
and PCR combined with electrophoresis of the glnA gene (Figure A.4, Table A.6). Adequate
DNA concentrations for sequencing were reached through combining triplicate extractions

for a total volume of 45 uM and a concentration > 50 ng/uL (Table A.7).
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Chemical Analyses

Chemical features were measured for the sediment sites along with depth. Redox potential,
pH, and dissolved Oy concentration profiles were measured at 100 uM intervals in the field
within an hour of collection, using Unisense (Aarhus, Denmark) microsensors connected to
the Unisense Field Multimeter. Cores used for porewater chemistry analysis were sectioned
in 1cm intervals into 50 mL falcon tubes in the field, followed by flushing of any headspace
with ultra-high-purity No before capping. Sediment porewater was extracted following cen-
trifugation at 4,000 rpm, after which the supernatant was filtered through 0.45 um cellulose
acetate filters into 15 mL tubes, which were then frozen until analysis. Concentrations of
NO; + NOj, NHs, CI~, Total Dissolved Phosphorus (TDP), and 8012 were measured in
the sediment porewater by ion chromatography. However, TDP was removed from data
analysis because insufficient porewater was collected form TDP analysis at site C. All pore-
water analyses were performed at the Elemental Analysis and Stable Isotope Ratio Mass
Spectrometry Laboratory (Department of Renewable Resources, University of Alberta).
The centrifuge sediments were retained for percent CaCOs and percent Organic Carbon
(OC) estimation through loss on ignition (Heiri et al., 2001). For soils collected tempera-
ture at sampling time was measured (Table A.3), but mass of samples were insufficient for
further chemical analysis.

The chemical features were summarised into 1 cm intervals through the top 5 cm of the
sediment cores. The geochemical properties of each sediment site were then visualised using
a Principle Component Analysis (PCA) and clustered using Partitioning Around Medoids
(PAM). The appropriate number of clusters were determined using the silcheck function
from the hopach (van der Laan and Pollard, 2003) R package. Each feature was further

visualised as a boxplot and a Dunn Test was used to perform multiple pairwise comparisons.

Sequencing and Data Processing

Metagenomic libraries were prepared and sequenced by Genome Quebec on an Illumina
HiSeq 2500 platform (Illumina, San Diego, CA, USA) on a paired-end 125 bp configu-
ration using Illumina TruSeq LT adapters (read 1: AGATCGGAAGAGCACACGTCT-
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GAACTCCAGTCAC, and read 2: AGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT).
A total of 8 DNA samples (5 sediments, 3 soils) were sequenced generating over 150 Gb of
data (see Figure A.5 for Illumina library validation). Read count summaries were tracked
throughout each step of the pipeline for quality control (Table A.7). Low quality reads, se-
quencing adapters, unpaired reads, and low quality bases at the ends of reads were removed
to generate quality controlled reads with Trimmomatic (v0.36) (Bolger et al., 2014) using
the following paired-end commands: phred33, ILLUMINACLIP:TruSeq3-PE-2.fa:3:26:10,
LEADING:3 TRAILING:3, SLIDINGWINDOW:4:20, MINLEN:36, CROP:120, HEAD-
CROP:20, AVGQUAL:20. FASTQC (v0.11.8) (Andrews, 2010) was then used to confirm
that the Illumina adapters were removed and that trimmed sequence length was 90 bp in

length.

Metagenomics Assembly, Binning, and Annotation

To recover genomes, metagenomic quality controlled reads from all samples were coassem-
bled using Megahit (Li et al., 2015) software with a k-mer size of 31 and “meta-large”
setting (summary statistics in Table A.5). EukRep (West et al., 2018) was used to remove
any eukaryotic DNA from the contigs prior to the formation of an Anvio (v5) (Eren et al.,
2015) contig database. A contig database was generated removing contigs under 1000 bp
and gene prediction was performed in the Anvio environment (Table A.5). Sequence cov-
erage information was determined for each assembled scaffold by mapping reads from each
sample to the assembled contig database using Bowtie2 (Langmead and Salzberg, 2012)
with default parameters. The resulting SAM files were sorted and converted to a BAM
files using samtools (v0.1.19) (Li et al., 2009). The BAM files were prepared for Anvio us-
ing the “anvi-init-bam” and contig database generated using “anvi-gen-contigs-database”.
The contig database and BAM mapping files were further used as input for “anvi-profile”,
which generated individual sample profiles for each contig over the minimum length of
2500 bp. These profiles were then combined using “anvi-merge” and summary statistics for
abundance and coverage were generated with “anvi-summarize”. Automated binning was

performed using CONCOCT (Alneberg et al., 2014). Scaffolds were binned on the basis
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of %GC content and differential coverage abundance patterns across all 8 DNA samples.
Manual refinement was done using Anvio’s refine option. Kaiju (Menzel et al., 2016) was
used to classify taxonomy of the assembled contigs with “anvi-import-taxonomy-for-genes”
and aided in the manual refinement process. Open reading frames and potential genes were
identified with Prodigal (v2.6.3) (Hyatt et al., 2010). Anvio’s custom HHMs were run,
along with NCBIs cog annotation to identify genes. PFAM, TIGRFAM, GO terms, KEGG
enzymes, KEGG pathways and Metacyc pathways were annotated with Interproscan (v5)
(Jones et al., 2014). These gene annotations were then combined with the Anvio database
with “anvi-import-functions”.

Genome completeness and contamination was evaluated based on the presence of a
core set of genes using CheckM (v1.0.5) “lineage_wf” (Parks et al., 2015). Only genomes
that were at least 50% complete and with less than 10% contamination were further
analysed (meeting the MIMAGs standard of medium or high quality genomes (Yilmaz
et al., 2011)). A total of 300 high-quality genomes were recovered from this binning pro-
cess. All of these genomes were used to calculate an average amino acid identity across
all genomes using compareM (v0.0.23, function “aai_wf”) (Parks, 2014). CheckM was
used again to identify contigs that were not contained in any of the 300 high-quality
genomes. These unbinned contigs were binned using an alternative binning algorithm
MaxBin (v2.0) (Wu et al., 2015). An additional 481 genomes were recovered, but were not
included in further analysis as only a 21 genomes were of average completion > 65% (Sup-
plemental Data File 1:https://github.com/colbyga/hazen_metagenome_publication/

blob/master/maxbin2_unbinned_contigs_summary.csv).

Phylogenetic Analysis Using Ribosomal and Core Proteins

Phylogenetic analysis was performed using two different sets of markers for bacteria and
archaea. The list of 120 bacterial and 122 archaeal marker genes have been previously used
to standardise bacterial taxonomy (Parks et al., 2018) (full list of proteins available on
github). The marker genes were extracted from each genome by matching the Pfam (v31)

(Finn et al., 2015) and TIGRFAMs (v15.0) (Haft et al., 2003) annotations from GTDB
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(v86) (Parks et al., 2018) to those found in the genomes. Marker genes from each of the
300 genomes were translated using seqinr (Charif and Lobry, 2007). As some genomes had
multiple copies of a marker gene, duplicate copies were filtered keeping the most complete
sequence with a custom R script. Additionally, if a genome was missing marker genes, the
genome was still included, but as an empty sequence. The markers from each bin were
combined with the individual GTDB trimmed multiple sequence alignments. MUSCLE
(v3.8.31) (Edgar, 2004) was used to align the genomes to the GTDB reference sequences
in R (v 3.5.1) (R Development Core Team, 2008). Archaeal sequences were removed from
the bacterial alignment on the basis of results from CheckM (Parks et al., 2015) and inde-
pendently verified using a custom list of archaea specific marker genes. Alignments were
then refined using trimAI (Capella-Gutiérrez et al., 2009) and the “-gappyout” parameter.
FastTree2 (Price et al., 2010) was used to infer approximately-maximum-likelihood phyloge-
netic trees from protein sequence alignments under the WAG model (Whelan and Goldman,
2001). The archaeal tree was rooted on Euryarchaeota and bacterial tree on Patescibacteria
using APE (Paradis et al., 2004). Trees were visualised and coloured according to phylum
using ggtree (Yu et al., 2017).

Relative Abundance and Community Composition Analysis

To determine the relative abundance of each genome in the eight samples, sample-specific
genome abundances were normalised by sequencing depth [(reads mapped to a genome)/(total
number of reads mapped)], making comparison across samples possible. Genome abun-
dances were generated using the CheckM “profile” function (Parks et al., 2015). All further
analyses were performed in RStudio (RStudio Team, 2015) using R (v 3.5.1) (R Development
Core Team, 2008). To determine the average abundance of major taxonomic groups across
(determined by the phylogenetic analysis described above) the abundances for genomes from
the same taxonomic were summed and visualised using phyloseq (McMurdie and Holmes,
2013). These same abundance values were the basis for a community composition analysis.
t-SNE plots were constructed by assigning each genome to a site based on where it was most

abundant using Rtsne (Krijthe et al., 2018). Heatmaps were generated in gplots (Warnes
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et al.,, 2009). A tanglegram connecting the genomes between cluster by abundance and

phylogeny were generated in dendextend (Galili, 2015).

Metabolic Potential Analysis

As described previously gene prediction for individual genomes was performed using Prodi-
gal (v2.6.3) (Hyatt et al., 2010) and annotated with Interproscan (v5) (Jones et al., 2014).
To analyse functional marker genes in the metagenomes, we used a custom database of
reference proteins sequences (KEGG (Kanehisa et al., 2015), TIGRFAM (Haft et al., 2003),
COG (Tatusov et al., 2003), PFAM (Finn et al., 2015)) based of off the marker genes
previously used in other studies (Anantharaman et al., 2016; Dombrowski et al., 2018)
(Supplemental Data Files on GitHub). Pathways were also predicted using MinPath (Ye
and Doak, 2009) to map all identified KEGG enzymes to the most parsimonious MetaCyc
pathways (Caspi et al., 2007). MinPath presents only pathways represented by multiple
genes. As most genomes were present even at low abundances across all sites, a cutoff value
of —logyy < 0.25 was set for a genome to be considered functionally relevant at any site.
The high abundance genomes for each site were used as the basis of further examination.
We aggregate marker genes and pathways by function and phylogenetic groups. We further
grouped all taxa together at each site to tested for significant differences in major cycling
processes (carbon, nitrogen, and sulphur) between sites using a hierarchical clustering with
P-values (Suzuki and Shimodaira, 2006) and Fisher’s exact test. Antibiotic resistance genes
(AMR) were identified from each of the high quality genomes using the Comprehensive An-
tibiotic Resistance Database (CARD 2.0.3) (Jia et al., 2016). AMR genes were then plotted
as a heatmap using CARD’s Resistance Gene Identifier (RGI 4.2.0) (McArthur, 2018) and

visualised in R.

Availability of Data

All data will be made accessible prior to manuscript submission. Scripts and supplemen-

tal data files can be accessed from https://github.com/colbyga/hazen_metagenome_
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publication. Raw sequence reads of the shotgun metagenomic data will be submitted
to the NCBI sequence read archive under Bioproject. Metagenome assembled genomes will
be submitted to NCBI. The geochemical data will also be made available at the National

Centers for Environmental Information online repository.

2.4 Results

Heterogeneous Runoffs Lead to Distinct Geochemical Gradi-
ents

We first characterised how geochemical properties of the sediments vary across a spatial
gradient (Figure2.1A). Samples were collected along two transects and can be separated
into three hydrological regimes by seasonal runoff volume: high (H sites), low (L sites),
and negligible runoff (C sites; Table A.1). Cores were taken at eight sampling locations
along these transects. For sediment core sites, detailed chemical measurements were ob-
tained through the top 5cm of the cores and averaged over 1cm intervals. Within the
watershed, runoff flows from the outlet glaciers along the northwestern shoreline through
poorly consolidated valleys, depositing sediments into Lake Hazen (H and L sites). The lake
then drains into Ruggles River along its southeastern shoreline (C sites). The surrounding
glaciers deliver different amounts of sediments, likely with different chemical compositions,
and do so unevenly throughout the lake (Table A.2). The sediments then heterogeneously
settle at the deepest parts of the lake with the top 5cm in each sediment location not nec-
essarily representing the same depositional dates. In the high runoff H2 site, the top 5cm
of sediments were deposited between 2011-2017; in contrast in the low runoff L2 site, the
top 5 cm were deposited between 1987-2017 (Table A.2).

As it is the only substantial input to the lake ecosystem, glacial runoff transporting
sediments is likely responsible for the clustering of sites into four distinct geochemical groups
(Figure 2.1B). Higher concentrations of ammonia, sulphate and a greater percentage of

calcium carbonate were present in the high runoff sites. However, higher concentrations
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of oxygen, nitrate/nitrates, and greater redox potential were present in the low runoff and
control sites. In the principal component analysis, PC1 explained 43% of the total variance,
and differentiated the high and low runoff sites. Organic carbon, pH, and chlorine were
more determinant when distinguishing between shallow and deep sites within a hydrological
regime (Figures A.1, A.2).

The observed chemical changes between different sediment sites were more significant
than the changes through depth of a single core (Figure2.1BC). Rather than grouping
spatially with the high runoff sites, the control site (C) was most chemically similar to
the L1 site. Site C’s chemical features showed little or no significant difference from L1
(Figures 2.1C, A.3). In measurements of pH and organic carbon, the shallow sites (L1 and
H1) were not significantly different from each other, yet were both significantly different
from the deeper sites (L2 and H2) suggesting that although most chemical features were
similar within a hydrological regime, some were still influenced by their spatial proximity

to the shoreline (Figure 2.1C).

Chemical Gradients, Not Phylogeography, Correlate with Site-
Specific Phylogenetic Diversity

To assess the impacts of these geochemical constraints on biodiversity, we reconstructed a
total of 300 (290 bacteria and 10 archaea) genomes (metagenome-assembled genomes) that
were >50% complete and with <10% contamination from 1,455,655 contigs (Tables A .4,
A.5). Their phylogenetic placement was obtained by constructing two phylogenetic trees:
one for bacteria and one for archaea based on ~120 ubiquitous single copy proteins (Fig-
ure 2.2). While most major phyla were represented in the reconstructed genomes, no Firmi-
cutes and only a small number of archaea were identified. In constrast, Gammaproteobacte-
ria (n = 50), Actinobacteria (n = 31), Alphaprobacteria (n = 24), Chloroflexoata (n = 30),
Planctomycetota (n = 24), and Acidobacteriota (n = 19) were the most commonly recon-
structed taxa across the entire watershed. Uncultured bacteria comprised ~ 11% of genomes
identified in Lake Hazen, with representative genomes from multiple taxa: Eisenbacteria

(n = 12), Patescibacteria (n = 9), Omnitrophica (n = 5), KSB1(n = 1), Armatimonadota
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Figure 2.1: Lake Hazen sampling design and chemical composition. (A)
Basemap: The location of Lake Hazen (red box). Inset map: soil (orange
dots) and sediment (black dots) sample sites are separated into hydrological
regimes of high (purple), low (green), and negligible/control (blue) runoff.
Global map data from NASA Earth Observatory (Stockli et al., 2005) and
inset map data from NRCAN (NRCAN, 2018). (B) Principal component
analysis (PCA) showing the differences in physical and chemical composition
of the sediment sites. Vectors display the following environmental features:
pH, dissolved oxygen (Os), redox potential, nitrates and nitrites concentra-
tion (NO2; + NO3; ), water depth, percent organic carbon (OC), percent
calcium carbonate (CaCOj), sulphate concentration (SO4), and ammonia
concentration (NHz). Individual points represent the mean values using
1cm intervals measured in the top 5cm. Partitioning around medoids was
used to identify clusters. (C) Distribution of chemical features for sediment
sites. Branches and asterisks indicate significant differences between sites
P < 0.025 (Dunn test). If branch tips form a dichotomy or trichotomy, the
interactions within that group is not significant. Long dashes separate high
runoff sites and dotted line separates low runoff sites. There was insufficient
data to include soil sites in B and C.
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(n = 1), Lindowbacteria (n = 1), USBP1 (n = 1), UBP10 (n = 1), Zixibacteria (n = 1).

As these reconstructed genomes formed dense clusters, often branching closely to one
another on the phylogenetic tree, we verified their uniqueness by comparing the average
amino acid identity (AAI) of each genome. Most genomes had an AAI below 80% and only
29 were between 80-87%, which indicated that the genomes were indeed distinct, despite
often being closely related. Few genomes branched basally (deep in the tree), providing little
evidence for the identification of novel phyla: only six genomes (2%) were identified with
branch length > 0.6, with all belonging to Chloroflexa, Plactomycetota or Lindowbacteria
phyla. These long-branching lineages were placed within a larger clade, providing further
confidence in the taxonomic assignment, except for Lindowbacteria, which only has two
representative sequences in the GTDB (GCA_001782795.1, GCA_001784175.1).

In spite of this broad phylogenetic distribution, the reconstructed genomes were not
represented evenly across all sites. When summarising the reads mapped to each phylum,
we observed that the soil community structure was dominated by a few phyla, with Acti-
nobacteria, Gammaproteobacteria, and Crenarchaeota comprising ~ 75% of all mapped
reads (Figures2.2 inset, A.14). Unlike in soil, the sediment community structure was more
diverse (Figure2.2 inset). The reconstructed genomes tended to be more representative
of the organisms found in sediment, on average 50.62% of reads from sediment samples
mapped to reconstructed genomes whereas ~ 80% of reads from the soil sites could not be
mapped to any of the 300 reconstructed genomes (Figure A.14).

To understand the drivers of this site-specific phylogenetic diversity, we bi-clustered
genomes by their normalised abundances (on a — log; scale to reduce skew), and by sample
site (Figure 2.3). This led to clustering of the sites based on geochemical features observed
previously (Figure2.1B). For both bacteria and archaea, the high runoff sites (H1 and
H2) group separately from low runoff sites, and the soil sites were most similar to each
other (Figures2.3, A.12). For archaea, high runoff sites formed a clade with the soil sites,
suggesting that soil sites shared more structural similarity in terms of abundant organisms
within the high runoff regimes (Figure 2.3B). While site clustering followed the geochemical

gradients identified above, the normalised abundances of these genomes showed no strong
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phylogenetic pattern (Figures2.3, A.9). In spite of this absence of phylogeographic pattern,
the tanglegram suggests that the S-diversity of high abundance genomes in the low runoff
and control sites was greater than the high runoff sites, which was highlighted by the

distribution of green lines connecting the phylogenetic tree to the clustered tree (Figure 2.3).

Structural Redundancy and Interconnectivity Between Aquatic
and Terrestrial Environments

To further analyse the relationship between microbial communities and geochemical gra-
dients, we determined the site where each genome was most abundant. Based on this
information, an unsupervised clustering with ¢-SNE showed that the most abundant recon-
structed genomes recapitulated the sites and their geochemical gradients (Figure2.4A). As
water flows from sites 1 to 2 in the L and H transects (Figure2.4A, shaded arrows), the
shift from L to H runoff was almost orthogonal in the t-SNE projection space, suggesting
that a change in runoff regime leads to a dramatic reshuffling of microbial communities,
or at least of their most abundant reconstructed phyla. The most affected phyla Plancto-
mycetota, Zixibacteria, Cyanobacteria, Lindowbacteria, Patescibacteria, and Spirochaetota
all increase in abundance from low to high runoff regime (Figure 2.4B).

Overlaying sediment chemistry to genome abundance in an NMDS ordination further
showed that phyletic diversity within sites is partially controlled by chemistry (Figure 2.5).
In the sediment sites, ammonia concentrations (P = 0.03), nitrate and nitrite concentrations
(P =0.03), and redox potential (P = 0.03) were significant in determining the distribution
of reconstructed genomes (permutation test P < 0.05). In the sediment, we observed that
the sites with the greatest biodiversity (L1, L2, and C) were also those with the greatest
redox potential, oxygen concentrations, and nitrate/nitrite concentrations. In the low diver-
sity sediment sites (H1 and H2), ammonia and sulphate concentrations were greater, with
lower redox potential and access to substrates. The NMDS ordination (Figure 2.5) showed
a similar grouping of sites as those indicated by the geochemical variables (Figure 2.1B) and

was further supported by DPCoA and PCoA analysis (Figures A.11, A.13).
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Figure 2.3: Genome abundance heatmap, and tanglegram separated by (A)
bacterial genomes and (B) archaeal genomes. Left: The heatmap displays
genome abundance per site normalised by amount of reads in each sample
and transformed to a —log;, scale. Dotted yellow lines represent mean abun-
dance values, and yellow traces represent the raw z-scores above (red) and
below (blue) the mean. The abundance values are grouped both by sites
(top dendrogram) and genomes (left dendrogram). Right: Tanglegram be-
tween dendrogram clustered by similar abundances and phylogenetic tree.
Highlights in tanglegram: orange lines are genomes abundant in soil, green
lines are genomes abundant in low runoff sediment, purple lines are genomes

abundant in high runoff sediment, black lines are genomes shared in multiple
environments.
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Figure 2.4: Reconstructed genome abundances across sites. (A) t-SNE anal-
ysis of genome abundance for each sediment sample. All 300 genomes are
shown and each genome is assigned to sample where its has the greatest
abundance. Shaded arrows display direction of water flow between the high
runoff (green) and low runoff (purple) sites. (B) Heatmap of genome presence
grouped by phylum. Red bars show high abundance phyla and green bars
show low abundance phyla. Names in red increase in abundance from shallow
to deep sites (from H1 to H2 or L1 to L2), while those in green decrease in
abundance from shallow to deep sites (from H1 to H2 or L1 to L2).

Metabolic Functions Differ Between Runoff Regimes

Given that these genomes yielded such a large number of microbial lineages, we inferred
potential physiological capabilities by assigning metabolic functions to proteins in each in-
dividual genome. Detailed genome-specific metabolic potential was determined by profiling
all the genes against specific databases: KEGG (Kanehisa et al., 2015), TIGRFAM (Haft
et al., 2003), COG (Tatusov et al., 2003), PFAM (Finn et al., 2015). We further used KEGG
enzyme commission numbers to identify the fewest number of Metacyc (Caspi et al., 2007)
pathways expressed in each genome. We specifically targeted genes and pathways involved
in microbial metabolism with specific ecosystem functions such as carbon, nitrogen, and
sulphur cycling. Using a stringent abundance cutoff value (—log;, < 0.25), only the most

abundant genomes per site were reported, and condensed by phylum (Figures2.6, A.15,
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Figure 2.5: NMDS analysis of genomes from 20 most abundant phyla in

sediment sites. Physical and chemical vectors are fitted to data. Red vectors
are significant (permutation test: P < 0.05).

A.8). Considering the carbon, nitrogen, and sulphur metabolism capacity across sites, we
identified a groups that conformed to both the geochemical and microbial community struc-
tures (Figure A.17), where sites group independently, except for the control site that was
not significantly different from the low runoff sites. P-values from Fisher’s exact test on
the metabolic differences between regimes (Table A.8), indicated that the carbon, nitrogen,
and sulphur metabolism in the high runoff sites was significantly different from all other
sites, except for the comparison of nitrogen metabolism between high and low runoff.
Common carbon metabolisms were shared across all runoff regimes. We observed car-
bon oxidation and reduction reactions regulated through Wood-Ljungdahl pathway in the
high runoff regime. Here, the Spirochaetota (acetogens) were likely responsible for anaer-
obic respiration and carbon fixation producing acetate (CH3COO™) as an end product.
This metabolic potential was only present in the high runoff locations where sedimentary
conditions were anoxic throughout the first 5 cm (Figures 2.6, A.1). However, carbon fixa-
tion through the Calvin-Benson-Bassham (CBB) pathway was present across all locations.
We observed a greater abundance of reconstructed genomes with the potential to perform
carbon monoxide oxidation reactions in the low and control sediments. Carbon monoxide

oxidation was detected by the presence of cox genes and likely performed by chemolithoau-
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Figure 2.6: Metabolic capacity of genomes separated by hydrological regime.
Genomes are only considered to contribute to a site if 0.56% (—log;, < 0.25)
of reads per sample mapped to a genome. Presence of core metabolic genes
involved in carbon metabolism, nitrogen metabolism, sulphur metabolism,
metal cycling, antibiotic resistance, and other metabolism are shown. Num-
ber of genomes for each taxa are shown in parentheses. No colours: genes
predicting function are absent or in low abundance. Faded colours: genes pre-
dicting function are present in 30-50% of genomes per phylogenetic group.
Dark colours: genes predicting function are present in >50% of genomes per
phylogenetic group. If a column is blank it indicates no markers were present
in the high abundance genomes that are based on the 0.56% cutoff value (See
Figure A.8)
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totrophs. We found that across all sites, microbes have the capacity for simple carbon
metabolism. Simple carbon metabolism is an important metabolic process for freshwater
microbes that were likely exposed to a greater variety of low-complexity carbon sources,
such as carbohydrates, carboxylic acids, and C1 compounds. Methanogenesis pathways
were present across all sites, but methane oxidation pathways were absent from high runoff
sites, where oxygen is limited. Notably, two pathways, glycolysis and formaldehyde pro-
duction, were absent from all microorganisms across all sites. The marker genes that are
indicative of these pathways were absent in the high abundance genomes at each site (Figure
A.8), which might be a result of true absence from the genomes, incomplete annotations,
or incomplete reconstructed genomes.

Markers for nitrogen metabolism were found in different phylogenetic affiliations of the
reconstructed genomes. Across all runoff regimes dissimilarity nitrate reduction (DNRA)
was present in multiple genomes (Figure 2.6). In the high runoff regime there was both an
absence of nitrification and a greater presence of markers for ammonia assimilation. Greater
concentrations of ammonia, in the high runoff regimes, also suggests that N-containing
organic matter was mineralised through ammonification (Figure2.5). In contrast, urease
markers were found more abundantly in low runoff regimes, where ammonia concentration
was lower (Figure A.2).

The functional ability of microbes to cycle sulphur between oxidised and reduced forms
was the most significant difference between the high and low runoff regimes (Table A.8). In
the high runoff regime, Gammaproteobactiera were the only organisms with the metabolic
capacity to expansively utilise sulphur, performing sulphide oxidation and thiosulphate
reduction. Sulphate reduction was predominantly found in the soil, control, and low runoff
regimes.

Aside from nutrient cycling, we also assessed the capacity of microbial communities
to process metals and antibiotics. Metal resistance and cycling was mostly ubiquitous
throughout all of the sites, regardless of runoff. Methyl mercury production, identified by
the presence of both hgcA and hgeB genes (Parks et al., 2013), was only implicated in the

high runoff sites, in Spirocheatoa and Chloroflexoata. However, genes conferring mercury
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resistance involved in the conversion of inorganic Hg!! to the less toxic Hg? — were evenly
distributed throughout the sites. There was a broad presence of metal tolerance that was
indicated by genetic determinants related to heavy metal resistance of cadmium, cobalt,
copper, lead and zinc (Figure 2.6). Furthermore, antimicrobial resistance genes specifically
[B-lactamases, were ubiquitous across all genomes at all sites based on the HMM annotations
from the PFAM database (Figure 2.6). We further identified 90 genomes with antibiotic
resistance genes using an exact sequence alignment (Figure A.10). Overall, antibiotic resis-
tance was prevalent throughout all phyla, including one Creanarchaeota (archaeal) genome
(Figs. 2.6, SA.10). Finally, we found that while amino acids were readily synthesised and de-
graded by most organisms (Figure 2.6), the degradation of polycyclic aromatic compounds

appeared to be least prevalent in the high runoff sites.

2.5 Discussion

While recent work has focused on the structure of Arctic microbial communities (Ruuskanen
et al., 2018; Comte et al., 2018), here we took a hypothesis-driven approach contrasting
community structure and function between low and high runoff conditions, as a proxy
for future environmental conditions under climate change scenarios. Previous work based
on 16S rRNA gene sequencing data showed structural diversity and predicted functional
redundancy in Lake Hazen sediments (Ruuskanen et al., 2018). The shotgun metagenomic
approach presented in this study provides a less biased view of the sediment microbial
community structure and function. Although it is possible that the microbes captured in
the reconstructed genomes may not be metabolically active, a majority of the DNA reads
recovered from sediment samples mapped to the genomes (Figure A.14), and our future
work will aim to confirm the metabolic predictions using metatranscriptomic data. The
genomes in these samples were similar to the taxa previously reported in other Arctic lake
sediments (Ruuskanen et al., 2018; Carnevali et al., 2018; de Jong et al., 2018).

Notably, none of the reconstructed genomes at any site belonged to the Firmicutes phy-

lum (Figure2.3). However, the sequence-level analysis of the unbinned quality-controlled
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reads indicated the presence of Firmicutes (Figure A.16). Their absence in the reconstructed
genomes may be due to assembly bias in the form of divergence within Firmicute phylum
(Chen et al., 2013; Sangwan et al., 2016) or incomplete binning (Sieber et al., 2018). Further
complicating this identification issue is that two different taxonomy databases where used:
GTDB for the reconstructed genomes and NCBI for sequence-level analysis. The recon-
structed genomes were based on the placement of the genomes within a phylogenetic tree
using the GTDB, that extensively reclassified the taxonomic placement of many genomes
that were previously thought to be Firmicutes based on poorly supported monophyletic
groups (Parks et al., 2018). In contrast, the sequence-level analysis was based exclusively
on Diamond exact sequence matches (Menzel et al., 2016) providing a less reliable identifi-
cation of individual reads. A possible solution to overcome this identification uncertainty in
future studies is to use multiple binning algorithms, aggregate the results and only present
the unique reconstructed genomes, which noticeably improves the number of genomes re-
covered (Sieber et al., 2018).

As expected, the microbial sediment communities of Lake Hazen were more phylogenet-
ically diverse than the surrounding soils (Figure 2.2). Although geochemical measurements
for the soil samples were absent, we still observed that genomes from the high runoff sites
clustered most frequently with the soil sites, whether we looked at individual genome abun-
dances (Figure 2.3) or assigned genomes to a site by abundance (Figure 2.5B). As the high
runoff sites were most similar to the soil, this may suggest that the terrestrial environment
contribute to the sediment community structure in Arctic watershed (Ruiz-Gonzdlez et al.,
2015; Comte et al., 2018).

Microbial communities are spatially heterogeneous (Raynaud and Nunan, 2014) and
minor differences (pm) in sampling location can change the community structure (Ramette
and Tiedje, 2007). With this in mind, we collected triplicate cores at each site and pooled
DNA extracts together, reducing any site-specific spatial variation. We observed that mi-
crobial assemblages differed across sites (Figures2.2, 2.3), but a key remaining question is
whether this spatial distribution pattern is a result of selection by present day environmen-

tal variables or historical contingencies. As others have previously noted, Arctic microbial
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communities were quick to respond to changes in their geochemical environment (Castro
et al., 2010; McCalley et al., 2014; Hultman et al., 2015). The clear environmental clustering
of sites along geochemical gradients in this study (Figures 2.1, 2.3) leads us to suspect that
the microbial community patterns observed here were most likely a result of the rapidly
changing conditions.

The sediment sites clustered into four distinct groups based on the geochemical prop-
erties (Figure 2.1BC) and the differences in geochemical properties correlated with the com-
munity composition (Figures2.4A, 2.5). This finding supports the microbial biogeography
concept — that microbial distribution of biodiversity is influenced by environmental variables
(Martiny et al., 2006). These structural differences across sites were not always translated
into obvious changes in the functional capacity, suggesting some functional redundancy
(Figure2.6). However, some metabolic processes were partitioned with only a few taxa
encoding for each marker gene or pathway. If those taxa or genomes were lost (i.e., below
the abundance cutoff) the metabolic processes encoded would be lost too. We detected
markers for carbon cycling and fermentation across all sites. Yet, the Wood-Ljungdahl
pathway, which is the lowest energy cost carbon fixation pathway (Probst et al., 2018), was
only represented in the high runoff sites.

The sulphur cycle fluctuated the most between sites (Figure 2.6). Few genomes encoded
for the molecular mechanisms to metabolise sulphur in the high runoff site, except for
Gammaproteobacteria. This metabolic plasticity — the ability to switch metabolic processes
in response to environmental conditions, could explain the success of Gammaproteobacteria
and Alphaproteobacteria across all sites. Although we cannot determine which processes
were active, greater metabolic diversity may explain why these taxa were found at all sites.

There was a large variation in the abundance of genomes at each site within the phy-
logenetically diverse communities inhabiting the Lake Hazen ecosystem. The metabolic
repertoire showed some redundancy, especially in carbon cycling where different phyloge-
netic groups encoded the same metabolic function (Figure A.15). However, this redundancy
was less obvious when considering nitrogen and sulphur cycling. Whereas others have sug-

gested that functional redundancy may stabilise the metabolic activity when community



2. Microbial structural and functional responses 36

composition varies (Dombrowski et al., 2018; Anantharaman et al., 2016; Linz et al., 2018;
Louca et al., 2018), we observed that environmental perturbations were most likely re-
sponsible for changing the phylogenetic diversity and metabolic potential of these Arctic
communities. This may indicate a more rapid evolution than previously thought.

A key question that arises from this work is whether changes in hydrological regimes
will enhance or destabilise the microbial communities. Niche differentiation, where there is
a reduction in competition through the use of different resources, may explain why the low
runoff regime hosts a more diverse microbial community (Cordero and Polz, 2014). In the
low runoff and control sites, there was likely more species competition for a limited supply of
nutrients, leading to structural and functional diversification. We found evidence suggesting
that the increased runoff is destabilising the community structure, potentially disrupting
niche differentiation, and reducing the metabolic capacity of these organisms. While not
within the scope of this study, we predict that in the high runoff regimes microbes are
switching metabolic functions to fill the ecological niche created by low oxygen, low redox,
and high ammonia concentrations.

The Lake Hazen watershed is rapidly changing in response to climate warming, and
an ideal location to investigate the transformations to microbial community structure and
functional capacity. Here we identified 300 unique bacterial and archaeal lineages that
varied spatially in response to differential hydrological regimes. The differences in structure
and function of the genomes across hydrological regimes is likely linked to the geochemical
properties and energy sources at each site. We propose that a combination of increasing
runoff and changing geochemical conditions homogenised the microbial community structure
and reduced the metabolic capacity. Further studies of this kind are needed to examine
the continued shifts in microbial structure and metabolism through both space and time, as
these changes in Arctic ecosystems may impact key biogeochemical cycles. We find evidence
that these highly diverse Arctic microbial communities may be vulnerable to alterations in

flow regime and nutrient delivery expected with continued climate warming.



Chapter 3

Research synthesis

3.1 Summary

The overarching objective of my thesis research was to provide new insights into the micro-
bial responses to climate change in the Arctic. Using metagenomic tools and geochemical
analyses, I described novel transformations in microbial structure and function in a High
Arctic environment. In Chapter 2, I identified distinct geochemical groups (Figure 2.1B)
that conform to what is known about the hydrological regimes in the Lake Haze water-
shed (Table A.1). I sampled sites that belong to the following hydrological regimes: high,
low, and negligible runoff. In this study, I tested the hypothesis that differential runoff, a
consequence of climate change, produces unique geochemical environment that affects the
microbial community structure and function of sediments. Using a space-for-time approach
(Lester et al., 2014), I compared microbial communities along a runoff gradient to predict
the ecological responses caused by transitions in runoff. I found that a combination of
increased runoff and altered geochemical conditions homogenised the microbial community
structure and reduced the metabolic capacity. Whether the sites were grouped by geochem-
ical properties, abundance of each reconstructed genome, or metabolic capacity, the high
runoff sites always clustered independently from the low-runoff sites (Figures 2.1, 2.3, 2.4).

This suggests that contemporary disturbances, in the form of high runoff regimes, shift

37
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the underlying microbial community structure and potential functions, which may disrupt

major biogeochemical cycles (Anantharaman et al., 2016; Fuhrman, 2009).

3.2 Scientific Contributions

This work makes original contributions to the understanding of microbial responses to cli-
mate change in the Arctic. Here, I provided evidence that increased runoff, a condition that
is expected to continue with ongoing climate change, disrupts the structure and function
of microbial communities. Considering that Arctic environmental conditions are changing
more rapidly than elsewhere on the planet (Laudon et al., 2017; Overpeck et al., 1997; Ser-
reze and Francis, 2006), understanding the alterations to this environment and its impact on
microbial communities is paramount to predicting ecosystem responses to climate change.

This study linked increased runoff with a reduction in diversity and functional po-
tential of microbial genomes (Figures 2.2, 2.6). Others have found functional redundancy
in microbial communities, such that changes in the environmental conditions do not have
broader impacts on the community function (McCalley et al., 2014; Louca et al., 2018;
Ramirez-Flandes et al., 2019). I found evidence to the contrary, particularly in the high
runoff environments most effected by climate change — where few functions are encoded
across multiple genomes. If these genomes are lost or even reduced to low abundance in
the environment this could have broader consequences on ecosystem services (Allison and
Martiny, 2008). This loss of functional potential has been demonstrated by others in mi-
crocosm studies (Delgado-Baquerizo et al., 2016), but here I demonstrate this concept in
situ.

This study is unique because of the focus on the High Arctic, use of metagenomics, and
high sequencing coverage. Very few studies have investigated changing microbial community
structures in Arctic environments (Yergeau et al., 2012; Comte et al., 2018) and even fewer
of these studies have looked at these changes at the polar extremes, above a latitude of
80°N. The Lake Hazen study site (Figure 2.1A) offers the advantage of being an intensely
studied watershed with a wealth of previously collected hydrological (Smith, 1999; Kock
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et al., 2012; St. Pierre et al., 2019), geochemical (Emmerton et al., 2016; St. Pierre et al.,
2018; Lehnherr et al., 2018), and more recently microbial data (Ruuskanen et al., 2018).
The use of shotgun metagenomics has become a common approach in microbial ecology,
but likely because of cost, it is relatively unused in an Arctic setting (Hultman et al., 2015;
Varin et al., 2012; Woodcroft et al., 2018; Yergeau et al., 2017; Nash et al., 2018). To our
knowledge, this is the first study to use shotgun metagenomics on High Arctic sediments.
Inherently, this work provides new insights into whole genome and gene abundance in
this diverse ecosystem. Finally, the sequencing effort attempted to maximise the amount
of reads generated per sample to confidently identify rare genomes from the environment
(Howe et al., 2014; Quince et al., 2017).

This research addressed the need for more information on microbial responses to cli-
mate change in the Arctic. Understanding the relationship between microbial diversity
and ecosystem functioning is essential for predicting transformations in ecosystem services
and nutrient cycles (Allison and Martiny, 2008). I described essential baseline data on
the genome abundance and functional potential, that will be important when comparing
changes found in future studies. The findings support the concept that microbial composi-
tion is sensitive to environmental disturbances and that these disturbances may have direct

impacts on ecosystem services.

3.3 Limitations and Future Work

In this study, there are two primary limitations that need to be acknowledged: the small
number of samples and lack of replicates. Due do the timeline and expense, I used data
gathered from a single field season. As I only characterised a single timepoint, I was not
able to compare our observations to any seasonal variability. Ideally, data would have been
collected over multiple seasons to capture long-term environmental shifts. Using a space-
for-time ecological approach, where samples are spread across a spatial gradient, corrected
for some of this uncertainty. This sampling effort still provided valuable information on

microbial responses to changing environmental conditions and baseline data on microbial
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diversity in Arctic lake sediments. Furthermore, as we only had eight samples the ability
to interpret statistical significance in the distribution of genomes or functions with runoff
regimes was challenging. A study with more samples, at least three per condition of high,
low, and negligible runoff, would have provided greater statistical power, but was ultimately
unfeasible. This study was also limited by a lack of technical and biological replication. Al-
though, biological replicates were collected in the form of triplicate cores from each site,
DNA was extracted from each and combined prior to sequencing. This reduced our statis-
tical power, but allowed us to incorporate the spatial variability at each site. Ultimately,
I generated high sequence coverage (approximately 130 million reads per sample), which
should be sufficient in capturing rare community members (Howe et al., 2014). Technical
replicates — extracting and sequencing each individual sample, was not feasible for the goals
of this project.

Additionally, the reliance exclusively on metagenomic sequencing did not allow for the
differentiation of live, dead, and dormant cells. I was able to characterise the microbial com-
munity; however, it is unlikely that all of these genomes are metabolically active (Albertsen
et al., 2015). This could have wide implications on our interpretation of function, but does
not fundamentally change what is observed as reduced functional potential in high runoff
regimes. One of the more challenging aspects of using metagenomics is elucidating func-
tional genes and pathways related to ecosystem services. I used both genes and pathways
to characterise the functional potential; however, the presence of a gene or pathway does
not always indicate that it is actively transcribed. Initially this project was supposed to
include a metatranscriptomic analysis of the mRNA extracted from the whole community.
This data has been generated, but yet to be analysed. Future work would benefit from
incorporating a multi-omic approach to align the recovered transcripts back to the individ-
ual genomes (Hultman et al., 2015). A metatranscriptomic approach will allow for both
the differentiation of live organisms from those that are dead and dormant, and provide
greater details into the functional distinctions between the different geochemical and runoff
regimes.

A fundamental issue that arises from metagenomic assemblies is that these recon-
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structed genomes represent population-level genomes, and are more reflective of the average
identity of genomes within a specific taxonomic classification (Sharon and Banfield, 2013;
Parks et al., 2015). Although metagenomics captures the genomic content in uncultivated
microorganisms (Wrighton et al., 2012), it may entirely miss rare, but important genetic
variation that has a role in microbial composition and function (Brown et al., 2015). This
issue may be improved by sequencing technologies that generate more sequencing coverage
and longer reads (van Dijk et al., 2018; Jain et al., 2018).

Furthermore, our analysis does not present the diversity of the entire microbial com-
munity, as we excluded the analysis of both viruses and eukaryotes. Despite being the
most abundant biological entity on Earth and having a influence on microbial ecology and
evolution (Pan et al., 2017; Moniruzzaman et al., 2017), viruses are not considered in this
study. Others have used metagenomics analysis to evaluate the structure of viral commu-
nities isolated from environmental samples (Culley et al., 2006), but few have incorporated
prokaryotic and viral characterisations in a single study. Newer bioinformatic tools, such
as FastViromeExplorer, VirMAP, and virMINE, have been developed to search prokaryotic
metagenomic datasets for viral sequences (Tithi et al., 2018; Ajami et al., 2018; Garretto
et al., 2019). We did not actively remove viral sequences, as such, it is possible they are
included in our reconstructed genomes and or large proportion of unmapped reads in each
sample (Figure A.14). In contrast eukaryotic contigs were actively removed from the as-
sembly process prior to binning with Eukrep (West et al., 2018). Using these isolated
eukaryotic sequences others have been able to reconstruct eukaryotic genomes (West et al.,
2018). However, reconstructing eukaryotic genomes will likely remain challenging because of
the low relative abundance of eukaryotic DNA to prokaryotic DNA found in environmental
samples (Daniel, 2005). Future work should investigate viral and eukaryotic contributions
as it would provide a more unified view of this ecosystem.

Finally, the future of metagenomics work will require moving studies from the field back
into the laboratory. Metagenomic analyses have produced the common findings that micro-
bial communities are reliant on other community members to drive geochemical and nutrient

cycles (Hug et al., 2018). These sequence based methods have provided glimpses at indi-
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vidual microorganisms functional roles (Anantharaman et al., 2016). However, enrichment-
based methods are required to test predictions derived from environmental sequence data.
Enrichment cultivation, where a microbial community can be provided specific nutrients, en-
ergy sources, and environmental variables allows for further hypothesis generation and test-
ing (Luo et al., 2016). Characterisation of enriched microbial communities, will ultimately

allow for a more complete mechanistic understanding of functional genes and pathways.
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Figure A.1: Sediment microprobe profiles for oxygen, pH, and redox mea-
sured in 100 pm intervals. Legend (bottom right) indicates the colour of each
sediment site in the profiles.
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Figure A.2: Sediment porewater profiles for organic carbon, nitrite and ni-
trates, calcium carbonate, ammonia, chlorine, sulphate, and total dissolved
phosphorus (TDP). TDP was removed when producing PCA and boxplots in
Figure 2.1 because of incomplete measurements in C and L2. Legend (bottom
right) indicates the colour of each sediment site in the profiles.
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Figure A.3: Distribution of all chemical features for sediment sites. (A)
Microprobe measurements collected at every 100 um. (B) Porewater mea-
surements collected from bulk 1cm intervals. Includes chlorine and sulphate
measurements absent from Figure2.1. Branches and asterisks indicate sig-
nificant differences between sites P < 0.025 (Dunn Test). If branches form a
dichotomy or trichotomy, the interactions within that group is not significant.
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Figure A.4: Gel electrophoresis images of the ginA gene for each sample
extracted in triplicate. (A) Initial gel results using 1 uL of DNA for each PCR
reaction. Every sample contains glnA except L-Soil and H2. (B) Repeated
PCR reaction for L-Soil and H2. Diluted DNA concentrations for PCR from
1 pl to 0.1 plh and 0.5 pL. 50 bp ladder values are labelled along the sides
of each gel.
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Figure A.5: Illumina HiSeq DNA sequencing library validation from an Agi-
lent Technology 2100 Bioanalyzer. All libraries were constructed using Illu-
mina TruSeq DNA PCR-Free Library Prep. The library results for each of
the 8 samples are shown and labelled above the panel: L-Soil, H-Soil, C-Soil,
L2, H2, C, L1, H1. Peaks between 300-600 bp indicate the presence of DNA.
Peaks below 1 bp and above 1000 bp are internal standards.
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Figure A.6: Principal Component Analysis (PCA) showing the differences in
chemical composition of the sediment sites. Individual points represent the
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A. Supplemental information for Chapter 2

50

150,000,000 1

100,000,000 1

Reads

50,000,000 1

o
L
I

ST CETTLECTZTRECTTL2ECTTLETZRLECSTTL2LETZLE
S25xxs505xx505xxs5053xs5053xs50853xs085>xs25%
cECoOFECcCOFEC O EFEC OO EEC U EECOUOEFEEC OEFEECTO
S EC S ESS - ESSCECP EGOEESSCETSCESS
S EBCBEBOBEBOT ST EROTEBOIEGOOERS
N=Q9oN=-QqOTUN=9T ~ Q0 N QT -~ Q0 N QT 09"
120995090 09® T S9d® TS?® L9 390 Qo
ngengestngg g2 g2 g2 g2 g2
—'Em (_)Em IE(\: E 3 fjm E 3 5«: EG
S E S E S E T E gE o E NE O E
N3 Dz Nz - o 5 N &)
) on & T T
— (G T

Stages of Metagenome Processing

Figure A.7: Number of reads throughout analysis. Reads are successively
decreasing, except for two instances, “C mapped anvio” and “L1 mapped
anvio”, related to the Anvio contig (Eren et al., 2015) database that have
higher counts. As each one of the paired reads can align discordantly using
Bowtie2 (Langmead and Salzberg, 2012) to more than one locus, they are
reported as two mapping instances. Ultimately, the checkM (Parks et al.,
2015) mapped read counts were used to generate abundance values and in
all further analysis. The reads mapped using checkM include only reads
that map to the 300 high quality reconstructed genomes, opposed to all
reconstructed genomes in the Anvio mapping.
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Figure A.8: Genome abundance per sample (—log,, scale). More negative
genomes are found in greater abundance at each site. For further func-
tional analysis genomes are only considered to contribute to a site if < 0.56%
(—log;, < 0.25) of reads per sample mapped to a genome.
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ment. Support values (zoom to view) for phylogenetic tree are shown at each

node.
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Figure A.10: Antibiotic resistance genes (AMR) identified from each of
the high quality genomes using the Comprehensive Antibiotic Resistance
Database (CARD 2.0.3). AMR genes were identified using the Resistance
Gene Identifier (RGI 4.2.0). AMR genes are cluster by mechanism. “Strict”
matches (within detection model cut-offs) to resistance genes (blue) and no
matches (white) are shown. The RGI tool uses either BLAST or DIAMOND
to align genes from the reconstructed genomes to AMR genes in the CARD
database. We chose to use DIAMOND to perform an exact sequence align-
ment to identify AMR genes. Reconstructed genomes are placed vertically
within a phylogenetic group from GTDB tree. Support values are shown, for
confidence > 90 are a solid dot and values < 90 are shown numerically. Only
the 90 reconstructed genomes that contain an AMR gene are shown.
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Figure A.11: Double Principle Coordinate Analysis (DPCoA) on recon-
structed genome abundances for sediment sites with geochemical vectors. (A)
DPCoA of bacterial genome abundances. (B) DPCoA of archaeal genome
abundances. Phylum level genome classifications are shown.
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genome abundances for all sites.
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Figure A.13: Principal coordinate analysis (PCoA) on reconstructed genome
abundances for all sites. Grouping the sites into soil, high, and low runoff
was proven to be significant (PERMANOVA test: F' = 3.52, P = 0.005).
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reads mapped to the 300 high quality genomes for each sample normalised to
100%. Only reads that were mapped to genomes are shown and all unmapped
reads have been excluded. (B) Amount of reads mapped to the 300 high

quality genomes for each sample.
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Figure A.15: Core metabolism detected in all of the Lake Hazen genomes.
Presence of core metabolic genes involved in carbon metabolism, nitrogen
metabolism, sulphur metabolism, metal cycling, antibiotic resistance, and
other metabolism. No colours: genes predicting function are absent or low
abundance. Shaded colours: genes predicting function are present in 30-
50% of genomes per phylogenetic group. Solid colours: genes predicting
function are present in >50% of genomes per phylogenetic group. Condensed
phylogenetic trees are shown with support values shown.
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Figure A.16: Sequence level taxonomic classification. (A) Taxonomic abun-
dance on 165 rRNA genes using MATAM Pericard et al. (2017). Recovered
16S rRNA genes are classified SILVA SSU 16S sequence database version 128.
(B) Taxonomic abundance on quality controlled sequences using Kaiju Men-
zel et al. (2016). Sequences are classified using NCBI BLAST non redundant
database accessed on 2018-05-16.
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Figure A.17: Metabolic capacity for carbon, sulphur, and nitrogen cycles
clustered with P-values via multiscale bootstrap resampling. AU (approxi-
mately unbiased) P-values are shown in red, with any value > 0.95 (signif-
icance level 0.05) being significant. BP (bootstrap probability) values are
shown in green. Hierarchical clustering was completed using “correlation” as
distance method and “average” as clustering method.
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A.2 Supplemental Tables

Table A.1: Glacial runoff to the Lake Hazen Watershed. Lengths of rivers in
km are shown in parentheses. Mass balance modelled runoff for years 2015
and 2016. Sampling dates in 2017 were prior to the summer runoff. Data

adapted from St. Pierre et al. (2019).

Surface area (km?)

Runoff volume (km?)

River Catchment Glacier
High Runoff: Abbé (AB) 390 204
Low Runoff: Blister (BR) n/a 6
Gilman (GL) 992 708
Henrietta Nesmith (HN) 1274 1041
Snowgoose (SG) 222 87
Turnabout (TN) 678 259
Very (VR) 1035 269

Watershed total 7516 3078

River

2015
0.061
0.002
0.192
0.291
0.026
0.082
0.165
0.979

2016
0.015
<0.001
0.08
0.075
0.006
0.024
0.08
0.291
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Table A.2: Sediment deposition dates and rates for the two deep sites, H2
and L2, is based on 2!°Pb constant rate of supply (CRS) dating model. Anal-
ysis was completed on 0.5 cm core intervals. Data adapted from St. Pierre
et al. (2019).

H2 (Abbe Deepsite)

L2 (Blister Deep Site)

Interval Midpoint CRS date (CRS year)

Sedimentation rate (g/cm?/yr)

Interval Midpoint CRS date (CRS year) Sedimentation rate (g/cm?/yr)

0-0.5 2017.1 0.349 0-0.5 2016.5 0.0724
0.5-1 2016.6 0.292 0.5-1 2014.0 0.0701
1-1.5 2015.9 0.111 1-1.5 2011.3 0.1163
1.5-2 2014.1 0.671 1.5-2 2009.2 0.1759
2-2.5 2012.7 0.671 2-2.5 2007.3 0.1232
2.5-3 2012.7 0.227 2.5-3 2004.7 0.0909
3-3.5 2012.0 5.563 3-3.5 2001.9 0.0967
3.5-4 2011.3 5.563 3.5-4 1998.8 0.0854
4-4.5 2011.3 5.563 4-4.5 1994.0 0.0513
4.5-5 2011.3 5.563 4.5-5 1987.2 0.0375
5-5.5 2011.3 5.563 5-5.5 1976.7 0.0220
5.5-6 2011.3 5.563 5.5-6 1966.51 0.0515
6-6.5 2011.3 5.563 6-6.5 1957.66 0.0339
6.5-7 2011.3 5.563 6.5-7 1949.00 0.0537
7-7.5 2011.3 5.563 7-7.5 1940.41 0.0451
7.5-8 2011.3 5.563 7.5-8 1931.79 0.0668
8-8.5 2011.3 5.563 8-8.5 1925.07 0.0553
8.5-9 2011.3 0.441 8.5-9 1918.10 0.0553
9-9.5 2010.9 0.224 9-9.5 1911.08 0.0553
9.5-10 2009.8 0.123 9.5-10 1904.42 0.0553
Table A.3: Sample location, temperature at sampling time, and date.
Sample Location Temperature (°C) Date

H-Soil
L-Soil
C-Soil

H1
H2
C

L1
L2

81° 84’ 840~
81° 80" 3327
81° 79 382"
81° 84’ 1507
81° 827 493"
81° 807 343”
80° 80" 5217
81° 79" 1717

N; 70° 83’ 849"
N; 71° 547 239"
N; 70° 44’ 486"
N; 70° 85° 175"
N; 70° 71’ 498"
N; 70° 50" 447"
N; 70° 52’ 699"
N; 71° 46" 926"

= === = = = =

-5
0
-2
not measured
not measured
not measured
not measured

not measured

June 3, 2017
June 7, 2017
June 3, 2017
May 24, 2017
May 29, 2017
May 27, 2017
June 1, 2017
June 2, 2017
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Table A.4: Number of bins recovered at each assembly step pre and post-
manual refinement with Anvio.

Anvio-Output CheckM Anvio-Output Final CheckM

(CONCOCT binning) (manually refined)
Total Bins 850 850 877 877
Completion, Redundancy
C: > 90, R: <10 52 74 52 72
C: >70, R: <10 180 199 178 198
C: >50, R: <10 321 324 309 300
C: <50, R: any 529 526 568 577
Contamination
<1 233 261 255 286
<5 544 632 590 676
>10 8 51 7 27
Good bins but contaminated
C: >50, R: >10 2 27 0 2
C: >70, R: >10 1 6 0 0
C: >90, R: >10 0 2 0 0

Table A.5: Contigs assembled with Megahit and used in Anvio database.
NA: MegaHit contigs did not have gene predictions.

Contigs Total Length (bp) Min Contig Length (bp) Max Contig Length (bp) Avg Contig Length (bp) N50 (bp) # of genes prodigal

MegaHit 12026467 8477069127 200 792468 705 756 NA
Anvio 1455655 3414974759 1000 792468 1183 285024 4254625
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Table A.6:

DNA extraction masses. DNA was extracted in triplicate for
each sample and then combined prior to sequencing.

Lake Hazen = Sample Location = Tube 1.D. Wet Weight (g) PCR with ginA
1 ‘ 2 ‘ 3 Total (grams)
Sediment H2: Deephole S1 0.416 0.455 0.499 1.370 ves (diluted)
L2: Blister Deep S2 0.497 0.455 0.389 1.341 yes
H1: Abbe S3 0.469 0.514 0.552 1.535 yes
L1: Blister Shallow S4 0.429 0.402 0.361 1.192 yes
C: Ruggles S5 0.518 0.447 0.331 1.296 yes
Soil L-Soil: Blister Soil ~ BS3 0.527 0.535 0.561 1.623 yes (diluted)
H-Soil: Abbe Soil AS3 0.443 0.537 0.417 1.397 yes
C-Soil: Ruggles Soil RS3 0.447 0.500 0.447 1.394 yes
Table A.7: DNA fluorescence assay quantification for each sample. Note:

H2 sequencing required using full extraction volume of 65 pL to reach an
appropriate concentration.

Sample Volume Concentration Total DNA NanoDrop
(uL) (ng/ul) (ng) (concentration ng/ul)

H2 65 0.08 3.36 4.6

L2 42 2.55 107.1 7.6

H1 42 4.33 181.86 10.2

L2 42 17.98 755.16 32.8

C 42 21.2 890.4 36.4

H-Soil 42 38.14 1601.88 65.2

L-Soil 47 69.88 3284.36 149.0

C-Soil 47 74.38 3495.86 110.0
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Table A.8: P-values for marker gene and pathway distribution between sites.
A Fisher’s exact test was used in the place of chi-square test for small count
numbers. P-values of less than 0.05 are considered significant (labelled with
an asterisk).

Functional Marker High vs Low High vs Control High vs Soil Low vs Control Low vs Soil Control vs Soil

Carbon Cycle 0.03298 * 0.0004998 * 0.0004998 *  0.07746 0.1384 0.001499 *
Nitrogen Cycle 0.07596 0.001999 * 0.0004998 *  0.7006 0.03448 * 0.1859
Sulphur Cycle 0.001999 * 0.002999 * 0.0004998 *  0.4913 0.02999 * 0.3823
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