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Abstract

Since the Industrial Revolution at the end of th& déntury, anthropogenic changes in the
environment have shifted from the local to the global scale. Even remote environments such as
the high Arctic are vulnerable to the effects of climate change. Similarly, anthropogenic mercury
(Hg) has had a global rela because of atmospheric transport and deposition far from emission
point sources. Whereas some effects of climate change are visible through melting permafrost, or
toxic effects of Hg at higher trophic levels, the oftevisible changes in microbial canunity
structures and functions have received much less attention. With recent and drastic warming
related changes in Arctic watersheds, previously uncharacterized phylogenetic and functional
diversity in the sediment communities might be lost forever.naim objective of my thesis

wereto uncoverhow microbial community structuréunctional potentiaind the evolution of
mercury specific functions in lake sedimemsorthern latitudes (>54°Nireaffected by

increasing temperatures and Hg depositimaddress #se questiors, | examined

environmental DNA from sediment core samg@es highthroughput sequencing to reconstruct
the community composition, functional potential, and evolutionary responses to historical Hg
loading.In my thesis | show thidahe microbial community ihake Hazen (NU, Canada)

sediments is structured by redox gradients andrpirthermorethe microbes in this
phylogenetically diverse communigpntaingenomic featurewhich might represent adaptations

to thecold and oligotrphic conditionsFinally, historical Hg pollutionfrom anthropogenic
sourcesaslikely affectedthe evolution of microbial Hg resistanaad thisdepositioncan be
trackedusingsediment DNA on the Northern Hemisphawy thesis underscores timaportance

of usingcultureindependeninethods to reconstruct the structure, funclgotentialand

evolution of environmental microbial communities.
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Chapter 1 General introduction

This thesis addresses how sediment micramaimunities in high latitude (5M% 82N) lake
sediments are structured and adapted to the past and present environmental conditions. As these
environmentsre beingmpacted by anthropogenic action amitl continue to transform in the

future, it is impatant to understand how the microbial communities react to these changes.

1.1 Anthropocene and its effects on environmental microbial communities

Environmental impacts of human civilizations causeddayinstance agricultural practices and

land use can be tracked back thousands of years in environmental afDleiaesg et al., 206),

but after the Industrial Revolution, the scale and geographical extent of these impacts have
reachethew levelgDearing et al., 2006; Stearns, 201B)e signs of increased anthropogenic
activity on Earth are so widespread and distinct, that we may already have entered a new human
dominated geological egh, the Anthropocengewis and Maslin, 2015Markers ofthe

Anthropocene have been discovered in a variety of environmental archives. These markers
include toxic metal¢Amos et al, 2013) radionuclidegKansanen et al., 1991gffects of CG

related acidification of the ocea(l-Rousan et al., 2004and compounds resistant to microbial
degradation like plastiqZalasiewicz et al., 2016Yhis new epoch can be generalized as a

period when human actions have a dominating influence on many key processes on Earth,
ranging from major biogechemical cycles to the evolution of lifieewis and Maslin2015)
Furthermore, before the Industrial Revolution, most of these effects were local, but subsequently
they have reached a global sog@éearns, 2018 FEven environments distant from human
settlements anmhdustrial sites have been impacted by these changes, as many contaminants are

transported by air and wat@wata et al., 1993; Thomson Reuters, 20Fithermore, the



increased concentration of anthropogenic greenhouse gases in the atmosphere has led to
increased solar heat retention and constantly climbing average temp€idtgred etal., 2007)
Changes caused by this warming will have serious global consequences in both human impacted
and natural ecosysterfi®CC, 2018) For example, organic carbon accumulated over millennia

in permafrost in the Arctic might become again klde for microbial breakdown through

thawing caused by higher average temperaii@elsuur et al., 2015) his could cause releases

of large quantities of greenhouse gases from increased microbial metabolism.

Technologyadvancement ithe cause ofjlobal environmental issudsut it alsoenabled
the indepth study of environmental microbial communities, which play key roles in the global
carbon anathernutrient cycles. However, until the past few decades thelepth study was
mostl limited tochemicallymeasuring the rates of processes catalyzed by complex
communities, and to isolate organisms able to grow in the labo&torgnn et al., 1995While
it was first shown nearly 90 years ago that only a fraction of microbes in environmental samples
areeasily cultivatedn pure culturgRazumov, 1932)andthe phenomenon receivedme
subsequerdttention(Jannasch and Jones, 1959)a t hor ough study of At he
anomal yo showed that the cultured organisms r
community(Staley and Konopka, 1985)he study of this uncultured majority of microbes was
only enabled by the development of molecular technoldgiesnn et al., 1995)The most
important of thesedve been the amplification of nucleic acids from environmental samples
(through Polymerase Chain Reaction, or PCR), and various sequencing methods. Information
deduced directly from these nucleic acid sequences could then be used to answer the two most
important questions in the study of microbi al C

d o Tambiningthe newmoleculartools withtraditional culturing methodsasrecently enabled



usto even culturenanypreviously unculturable microbé€arini, 2019; Thrash, 2019)
However, even with the advent of new culturing methods and biases of theje.gwBuzuki
and Giovannoni, 1996jnolecular methods stiélnableeasy and robusstimations of the
diversity and function of environmeaitmicrobial communitie§Cordier et al., 2019More
information onenvironmental microbes sorely needed to assehow they respond to the

ongoing changes caused by past and present anthropogenic activity.

1.1.1Climate change

One of the most prominent global anthropogenic impacts is climate change caused by the release
of greenhouse gases, mosthrbon dioxide, methangitrous oxideand halocarbon@egerl et

al., 2007) These releases have beerréasing since the Industrial Revolution at the end of the

18" century(Sdomon et al., 2007)The increased concentration of these gases and the related
warming has caused acidification of the oceans, increased extreme weather events, melting of
permafrost and glaciers, and rise of sea IR C, 2018) These impacts have global reach, but
the warming and its effects have been disproportionately amplified in the Giomg et al.,

2017) Unfortunately, Arctic environments are also especially vulnerable to the warming,
because key species in the siefsbphic chains might not be able to react quickly enough to the
drastic environmental chang@®dlter and Mdller, 2016; Post et al., 2008hese changes can

also impact microbial communities providing important ecosystem services, such as recycling of
carbonandothernutrients. However, because these environments are difficult and expensive to
sample, relatively little is currently known of the structure and function of the microbial
communities. For example, only a handful of studies utilizing latest malemiethods exist of

arctic environmentéEmerson et al., 2015; Hauptmann et al., 2016; Mohit et al., 2017a; Schiitte

et al., 2016; Stoeva at., 2014a; Thaler et al., 2017; Wang et al., 201Bbjthermorethe



number ofmetagenomic studies on the functional diversity of arctic freshwater midsobes
limited (e.g,Vigneron et al., 2018&nd certain key enviranents, such as sediments, remain
mostly uncharted by these methodsnce, i would be imely to establish a baseline for the
structuring and function of the communities, because they are respdaosibjeling of carbon

and other nutrientsvhich are craial ecosystem services in lakésnderstanding the

microbiology of the sedimentaay thusenable us to predict how the environments might react
to warmingrelated changes, such as increased delivery of sediment and n(8teRigrre et

al., 2019b) As these microbes are rarely studied, they might also reveal novel phylogenetic and
functional diversity and expand our knowledge on microbial adaptations to extreme
environments. Antlapogenic activities have increased global temperatures, and this will likely
cause microbes to adapt to new conditions. However, the same inqusitedses hawedso
increased releases of toxic metals into the environment, which might lead to changes in the

structure and evolution of environmental microbial communities.
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Figure 1.1: Overview of the biogeochemicayding of mercury (Hg) with separation of the
sources to natural and anthropogenic remobilization from its stable deposits. The catalyzers of
processes other than physical transport are identified in the |dg@ugsses involving enzymes

encoded bynerA merB hgcAandhgcBoccur intracellularly.

1.1.2Anthropogenic impacts on the global mercury cycle

The remobilization of toxic metals from their natural deposits has increased since the Industrial
Revolution. Mercury (HQ) is a top priority environmental comtzant, with a complex
biogeochemical cycle. Organic forms of Hg can biomagnify in food webs and cause serious toxic
effects, especially in animalBriscoll et al., 2013)Hg is a naturally occurring elemt present

i n the Ear trdedsed itathe enviromment byigeological activity and volcanism

(Figure 1.1; see als&elin, 2009) However, remobilization of Hg from the natural deposits



through human diwities has increased its amount in the global biogeochemical cycles by a
factor of three to fivgSelin, 2009) The concentration of volatile Hg in the atmosphere is
currently 7.&imeshigher than in the prindustrial era (2000 BCEAmos et al., 2013; Gworek

et al., 2017)While mercury in particulate matter, fi@nd the watesoluble Hg" have

residence times in the air from hours to dalge gaseous Hdpas a lifetime of up to one and half
years in the atmosphef@&worek et al., 2017; Schroeder and Munthe, 198®)st of the Hg is
depositedwvith rain and snow in the particulate and wateluble forms, but Hg cycles between
the different forms through atmospheric redox reactigigufe 1.1). Thus, vhile most of Hg
emissions are deposited close to the emission sources, they can reach even the most distant
environments on the planet as%Hghere they are subsequently deposited &.Aig help curb

the Hg emissions, the Minamata Convention on Mer@UNEP, 2014)wasdesigned to protect
the environment and human health from Higis global treatyas introduced strict limitations

to reduce the use amanissions of Hgandafter its ratification in 201te measures are

currently being adopted by most countries in the world. However, becauserofsgon of
previously released Hg, these limitations are currently only preventing the present amount of Hg
in the natural cycles from rising, and ardy expected to lower it over a long period of time

(Amos et al., 2013; Gworek et al., 2017)

Two critical parts in the Hg cycle are predominantly catalyzed by microbes. Firstly, while
all forms of Hg are toxic, many anaerobic microbeg (sulfate and iron reducers, methanogens
and fermentersGilmour et al., 2013%re capable of methylating Bfgo methyl mercury
(MeHg), which has a higher toxicity and which bioaccumulates in fb@ahs. The most serious
effects of Hg toxicity in organisms high in the food chain, such as humans, are caused

specifically byMeHg. The purpose and specific mechanisms of Hg methylation are not currently



known well. However, microbial production bfeHg requires both HgcA and HgcB proteins
(Parks et al., 2013pioavailable H§' likely actively transported into the céMsu-Kim et al.,

2013) and possibly syntrophic interactions to render its production energetically favofable

et al., 2018)Secondly, because Hg can be naturally present in the environment at high
concentrations and is highly toxgpecificresistance mechanisms to Hagve evolved in

microbes The best known of tlse mechanisms is timeroperon, which efficiently detects,
transports and reduces various forms of Hg to the volatifgBaykay and WagneDobler,

2005; Mathema et al., 20118)he produced Hgs chemically unreactive and evades back to the
atmosphere, rendering it harmless to the organism. This resistance pathway evolved over
millions of years under geogenHg pressure@Boyd and Barkay, 2012abut its evolutionary
trajectory since the Industrial Revolution might be controlled by anthropogenic Hg deposition
(Poulain et al., 2015)This has implications on the global Hg cycliag changes in microbial
mercury cyclng might impact the rates of Hg reduction and shows that human actions have
changed ecosystems in numerous ways, sometimes on a global scale. Tracking these changes
over time in environmental archives is important to understand how the ecosystems hade reac
to perturbations in the paddearing et al., 2008; Zafichka et al., 2003Knowledge of the past
effects could then be used to improve tracking and modeling of such interactions, which would
improve our predictions on the future trajectories of ecosystems. One of the most studied
environmental archives afreshwater lake sedimer{f3earing et al., 2006 heseare important
sites for nutrient and toxic metal cycling, aar@ known to preserve a historical record of their

surrounding environment in the material deposited in them over time.



1.2 Microbial ecology of lake sediments and their use as environmental archives

Lake sediments are deposits of inorganic and organic mlaaedumulating at the bottom of

lakes. This material can originate from the lake itself, from the atmospheric deposition, or it can
be transported from the watershed of the lake. The sediment composition and accumulation rates
depend on the local conditis, such as trophic state of the lake, topography of the lake and its
watershed, climate, and vegetation ca@shen, 2003)which might all be also interconnected.
Through this accumulation of materthkeyalso contain a record of past environmental

conditions, which can be then reconstructed from chemical and biological giDeafing et al.,
2006) Similar reconstructions are usually much more difficult from soil horizons, because of the
prevalence of mixing and degradation processes such as bioturbationilieegzycling,

erosion, and leachin@Kibblewnhite et al., 2015)in addition to sediments, peat profiles can
preserve the deposition history, tir example toxic metalgAllan et al., 2013and plant DNA
(Parducci et al., 2015)vhich can be used in reconstruaosoof the past state of the environment.
However, compared to sediments, peatlands are often more subject-teshalimatic

variation like drying and freezilnaw cycling which might affect their stratigrapt{ialnina et

al., 2015)

1.2.1Physicochemical conditions in lake sediments

Because sediments often contain large amounts of organic material, and thus chemical energy,
they are also perfect habitats for mioes that recycle carbon aathernutrients, which are key
processes in the lake ecosystdisalson, 1997)Such eosystem services provided by

sediment microbes grior example breakdown of Carbon (C), Nitrogen (N), Phosphorus (P)

and Sulphur (S) containing organic compounds into inorganic forms. Depending on the

conditions in the sediment, primarily the redox ptitd and pH, the energetics of different



processes are favor¢thamdrup and Canfield, 2000)his has both implications on which type

of microbes inhabit sediments at different sites and if nutrients are buried, reieasbd

atmosphere, or recycled back into the lake ecosystem as soluble forms. Many of the microbial
processes also influence the physicochemical conditions in the sediment. For example, bacterial
metabolism with contributions from different organisms datermine the redox potential of the

sedimen{Hunting and Kampfraath, 2013)

Both the chemical and biological processes in the sediments have complex interactions
between each other. However, most often the diagenesis of sediments teratsithest
reproducible gradients in similar environments, such as freshwater(Néaison, 1997)

Because oxygen amteposited material containing easily degradable organic carbon are
delivered to the sediment from the top, the sediments closest to the surface have the highest
energy availability. Oxygen diffusing from the water phase is first used to break down organic
material in the topmost sediment horizon. Below this zone anaerobic respiration occurs with
electron acceptors other than oxygen, such as irct) (Rétrate (NQ) or sulfate (SG), but

they all have smaller reduction potentials and thus releaserlesgy per oxidized molecule.

The most reactive fractions of organic carbon are also consumed at the top of the sediment and
its reactivity decreases with defgtkatsev and Crowe, 2015)hus, deep in the sediment both

labile carbon and electron acceptors except for carbon dioxide are depleted, and very slow
growing methanogec organisms usually dominate. These patterns in microbial metabolism lead
to the establishment of a redox gradient with higher redox potential at the top and lower redox
potential deeper in the sediment. Also, many chemical gradients are establisteesediment
through microbial metabolism. Such gradients include (among others), oxygen, nitrate, nitrite,

sulfate, manganese, iron, ammonium, and methane.



1.2.2Lake sediments as environmental archives

The constant delivery and accumulation of material inte Eddiments and conditions within

limiting the breakdown of organic material enable reconstruction of the history of the lake, its
watershed and even the atmosphere by analyzing the deposited fagyidyson, 2012)In

addition to inhibiting the breakdown of orga compounds, the absence of oxygen below the
topmostsedimentorizons limits the burrowing of respiring animals into the deeper layers.

These animals might otherwise disrupt the chronology of the sediment by mixing the deposited
layers(Krantzberg, 1985)Thus, the deposition history of inorganic compounds, such as metals
can often be preserved in a stable state in the sedifRErtsval and Outridge, 2013)

Understanding longerm change in the environment and predicting the possiblesfchanges
requires knowledge of such historical changes. Furthermore, as data collected by scientific
studesonly rarely extends more than 100 years in the past and might have methodological
limitations or biaes environmental archives such as seditaare instrumental in investigating

the Eartld s  h.iSedimentsyhave been used extensively to document environmental changes in
both the lakes themselves, their watersheds, and the atmosphere. For example, pollen from lake
cores has been used to restoact local paleoclimates over millennial tiperiods(Liu et al.,

2002; Magny et al., 200,1preserved plankton assemblages have been used to observe changes
caused by clim& warming(Ruhland et al., 2003, 2014nd a wde collection of palegroxies

have been used for reconstructions of the temporal human and climate dynamics ¢Pelgae

et al., 2015pnd arctic lakeéLehnherr et al., 2018)

Study of lake sediments is important to understand the past of these ecosystems and the
Earth and use this information to prediciw they might react to environmental chan@bal

anthropogenic changes anagoing and their effects might irreversibly change lakes and their
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ecosystems even in remote environments. Because these environments are also difficult and
expensive to study, many of their features that could be addressed tmiyadiern methods,

such as higithroughput sequencing, have remained this far uncharted.

1.3 High-throughput sequencing in the study of microbial communities

The development of methods to directly investigate the genetic material of organisms have
ushered inle genomic era of biologye (g, Hugenholtz, 2002)Major breakthroughs that now
enable sequencing of genetic material started from understanding th@&verg et al., 1944)

and structure of DNAWatson and Crick, 1953its replicationMeselson and Stahl, 195&nd

the nature of the genetic coflerick et al., 1961; Nirenberg and Matthaei, 19€1)ce methods

to sequence the nucleotide molecules wereldped(Jou et al., 1972; Sanger et al., 1977; Wu,
1972) the genetic information and its retatship to phenotypic features could be studied in
depth.Among other major findings, the sequencing of the 16S small subunit ribosomal RNA
geneenabled the separation of prokaryotes to Bacteria and Archaea, resulting in the currently
known three domaing dife (Woese and Fox, 197.Hor the first few decades, chaigrmination
met hods based on Saomweeredrs, woSrakn gpeonty iisasllglaeedn.c i Hh g 6
(up to 900 bp) DNA fragment at a time and requires a relatively large amount of template
material. Fortunately, the development of molecular clof@when et al., 1973nd thePCR
(Scharf et al., 1986nabled the amplification of DNA outside of the original host organism.
Finally, the major efforts to sequence the human ger{tmternational Human Genome
Sequencing Consortium, 2004; Lander et al., 2001; Venter et al., 200 jenomes other

model organismse(g, Mouse Genome Sequencing Consortium, 20@#ed Sanger

sequencing, anctvealedhe urgent need for cheaper and faster sequencing m¢sudess,

2008) A total of USD70 million in grans from theNational Human Genome Research Institute
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awardedn 2004towardsthis development goal led to arga in novel higkthroughput

sequencing technologies.

1.3.1Current sequencing technologies

Most of the new platforms utilize clonal amplification of the template, followed by rounds of
sequencing short regions in a massively parallel fagiMamey et al., 2013)The Illlumina

chemistry based on sequencing by synthesia solid surfac@entley et al., 2008; Guo et al
2008)was eventually dominaatmong theenew platformgShendure et al., 201 Hlowever,

due to the unique features such as cost, read length and error rate of each chemistingralso
methods have found success. For example, instruments based on the Roche 454 chemistry
(Margulies et al., 2005re faster and have longer read lengths, but they arenalgexpensive

and have higher error rates than comparable Illuthased sequencefisiu et al., 2012)Indeed,

the downsides of most highroughput sequencing instruments have been the short read lengths
(50 bp with someexjuencers) and high error rates (~ 0.1%), which have made the computational
assembly of longer contiguous pieces of DNA diffi¢@alzberg et al., 2012New sequencing
methods with novel chemistries have thus emerged to address these issues, such as Single
Molecule RealTime sequencing from Pacific Bioscien¢&sd et al., 2009and nanopore
sequencing from Oxfd BiosciencegClarke et al., 2009which can produce very long reads

(> 20 kbp), but also have high error rates (> 13%6lui et al., 2018)Despite these

shortcomings, sequencers with chemistries similar to these are slowly reaching r{ratduty

et al., 2018)and the utilization of longead sequencers will only increase in the future.

However, the shortcomings of highroughput sequencing are still relatively minor and tolerated

because of the major benefits of these technologies amount ofequence data produced is

massive compared to the earlier methpdss t h e -thraughputségbenan® | mpl i es) ,
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andthus,the cost of sequenciritas been greatly reduceslequencing a megabase of raw DNA
costUSD 1000 in 2004, antSD 0.01 by 2017, a decrease of 5 orders of magnitude
(Wetterstrand, 2018High-throughput sequencing hasmpletely revolutionized many fields of

biology, among them microbiology.

1.3.2Use of highthroughput sequencing in microbiology
The use of higlthroughput sequencing methods has greatly increased our knowledge on the
distribution, diversity and metabolisni microbes. This increase has been very rapid. For

example, the Integrated Microbial Genomes dataliages(//img.jgi.doe.goy/ collects data

from the U.S. Department of Enuetedaytbesloinni cr obi a
Genome Institute, and also accepts outside contributions. The database contained 865 bacterial
and 53 archaeal genomes in 2008 and expanded to more than 70,000 bacterial and 1,800 archaeal
genomes by version 5.0 in January 2QCBen et al., 2019)The newer and cheaper sequencing
methods have expanded the scope of taxonomic marker gene studies where they are amplified by
PCR At the time when | started this thedise most common way to study the composition of

any microbial coomunitywas by amplifying and sequencing ribosomal 16S rRNA gene
fragmentgWoese and Fox, 197@)rectly from DNA extacts(Stahl et al., 1984)\nd

comparing the sequences to vast online datab@sesst et al., 2013 his hasnabled the
characterization of microbial diversity in most environments on Ealtbmpson et al., 2017)

even while a large portion of the microbes have never been studied in the laboratory. High
throughput sequencing has also facilitated the development of new fielidéogfyb such as
metagenomicgseee.g, Quince et al., 2017where all the genetic material in a sample is

extracted and sequenced without attempting to isolate or culture the midfahes (.2).

Assembling together the short sequences into genomes has illuminated the identity of previously
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unknown microbes and their metabolic potentia
techniques enabled the discovery of the Candidate Phyla Radiation (CPR) group, comprising

over 15% ofphyla in the bacterialomain(Brown et al., 2015; Hug et al., 201&)kely this

group had evaded previous detection, because the PCR primers used in abgsesbetudies

did not match their 16E8RNA genes.

High-throughput sequencing has revolutionized the study of microbial ecology, but at the
same time thamount of data produced by these methods is unprecedented. For example, the
latest generation of lllumina instruments (NovaSeq 6000) can produce up to 6 terabase pairs, or
20 billion reads, of raw sequence per run. Even MiSeq, often used for amplic@s spudduces
up to 15 gigabase pairs or 25 million reads. The computational capacity needed to process this
deluge of data and the complexity of the results have also increased greatly, which has led to an

increased demand of bioinformatic skills and krexge in microbial ecology.

1.4 Bioinformatics in microbial ecology

The processing of higthroughput data, at least for metagenomes, currently necessitates the use
of high-performance computing. For example, s@ft¢he-art shotgun metagenome assemblers

can equire up to 1 Tb of memory depending on the complexity of the(dateder Walt et al.,

2017) and personal computers are usually configured only with a fraction of this amount. The
access tdigh-performance computing can be expens$ivéth the cheaper sequencing, access

to computational resources has often become the limiting factor for the studies. Fortunately also
openaccess servers running on donated resources are available, suchRESTI@GVieyer et

al., 2008) which performs a basic phylogenetic and functional analysis from raw metagenomic
data. However, the queue times to process submitted data can be long and the plaffarot do

allow customization of pipelines.
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Figure 1.2: Example workflow for a shotgun metagenomic study of sediment microbial
communities. Assembly of short reads into contigs enables the reconstructipresérgative

draft genomes for (closely related) organisms whose DNA is found in the sample in sufficient
guantity. Metabolic capabilities of these organisms can be predicted based on the identification

of specific functional genes in the reconstructecogess.
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Another problem faced by metagenomic studies is the lack of standardization in the
processing of data and reporting of results. Some work has been done to gather best practices in
both ampliconMurray et al., 2015and metagenomiten Hoopen et al., 2018gquencing.

These best practices include, for example, recommendations for sample handling and screening,
the use of experimental controls, proper description of itapbsteps in the pipelines, and how

to archive and publish data. Guides also exist for the use of appropriate multivariate methods in
the analysis of microbial ecology data, depending on the specific research qg(Estigieg

and Ramette, 2014-ortunately, the use of established and popular pipelines such as QIIME
(Caporaso et al., 2010y Mothur(Schloss et al., 2009r 16SrRNA genesa n d  A(iren eb o

al., 2015)or MG-RAST for metagenomes also facilitates comparisons between different studies.
The massive amount of methods available for the processing of amplicoretagknomic
high-throughput sequencing data is both a blessing and a curse for microbial éctiisgy

enables flexibility in the construction of analysis pipelir®rg also makes crogomparisons

amongstudies often difficult.

Shotgun metagenomics hanezently gained popularity over 188NA geneamplicon
based sequencing even in routine description of microbial communities, as more powerful
sequencers can now produce a more complete view of the microbial community compared to
amplicon studieg$Ranjan et al., 2016 However, amplicoibased sequencirggill has several
benefits over metagenomes: (i) it remains a cheaper alternative for simple analysis of microbial
community composition, (ii) processing of data does not require the use gidrighhmance
computing environments, (iii) the coverage oftglum metagenomes can be lacking, especially

in high-diversity environments or for rare functional target genes. Regardless of the sequencing
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strategy chosen, the data analysis often proceeds similarly in both cases to investigate patterns of

phylogenetic ad genetic diversity, and how the prevailing environmental conditions affect them.

1.4.1Analysis of microbial ecology data

The environmental microbial communities and their interactions with the environment are highly
complex. This complexity is reflected inetlllata obtained both with amplicon and shotgun
metagenomic methods. For example, after reducing the variability of the unique amplicon
sequences by clustering them into groups representative of a singlégaxaahé et al.,

2015) a single sample might still contain thousandsesé groups. More recently, analyzing
exact sequence variants has been shown to have several benefits over variant clusters, among
these, an improved comparability across stu@edlahan et al., 2017However, this approach
increases the number of variants to be analyzed even further. Microbial ecology studies also
often include metadata of the samples, such as differences in geographical location, pH, redox
potential, orother measurements of sample chemistry. This necessitates rigorous design of
sampling to avoid bias and accurately address the specific research qfisagtigieg and

Ramette, 2014 Multivariate methods, such as reducing the dimensionality of théogata

ordination, are necessar y (ButigiegandRamette,@0d4)e 6 des

Recent developments in computational sciences, namely machine learning algorithms in
unsupervised clusteri@an der Maatn and Hinton, 2008ensemble methodRokach, 2010)
and neural network@®zesmi et al., 2006have shown great potential in microbial ecol¢e.y,
Cordier et al., 2017; Larsen et al., 2012; Pasolli et al., 20b&se methods have many desirable
characteristics for handling data from microbial ecology studies. Most of the netlerds are
nonparametric, robust, fast and easy to implement, and most importantly they have most often

had better performance compared to traditional statistical tools. The major downside of these

17



methods is that their inner logic might not be availabiarfspection, and their performance can

be evaluated only by analyzing how their output changes in response to the input data. In
microbial ecology these methods could greatly facilitate exploratory analyses or studies where
the relationships between thesponse and explanatory variables are unknown. Also, predictive
machine learning models could be used to reconstruct phenotypic traits of sequenced microbes
(Long et al., 2019)perhaps some day even directly from metagenomic data. Despite their
demonstrated performance and outstanding results, machine learning nae¢hiooisyet utilized

to their full potential in the field of microbial ecology.

1.5Rationale and objectives for the thesis

This thesis was conceived to shed light on how environmental change during the Anthropocene
affects microbial communities morthernfreshwater sediments. These communities provide
important ecosystem services, such as recycling of carbon, nitrogen, and toxic metals. These
elemental cycles are likely strongdffectedby the effects of anthropogenic activities on the
sediment communitieseee.g, Gerbersdorf et al., 2011; Rudman et al., 20Ia@)predict how

the communities might change in the futwe, must understand their current and past states.

This thesis focuses on the analysis of northern lakes, because they are both highly vulnerable to
the effects of climate change, and because many of them have been strongly impacted by
mercury depositiorAnalysis of sedimengxtracted DNA is used to reconstruct the phylogenetic
and metabolic diversity, and a picture of the structural, metabolic, and evolutionary adaptations
of the sediment communities to physicochemical constrdimthis thesis,liese msights are

then utilized to predict effects of environmental chatogaicrobial communities (through

analyzing their biogeochemical constraintsj)he vulnerable Arctic, and to understand the

effects of anthropogenic mercury deposition on the Northern Hemisphere.
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The research chapters of this thesis consist of two themes, which are linked through the
DNA-based reconstruction of the present aast gtate of the microbial communities in northern
lake sediments. The first research chap@drapters 2)outlines how the current
physicochemical constraints drive the structuring of the sediment microbial communities in Lake
Hazen in the Canadidngh Arctic. The second research chaptendpter 3) further describes
the diversity of these sediment microbes, and how their genomes are equipped to survive in the
cold and oligotrophic conditions. The third research chagtieagjter 4) details how the
historical deposition of anthropogenic mercury has affected the microbial communities in lake
sediments in the Northern Hemisphere. The final chaffeafter 5) synthesizes the research

contributions of my thesis and gives suggestiongutmire researcdirections.

This thesis sheds light on the uncharted diversity of microbes in lake sediments from
northern latitudes and their evolutionary response to increasing toxic metal deposition during the
Anthropocene. The results provide the baseline on microbial caiyrassembly and functional
potential in arctic lake sediments and establismtbeAgene as a highly sensitive biomarker of
historical mercury bioavailability in sediment archives. These results outcomes will be valuable
for tracking, understanding, apdedicting the effects of anthropogenic change in the

environment.

The objective ofChapter 2 was to provide a baseline of microbial community diversity
in the sediments of Lake Hazen in the Canadian High Arctic, and how it is constrained by the
prevailing biogeochemical conditions. This study was based on amplifying the small subunit 16S
rRNA gene from sediment DNA and assigning taxonomy to similar groups of sequences. The
region is currently experiencing climate change related warming, which profoumutyis

these biogeochemical constraifitehnherr et al., 2018; St. Pierre et al., 2018bd we
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hypothesized that the ecologically important sediment microbial communities might be severely
affected. Furthermore, quitdtle is still known of the diversity of arctic lake sediments, and the
study is among the first few addressing the microbial community structure in these environments
(Mohit et al., 2017a; Stoeva et al., 2014a; Thaler et al., 2017; Wang et al., .ZlHi8lphapter

also presented evidence, based on functional mapping of the taxonomy, that the sediment
communities in different parts of Lakeaken might have similar function despite being
phylogenetically dissimilar. However, these functional predictions were based solely on the 16S
rRNA gene-derived taxonomy of the organisms, and this prompted us to further investigate their

functional divergty by shotgun metagenomic sequencing.

The sediment communities in Lake Hazen were also studiétdapter 3, wherethe
scope was extended to analyzing their functional potential with shotgun metagenomics to
characterize metabolic adaptations to the plegaconditions, and to identify the organisms
likely catalyzing important nutrient cycles in the lake sediments. Because metagenomic data on
arctic freshwater sediments is currently highly scévegneron et al., 2018we also aimed to
charcterize the diversity of recently discovered branches of microbial life in this environment,
such as genomes from the Candidate Phyla Radiation. The results of this chapter showed that
many of the obtained genomes were from understudied phyla and hitbagnevalence of
pathways likely related to energy conservation and membrane chemistry, which might be
important adaptations to the prevalent conditions in Lake Hazen sediments. This result also
indicates that changes in the sediment microbial commantythe microbially catalyzed
nutrient cycles are likely in the light of recent climate warrmiaigted changes in the Lake

Hazen watershe_ehnherr et al., 2018; St. Pierre et al., 2019b)
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In Chapter 4 the objective wasotexpand both geographically and methodologically on
the preliminary results of the effect of anthropogenic mercury deposition on the evolution of the
microbial mercury reductaseerA(Poulain et al., 2015)This seminal study by Poulain et al.,
showed an increase in the effective population @eenographic histojyof themerAgene
(amplified and sequenced from sedimertracted DNA) coinciding with increased mercury
deposition since the Industrial Revolution at the end of tHec&Btury. The current study was
designed to replicate the previous results in otaerdifreshwater sediment archives on a broad
geographic scale and to observe differences between pristine and highly impacted sites.
Furthermore, the new study employed higloughput sequencing, which was likely to capture a
higher diversity of thenerAgene than the previous approach. The results of this study showed
that sites located up to 5,500 km apart on the Northern Hemisphere, on average, displayed an
increase in the effective population sizeradrAregardless of the level of mercury deposition.

All results of the previous study were also replicated with the updated methodology. The signal
observed in the sequences of therAgene is likely also sensitive only to the bioavailable
fraction of deposited mercury. In this case, it could be usedtimefustudies to track the

historical bioavailability of mercury in environmental archives.
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2.1 Abstract

The Arctic is undergoing rapid environmental change, potentially affecting the physicochemical
constraints of microbial communities that play a large role in both carbon and nutrient cycling in
lacustrine environments. However, the microbial communitissiah Arctic environments have
seldom been studied, and the drivers of their composition are poorly characterized. To address
these gaps, we surveyed the biologically active surface sediments in Lake Hazen, the largest lake
by volume north of the Arctic @le, and a small lake and shoreline pond in its watershed: High
throughput amplicon sequencing of the 16S rRNA gene uncovered a community dominated by
Proteobacteria, Bacteroidetes, and Chloroflexi, similar to those found in other cold and
oligotrophic l&e sediments/Ne also show that the microbial community structure in this Arctic
polar desert is shaped by pH and redox gradidihis.study lays the groundwork for predicting

how sediment microbial communities in the Arctic could respond as climateecpamteeds to

alter their physicochemical constraints.
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2.2 Introduction

While humaninduced climate change is a global reality, its effects are amplified in the Arctic,
severely impacting freshwater ecosystems there. Indeed, increases in air temperature and
precipitation lead to enhanced glacial melt and ru®ifés et al., 2014)permafrost thaw

(Mueller et al., 2009)and a reduatin in icecover duratior(Vincent and LgbournParry, 2008)

In response to these changes, High Arctic lakes can undergo shifts in their temperature, light and
nutrient availability, pH, and salinif.ehnherr et al., 2018; Mueller et al., 2008hanges in

these abiotic factors can be expected to influence the structuierobral communities which,

in turn, can then affect their physicochemical environment, for example through nitrogen
fixation, organic carbon mineralization, or sulfate reduction. However, the microbial
communities inhabiting polar lake sediments are gtiirly characterized, and what drives
community composition is relatively unknown. Although over the past few years several studies
taking place in the polar regions have used-gexieration sequencing to characterize microbial
communitieSEmerson et al., 2015; Hauptmann et al., 2016; Mohit et al., 2017b; Schutte et al.,
2016; Stoeva et al., 2014b; Thaler et al., 2017; Wang et al., 2@lh)on sediment microbial
communities irthese environments is still sparse. The available data are also biased towards

small lakes and thaw ponds, thus underrepresenting large arctic lakes.

To predict how environmental changes might impact future freshwater quality and
productivity in the Ardt, we first need to understand the structure of the microbial communities
that are mediating the biogeochemical cycles in these environments. This is usually achieved by
PCR amplicon sequencing of the 16S rRNA gene, which is commonly used as a phydogeneti
marker gene for bacteria and archaea. To move beyond the structural description of a microbial

community, we need to understand (i) how the environment is shaping a community, and (ii)
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how a community, in turn, shapes its environment. Metrics descmbicrgbial community

structure can be correlated with physicochemical variables using multivariate methods, such as
Non-metric MultiDimensional Scaling (NMDS), (dironstrained correspondence analysis, or
cluster analysigButtigieg and Ramette, 2014)owever, most of these approaches remain
descriptive, and assume that the relationships between community composition and abiotic
factors are linear. To address these limitations, machine learning methods have been used, for
instance to predict disease praggien from human gut microbiomg@2asolli et al., 2016)o
determine the factors affecting microbial diversity in §Gi¢ et al., 2008)or to show that pH
controls microbial diversity in acid mine drainag@iang et al., 2013More recentlyBeall et

al., (2016)identified Operational Taxonomic Units (OTUs) with different abundances between
high and low ice conditions in lakes, whiein et al.(2017)predicted that very low levels of
antimony [Sb(V)] and arsenic [As(V)] increase microbial diversity in soils. However, such
machine learning approaches have not yet been used to chardhtedreers of microbial

diversity in Arctic freshwater environments. Without a full metagenomics or
metatranscriptomics dataset, it is difficult to properly describe a functional link between
community structure and function. When such data are unawikthbbies have suggested that
ampliconbased sequencing data be used to make limited functional predictions of environmental
microbial communitiegLoucaet al., 2016h)This type of functional prediction relies on the
presence of taxa known to participate in well characterized biological processes or functions
(e.g, oxygenic photoautotrophy, sulfate reduction, and methanogeA8siauer et al., 2015;
Langille et al., 2013; Louca et al., 2016h)t has yet to be applied to undersampled and / or

extreme environments such as high arctic lake sediments.
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Here, we characterized over a period of two years the microbial community structure in
sediments collectelom freshwater systems in the Lake Hazen watershed, located in
Quittinirpaaq National Park on northern Ellesmere Island, in Nunavut, Canada (82°N, 71°W;
Figure Al). Bacterial and archaeal 16S rRNA gene amplicon sequencing from environmental
DNA samples abwed us to characterize the microbial communities across space and time.
Taking advantage of recent developments in machine learning, we determined the
physicochemical drivers of the community structures, and use functional mapping of the
community struaire (Louca et al., 2016kp makepredictions about the sediment microbial

communities.

2.3 Material and methods

2.3.1Collection of sediment cores an@ssociated chemistry

The Lake Hazen watershed is a polar oasis with temperatures higher than usually found at
similar latitudegKeatley et al., 2007Jue to the influence of the Grant Land mountains in the
northwest. Sediment cores were collected from three water bodies within the watershed: Lake
Hazen itself, Pond1, and Skeleton Lak&(re Al). Lake Hazen (74m long, up to 12 km

wide, area 54,20Da, max. depth of 26m; Figure A28) i s t he wor |l ddés | arges
north of the Arctic Circle. It is primarily fed by runoff from the outlet glaciers of the Grant Land
Ice Cap and drained by the Ruggles Rieethe northeastern coast of Ellesmere Island. Lake
Hazen has a relatively stable y@aund water temperature of ~3{Reist et al., 1995)s fully

ice covered in the wintétatifovic and Pouliot, 2007)and is ultraoligotrophic (Keatley et al.,
2007) Lake Hazen is monomictic, mixing fully in the summer partially influenced bydityb
currents originating from the glacial infloisehnher et al., 2018)A slight reverse temperature

stratification {.e., lower temperatures right below the ice) develops during the winter. The
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surface sediments of Lake Hazen are soft silts, with a total organic carbon content between 3.1
and 8.3%. The llhymetry and geochemistry of Lake Hazen have been thoroughly characterized
in Kock et al.,(2012) While large lakes like Lake Hazen are rare in the Arctic, small lakes and
shallow ponds are a characteristic feature of the Arctic landscape. Skeleton Ldiae (he.

depth 4.7m; Figure A2b) is fed by permafrost thaw waters, and subsequently dramsgtr

two ponds, a wetland, and a small creek before flowing into Lake Her@merton et al.,

2016) Pond1 (0.40.7 ha, max. depth 0-5.3m; Figures A2c, A2d) is located along the
northwestern shore dfake Hazen. In high glacial runoff years, Pond1 may become
hydrologically connected to Lake Hazen as water level{Esenerton et al., 2016-igure

A2d). The organic carbon conternftthe sediments in Pondl1 ranges from 7.0 to 10.4% and in
Skeleton Lake from 13.0 to 35.1%. Skeleton Lake and Pond1 are fairly productive in the summer
with photosynthesis by macrophytes, mosses, and algal mats that cover the seBimaets (

A2c¢), despie their low chlorophylh concentratior{Keatley et al., 2007; Lehnherr et al., 2012)
Some of the productivity in Skeleton Lake and Pond1 might also be driven by carbon and
nutrients originating from fecal matter loifds as both sites are important nesting habitats. In the
summer, their water temperature can rise to 19°C, but in the winter, ice cover reaches to the
bottom in Pond1 and shallower 24m) parts of Skeleton Lake. The water columns of both

Skeleton Lakeand Pond1l are depleted of @uring the winter because of heterotrophic activity.

Short sediment cores were collected over three field expeditions: (i) in spring 2014 from
two sites in Lake Hazen itself (Snowgoose Bay [depth: 44 m] and Deep Hole [2BRjutgs
A2a, A39) , (ir1) 1 n spring 2015 frosand[Mimle si tes
Snowgoose Bay [50 m] and Deep Hole [261 m]) plus one site at the centre of Skeleton Lake [4

m] (Figures A1, A3b), and (iii) in summer 2015 from Pond1 [1.5 m] plus a shallow shoreline
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site [0.3m] in Skeleton LakeKigures A1, A3c, A3d). In gring, all sites were covered with just

less than 2n of snowcovered ice; in summer, samples were collected during open water (ice
free) conditions. At each site, three intact replicate cores were collected for DNA extraction, and
determination of physiahemical profiles and of porewater chemistry. All sediments were
collected either with an UWITEC (Mondsee, Austria) gravity corer (deep sites), or manually
(shallow sites in Pond1 and Skeleton Lake) into 86 mm inner diameter polyvinyl chloride core
tubes.Due to logistical constraints, only a single core was available for DNA extraction from
each time and site. Cores for DNA extraction were sectioned ircthdSpring 2014) or

0.50cm (summer 2015) intervals immediately after sampling, preserved in tnétno E

RNAl aterE (Thermo Fisher Scient i f18°€beforec. , Wal
DNA extraction. Contamination of samples was minimized by cleaning the sectioning equipment
between each section and wearing-powdered latex gloves during samiandling. In spring

2015, whole cores were frozen directly after samplind&tC, transported back to the

University of Ottawa, and sectioned atrh intervals while frozen. Surfaces of the sections in
contact with the nossterile sectioning equipmewere scraped clean with bleasterilized tools

in a laminar flow hood (HEPA 100) before subsampling from the middle of the sections. Redox
potential, pH, [HS], and dissolved [§) profiles were measured at 100 um intervals in the field
within an hour of ollection, using Unisense (Aarhus, Denmark) microsensors connected to the
Unisense Field MultimeteiTablesAl, A2). Redox and [KS] data were unavailable for summer
2015 cores because of broken microsensors. For the summer 2015 casgd@NPDand [0+

] were also measured in sediment porewaters by ion chromatogiiegdblg A2). Cores used for
analyses of porewater chemistry were sectioneccat thtervals into 50 ml falcon tubes in the

field, followed by flushing of any headspace with UHPkdéforecapping. Tubes were then
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centrifuged at 400€pm, after which the supernatant was filtered through @mM%zellulose

nitrate filters into 15 ml tubes, which were then frozen until analysis at the Elemental Analysis
and Stable Isotope Ratio Mass Spectrayneaboratory (Department of Renewable Resources,
University of Alberta). Concentrations for8 were set to O where it was not detected with the
microsensors. For the three lowest horizons in the Skeleton Lake 2015 c&jeyfd input as

the value measad at the deepest sediment depth before the microsensor brokenih69)3 as

a conservative estimate since its oxidation in the completely anaerobic sediments was likely
minimal. When several measurements were made over the sectioning depth usefl for DN
extraction, concentration readings were aver a
sediment depth of each sample, measured down from the seavatentinterface. Principal
Components Analysis (PCA) was employed to visualize physicochledifiesences and

relatedness between the different coring sites. For this, the autoplot function from the R package

ggfortify 0.4.1(Horikoshi and Tang, 201%as used.

2.3.2Sequencing and datgreprocessing

Upon returning to the University of Ottawa, samples for DNA extraction were homogenized,
divided into duplicate 25fhg (vw) subsamples, and washed with a buffer (10 mM EDTA, 50
mM Tris-HCI, 50 mM NaHPQ:A 7.8 at pH 8.0) to remove PCR inhibisqPoulain et al.,

2015; Zhou et al., 1996PDNA was extracted from the duplicaebsamples with PowerSoil®

DNA Isolation Kit (MO BIO Laboratories Inc, Carlsbad, CA, USA), and then the duplicate
extracts were combined. The 16S rRNA gene fragment was amplified with universal primers in
the spring 2014/2015 samples, and primer setsfepereither Bacteria or Archaea in the

summer 2015 samples (for details, S@pendix A). The extraction kit elution buffer was used

as a negative control in screening experiments. Sequencing was completed with lllumina MiSeq
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using paireeend 300 bp readat Molecular Research LP (Shallowater, TX, USA, for details, see
Appendix A). Sequencing of a single sample per sediment depth per core was deemed sufficient,
since no pairwise comparisons of individual samples were conducted in the data analysis. All
handling of the samples was conducted in a laminar flow hood (HEPA 100) stainless steel sterile

cabinet that was treated with UVC radiation and bleach before each use.

Forward and reverse reads were paired with PEAR 0(2H#ng et al., 2014aand libraries

were split with QIIME 1.9.1Kuczynski et al., 2011)Chimeric sequences were reradwvith

vsearch 2.0.0Rognes et al., 2016itilizing theUCHIME (Edgar et al.2011) against the

SILVA 128 SSU Ref NR99 databaf@uast et al., 2013 he reads were clustered into OTUs

with Swarm 2.1.4Mahé et al., 2015nd singleton OTUs were removed. Counts were

normalized using cumulative sum scaling with the Bioconductor package metagenomeSeq 1.18.0
(Paulson et al., 2013Representative sequences of the @Tére aligned to the SILVA 128
databaséQuast et al., 2013jvith SINA Incremental Aligner 1.3.(Pruesse et al., 2012)

Taxonomy was assigned to the OTUs in SINA, with the Least Common Ancestor method. For
phylogenybased analyses, the alignments were trimmed with trimAl 1.2 usingtiistic

Aaut omat e(GapdlaGotigrrer ai al., 2009pllowed by visual inspection in Unipro

UGENE 1.26.30konechnikov et al., 2012Maximum likelihood phylogenetic trees were built

with FastTree 2.1.@Priceetal.,2010) usi ng the GTR + {0 Mdasdel of

Brosou and Rodrigue, 2012)

2.3.3Data analyses

The number of sequences was tracked throughout each step of the pipeline for quality control
(Table A3). The taxonomy POTUs with >99% sequence identity to the SILVA 128 database

was refined to the closest matching entry to facilitate functional mapping. OTUs with
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ambiguous, mitochondrial, or plastid assignments were removed with phyloseq 1.20.0
(McMurdie and Holmes, 2013)Negative controls were not sequenced for this study and, as
such, we were not able to directly remove possible contamination brought by theXirdétion

kit. Although studies with low microbial biomassd, blood, lungs, dry surfaces) are expected
to be more sensitive to contaminaf@assing et al2016; Salter et al., 201Aye testedhe

impact of possible contaminants iolentifying and removing putative contaminating genera
from our samples (se&ppendix A; Figure A4). We compared the unmodified data to analyses
where we removed 100% of knowantaminants from MOBIO PowerSoil DNA extraction kits
(Glassing etl., 2016) the kit used in our study. The result of our comparative analyses showed
(i) no changes in alpha diversity analyses, (ii) few changes in the clustering angigaes A5)

and (iii) no changes in the ordination analyseagyre A6), leavirg our conclusions unaffected

in all cases. Note thatg, 5 of the 10 most abundant contaminants (Veillonella,
Methylobacterium, Prevotella, Tumebacillus, and Oxalobacter) were not found in our samples.
In addition to known contaminants from the MOBIO k#ed here and described in the main
text, we also tested for known contaminants from four additional DNA extractiofSkiter et

al., 2014)that were not used in our study (ggmpendix A; Figures A4-A6). However, as the
putative contaminant generautd plausibly be part of the sediment community and the identity
of true contaminants are not known, they were not removed from théldatsually estimate

the sequencing depth in our samples, rarefaction curves were constructed froommalized
datawith singleton OTUs included~{gure A7). To assess the functional potential of the
communities based only on 16S rRNA gene amplicon data, the normalized and curated OTU
abundances were mapped to phylogenetically conserved functional groups in a customized

database using FAPROTAX 1(Douca et al., 2016bBriefly, the predictions made by
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FAPROTAX are based on references from the literature, and work by mapping OTUs (at any
given taxonomic leel) to functional groups. The associations are based solely on cultured
strains, so that an association between a taxonomic level and a functional group is only made if
all representatives at that taxonomic level display the particular function. ThBhkoAal

extracted from sediments does not solely represent the metabolically active part of the
community, as DNA from both dormant and dead organisms is usuadiytacted Carini et

al., 2017; Klein, 2007; Lennon et al., 201Thus, without transcriptomic or proteomic data our

functional predictions should be considered hypothetical.

To assess the biological significance of phylogenetic characterizations, samples were
analyzed based on two levels of diversity: within andm@gsamples. First, we investigated
trends inalphadiversity (withinrsample diversity). Because the contribution of individual taxa to
ecosystem processes is likely dependent on their abun@éeicergut et al., 2013)ve chose
Si mpson6s (Mbmseiah a0d4)as the metricforalphdi ver si ty. Si mpsond¢
dominance is robust to both spurious OTUs and variations in sampling depth between
sequencing run@into and Raskin, 2012) The sequencing depth in our
coverage: 76.0% to 97.2%igure A10) suffices to accurately estimate alpdigersity (Lundin
et al., 2012)To enable comparisons of alptizersity and sequencing coverage to other studies,
we al so calculated Chaol and FiguresAdQ). Alinthisiwasd i c e s,
done based on ten randomized rarefactions of the raw OTU counts with the R package phyloseq
1.20.0(McMurdie and Holmes, 2013 he relationships between alpti@ersity and its
predictors (sample categories or physicochemical variables) were determined with random
forests(Breiman, 2001; Liaw and Wiener, 2002he forests were grown to 5000 trees, using

the R package ranger @M{Wright and Ziegler, 2017)Selection of the most important
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predictors was Ised on the Gini index by adding predictors one by one in order of decreasing
importancgMenze et al., 2009)The best and most parsimonious model was then selected by

minimizing the Model Standard Prediction Error (MSPE) for regression random forests (in the

case of continuous predictors), or by maxi miz

forests (in the case of categorical predictors). The relationships between the pootinm
predictors and Simpsondés dominance were est
models with the R package edarf 1.(1&@nes and Linder, 2018)hich display how model

prediction changes as a function of each predictor, while other predictdiized to their
average value. Thus, each variableds ef,fect
and each predictorés relative effect size ¢

model prediction.

Second, in terms of betdiversity (betweersamples diversity), phylogenetic distances
between pairs of samples were calculated with ebl@oRrinciple Coordinate Analysis (DPCOoA;
Pavoine et al., 2004using OTU abundances and patristic distances estimated from the
maximum likelihood tree. The phylogenetic data were limited to OTUs wit®2%overall
abundance, because of the quadratic increase in runtime per added OTU in (PBKig/ama
et al., 2012) The BrayCurtis distances between samples were calculated from group abundances
in the functional predictions. A Mantel test was used to test for differences between sample
physicochemistry, and either their piiyenetic or functionally predicted group distances.
Phylogenetic data and functional predictions from spring 2014/2015 were then clustered using
thet-[d]istributedStochastidNeighborEmbedding -SNE) algorithm(van de Maaten and
Hinton, 2008) implemented in the R package rtsne Ki3jthe and van der Maaten, 2017)

with fAperplexityo set ititee HBBSCAN algosithngOarepelovet r e |
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al., 2013) in the package dbscan 1.{Hahsler et al., 2018) wi t h fAimi nPt so set t
and classification random forests were used together with partial dependence plots to identify the
most important physicochemical and categorical variables for the clustering patterns, as

described above. Two differestibsets of the phylogenetic data were analyzed: the most

abundant OTUs (8.01% abundance) and the dataset limited to OTUs that matched at least one
group in the FAPROTAX database. Summer 2015 data were not included-8Nteanalyses

because only a gjte core per lake was available.

The correlations between categorical and continuous variables tdibetsity were
assessed by unconstrained correspondence anal
(Oksanen et al., 2016} he variables were fit on NMDS ordinated distance matrices (described
above) for both phylogenetic data and functional predictions, and the statistical significance was
assessed Wi 10,000 permutations. For the continuous physicochemical variablebnean
relationships were analyzed with Aordisurf o,
envfit). All P-values were Bonferrordorrected per data set. Random forédéscribed above)
were further used to corroborate these analyses. In the phylogenetic data, OTU abundances were
grouped at phylum, class, and order levels for the random forest models, which were all screened
for the best and most parsimonious model. &ogve., more exclusive) taxonomic levels were
disregarded to increase the ecological meaningfulness of the (guttsal., 2014)Partial
dependence plots were again generated with the R package edarf to examine the relationships
between the most important OTUs and their functionally predicted group abundances to each
sample category, spatial, and environmental variable. All d&#seanalyses were done with R
3.4.0(R Core Team, 20173)he corresponding scripts can be accessed through GitHub

(https://github.com/Begia/Hazen1); $he sequencing data can be retrieved from the NCBI
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Sequence Read Ariske (https://www.ncbi.nlm.nih.gov/bioproject/PRINA430)2and the

geochemical data from the National Centers for Environmental Information online repository

(http://accession.nodc.noaa.gov/0171496

2.4 Results and discussion

2.4.1Sediment microbial communities are similar to other arctic lakes

Microbial community structure of Lake Hazen and Skeleton Lake sediments in spring 2014/2015
exhibited similarities to other lake sediments in p@\ohit et al., 2017b; Tang et al., 2013;

Wang et al., 2016lgnd highaltitude regiongZhang et al., 2014lihat have comparable ranges

of temperature, nutriennd light availability. The most abundant bacterial phyla at our sampling
sites were Proteobacteria, Bacteroidetes, Chloroflexi, Actinobacteria, Acidobacteria,
Planctomycetes, and Verrucomicrobia (8@pendix A; Figure 2.1). The dominant archaeal

phylum atall sites was Woesearchaeota, similarly to water columns of oligotrophi@hitite

lakes(Ortiz-Alvarez and Casamayor, 2016)
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phylum level (Proteobacteria at cldsgel). Phyla with less than 1% overall abundance in the

data set are merged.
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Sediments in Skeleton Lake had higher abundances of Chloroflexi, Actinobacteria,
Cyanobacteria, and archaeal phyla, while Acidobacteria were more abundant in Lake Hazen
sedimentsDifferences between the lakes might be driven by better light availability at the
sedimemwater interface, and higher production of sulfide in Skeleton Lake sediments compared

to Lake Hazen. Indeed, all coring sites from Lake Hazen had overlying waterts of more

than 40m, measurable dissolved{Onthetoplc m (Johndés | sl amgl!G a mp |

down to 5cm), and low [HS] (< 1.2uM). Furthermore, although toxic, low levels of$ican
enhance cyanobacterial photosynthesis when lightsiteis low (Klatt et al., 2015)Hence,

Cyanobacteria in Skeleton Lake might be able to photosynthesliae the ice cover in the

spring.

In sediments sampled in summer 2015, Chloroflexi was the most abundant bacterial
phylum in both Skeleton Lake and Ponég(re 2.2). Their high abundance has been
previously observed in hypersaline methaicl springsm the High Arctig(lLamarcheGagnon
et al., 2015)In the current study, the salinity was low ([G1 4.4mgL™), but Skeleton Lake,
and the ponds bordering Lake Hazen are methano@emmerton et al., 2016)he archaeal
communities in Skeleton Lake sediments were dissimilar to those in Pond1. Woesearchaeota

were more common in Skeleton Lake, and Euryarchaeota in Pondl sediments.
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Figure 2.2: Geochemical variability, and microbial community composition of the summer 2015
samples using archaeal and bacterial primers. Abundances of taxa have been merged at the
phylum level (Proteobacteria at class level). Phyka Vess than 1% overall abundance in each

data set are merged.

Mercury methylation had previously been quantified in both Skeleton Lake and Pond1
(Lehnherr et al., 2012put its microbial actors were unknown. Fourteen OTUs in our data
mapped to mercury methylation in our custom functional mapping database, and their 16S
sequences, all matched closelyMethanosphaerulagiustris (Cadillo-Quiroz et al., 2009)The

genome of the type strain of this species has been shown to posdegsAtBgenes that
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strongly predict mercury methylation capabiliilmour et al., 2013)Other taxa most likely
also take part in mercury methylation in these sediments. However, our art®set study
might have missed theirgsence because of primer bias and low 16S database coverage of

organisms in these environments.

Intrarlake / pond compositional variability could also be high. For instance, the
communities at the two sites sampled in Skeleton Lake in sgfiggré 2.1) and summer 2015
(Figure 2.2), were strikingly different. Sediments from the deeper &iigufe A3b), sampled in
spring 2015 under ice cover, had a mostly heterotrophic community dominated by
Proteobacteria. Meanwhile, sediments fromghallower site figure A3d), sampled in summer
2015, were dominated by phototrophs such as Chloroflexi and Cyanobacteria, and anaerobic
fermenters such as Bacteroidetes and GracilibadfEnamas et al., 2011; Wrighton et al.,

2012) This indcates high spatial heterogeneity of sediment communities in Skeleton Lake
sediments. Primer bias and seasonality of the microbial communities in Skeleton Lake might
play a part in this, but the question would require further study. Our qualitative dlmses\at

the microbial communities are consistent with (i) measurements of higler@idsions from

ponds bordering Lake Haz¢Bmmerton et al., 2016§ii) increased [MeHg] in Skeleton Lake
(unpublisheddata), (iii) high autochthonous carbon, and (iv) nitrogen limitation at the sites (St.

Louis, unpublished data).

2.4.2Both redox chemistry and pH drive community diversity and structure

2.4.2.1Physicochemical data partially explains phylogenetigariability

The phylogenetic variability may be driven by the unique physicochemical properties of each
site, which can vary substantially both in time and in space. A PCA of the physical and
geochemical variables in spring 2014/2015 shows that samplgs lgyandividual
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core Figure 2.3a). More specifically, the PCA revealed two major independent (orthogonal)
axes of variability: (i) [HS]/redox/water depth, and (ii) pH/p(Figure 2.3a). Samples with
measurable [k5] had lower redox potential and wérem shallower sites (mostly from
Skeleton LakeTable Al). Samples closer to the sediment/water interface had higher pH and
[O2]. Our sampling likely captured some of the most relevant physicochemical variables
constraining the microbial community struas. Indeed, the Euclidean distances between the
samples calculated from physicochemical variables were correlated with their phylogenetic
DPCoA distances (Mant&t? = 0.57, Bonferrontorrected® < 0.01). The physicochemical
variability also correlated with the functionally predicted group abundances (Bndis
distances; ManteR? = 0.40, BonferroncorrectedP < 0.01). However, only 25% of the OTUs

could be mapped to any function and were ttagered by this analysis.
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Figure 2.3: PCA biplots of the physicochemical variables. $pring 2014/2015 sample®)(

Summer 2015 samples.

40



The PCA on the summer 2015 physicochemical data revealeddbatdbdiments also
clustered separately, with Pond1 on one side of PC2 and Skeleton Lake on the otkéggiee (
2.3b). Most of the differences between these two sites were driven by highet [iN€ediments
from Pond1 and higher [S&] in sedimentsrom Skeleton Lake, while pH, ) and [Cl]
covaried. However, the top 1 cm surface sediments from Pondl1 were highly influential in the
PCA because of their higher pH and]J@an in other sample&igure 2.3b, Table A2). This
higher pH and [¢] couldreflect the influence of the incoming Lake Hazen waters into Pond1,
which tend to be higher in pH and,@specially in the summer under the direct influence of the
glacial inflows. It is possible that this difference in the scaling of the sitag #he PCA reflects

different water sources between Pond 1 and Skeleton Lake.

Unlike with the spring 2014/2015 data, the summer 2015 data showed no significant
correlations between the physicochemical distances of the samples, and either phyloganetic da
or functional predictions (bacterial and archaeal; all Bonfertomiected® > 0.05). This
indicates that the measured physicochemical variability does not explain differences in
community structures among samples. Unknown variables, such as redatiapateght be
influencing the community assembly at these sites. Furthermore, the two sites in this data set
have similar physicochemistry throughout each sediment profile, which probably reduces

discriminatory power for this analysis.

2.4.2.2Higher redox potertial and lower sulfide concentration drive alphadiversity

To identify the drivers of alphdiversity at Lake Hazen, we fitted random forest models to our
data(Touw et al., 2013) Based on Si mgversitynid the sgriog2014/a04x e ,
sediment samples was best predicted by a model includipgyaicochemical variables (in

order of importance: [E8], overlying water depth, redox potential, site, lake, pH, sediment
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depth, [Q], and year; pseudB? = 0.72). These results are consistent with our expectations, as
H>S can be highly toxic to microbiabmmunitiegBrouwer and Murphy, 1995; Hoppe et al.,
1990) Water depth was the second most intgoat variable explaining alpkdiversity Figure

24a). The shallow Lake Hazen sediments at Snowgoose Bay had the highest dikFeysity (

A1l; Table Al), which might be driven by high heterogeneity of the sediments, including steep
[H2S] and [Q] gradients. The Snowgoose Bay site is also under the direct influence of two
glacial river outlets, which might contribute to the heterogeneity through increased delivery of
nutrients and inorganic matter. Our observations are consistent with previtingdiof the
positive relationship between sediment heterogeneity and-dipbesity (Lozupone and Knight,
2007) Redox potential, the third most important continuous variable, also had positive
relationship with predicted diversity. The effect veamilar in magnitude to [k8] and was
expected since sulfate reducers are active at low redox potentials. This is consistent with
previous studies showing that microbial communities can react quickly to changes in redox
potential, changing from aerobicarhoheterotrophy to anaerobic respiration and fermentation
(DeAngelis et al., 2010Finally, we identified pH as a driver of alpHaversity: since non
extremophilic bacteria need to maintain an optimal intracellular pH of arouriBaoth, 1985)

the subsistence of a more diverse commuatithis pH might be facilitated.
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Figure24:Parti al dependence of predicted Simpsono:
variables of the random forest model with the smallest prediction errogdbrad the data sets.
Spring 2014/2015 with universal primegey 6 continuous variablesh) three categorical

variables. ) Summer 2015 with archaeal primers (two continuous variabtBsyummer 2015

with bacterial primers (two continuowariables).

Again, the summer 2015 data set differed from spring 2014/2015 data set, as the best
model only included sediment depth and pH as the most important variables for both archaeal
(pseudeR? = 0.53) and bacterial data (pseti@®d= 0.32). Howeverdirect comparisons between
the spring 2014/2015 data and summer 2015 data sets are difficult, since different sites were
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sampled, and different geochemical variables were measured. Archaeal and bacterial alpha
diversity in the summer 2015 data set weghhst in the deepest sediments, with a discrete

increase at the sediment surfaEg(ires 2.4c, 2.4d). The increase in diversity might be caused

by higher diversity of organisms with obligate aerobic (at the surface sediments) or anaerobic
metabolisms (aleeper sediments). Unfortunately, no reliable data could be obtained$jr [H

or redox potential in these samples because of broken microsensors. Here, pH also seemed to be
a factor explaining diversity both for archaea and bacteria, but diversity pradiotight be

driven only by a few outliers at the extremes of sediment depth.

2.4.2.3Communities cluster phylogenetically by pH and display similar functional
predictions

To independently support these predictions based on random forests, we perfofPng a

cluster analysis on the spring 2014/2015 samplesse samples clustered mostly by individual
sediment core for both full phylogenetic daffgg(re 2.5a) and for data including only the 25%

of OTUs that could be functionally predictdeiqure 2.5b). Thet-SNE analysis of functionally
predicted data identified only two clusters, one per |&kgufe 2.5¢). This shows that
phylogenetically distinct sediment communities in Lake Hazen have similar functional
predictions. Furthermore, Lake Hazen sediments ckaiervariably separate from Skeleton

Lake sediments in all of these analyses. Random forest classification of the clustering patterns
identified pH as the most important predictor for clustering both in the full phylogenetic data set
(one predictor; OOB Eor = 0%;Figure Al11a), and for the functionally mapped OTUs (seven
predictors; OOB Error = 12%:igure A11b). In the full phylogenetic data set, the sediment
communities also appear to be more similar to each other over rangestofjpie¢ @.4a, lower

panel). [BS] was the most important predictor to explain differences between the clusters in the
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functionally predicted data (one predictor; OOB Error = B8%gure A11¢). However, because

we sampled only a single site in Skeleton Lake in spring,d0dé&mains uncertain if [b$] is

the only factor affecting the observed difference in the functionally predicted groups in the
sediments of the two lakes. Furthermore, heterogeneity of the communities within Skeleton Lake
itself could not be addressedtwihe clustering analysis due to only a single core being

analyzed. Regardless, all the phylogenetically distinct communities in Lake Hazen sediments

clustered together after functional prediction.

Our results suggest that pH strongly affects phylogeretnmunity composition in our
samples. Indeed, pH has previously been shown to be a major determinant of community
composition in similar lake sedimentsd, Xiong et al., 2012)Sediment microbial communities
might be altered in the future because climate change related effects can increase pH in arctic
lakes(Kokelj et al., 2005; Mesquita et al., 2018Ye observed that the microbial communities in
Lake Hazen sediments cored at different sites at different times are phylogenetstaltt di
from each other and Skeleton Lake sediments. All the samples from Lake Hazen displayed
similar functional predictions, while remaining distinct from Skeleton Lake samples. Decoupling
between phylogeny and function of microbial communities has prslyitbeen observed,g, in
the global ocean microbial communitig®uca et al., 2016band plantassociated environments
(Louca et al., 2016aHowever, our results rely solely on the analysis of 16S rRNA genes, and
therefore lack direct evidence about the actual microbial functioning and activity in the lake
sedimentsCritical insights could be gained here by employing metagenomics,

metatranscriptomics, and (ideally) metaproteor(licaica et al., 2016a)
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Figure 2.5: t-SNEanalysis of spring 2014/2015 samples. Phylogenetic dissimilarities were
measured with DPCoA, and differences in functional predictions with-8tatis dissimilarity.

(a) Phylogenetic data, including only OTUs witl0:#1% overall abundance. Partial dependence
of cluster number on pH is included for this data below+BNE plot. b) Phylogenetic data,
including only OTUs that were matched to a function (roughly 25% of the full phylogenetic

data). €): Functional pretions.

2.4.2.4Beta-diversity is also driven by redox chemistry and pH
For the spring 2014/2015 bacterial communities, the centroids of the clusters found by NMDS
ordinations for both lakes and individual sites were different from each other (Bonferroni

correctedP < 0.01), but no year effect could be found (Bonferamireded P > 0.05;
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Figure 2.6a). As both spring 2014 and spring 2015 samples were also sequenced using the same
primer set, we analyzed samples from different years together. The communities in Skeleton
Lake sediments werghylogenetically distinct from Lake Hazen sediments, and the communities

in individual Lake Hazen cores were also phylogenetically dissimilar to each other. While these
patterns are consistent with tiBNE analysis, they are not as clear because NMDS preserves
pairwise distances instead of emphasizing them ({&NE). [H2S], redox potential, and water

depth correlated linearly with phylogenetic distances of the communities (Bonfeoroacted

< 0.(6; Figure 2.6a). Sediment depth was not linearly correlated with the phylogenetic distances,
but the communities at the sediment surface might be more similar to each other than
communities deeper in the sediment. This can be observed in the groupingad samples

together in the middle of the ordinatidrigure26a) . The deepest sedi ments
appeared quite unique, which might be due to the presenceatifte way down to 8m below

sediment surface, whereas i® not found at any o#r sites below tm (Figure 2.1, Table Al).

Archaeal communities in sediments from Pond1 and Skeleton Lake (summer 2015) also
differed from each other phylogenetically (BonferroonrrectedP < 0.01;Figure 2.6b).
However, [NQ] was the only physicocheunal variable linearly correlated with phylogenetic
differences of the communities in the samples (Bonfertoniected® < 0.05). Similar to
archaeal communities, bacterial communities in sediments from Pond1 and Skeleton Lake
(summer 2015) were phylogeigatly significantly different from each other (Bonferreni
corrected® < 0.01;Figure 2.6¢). [NOz7], pH, sediment depth and [Ctorrelated linearly with
phylogenetic differences between the samples (BonfecaméctedP < 0.05). The communities
in surface sediments of both Pond1 and Skeleton Lake seemed most dissimilar to the other

samples from the same core.
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Altogether, betaliversity seems to be affected mostly by$} redo potential and pH.
These are the variables that have surfaced in either the ordinati@N&ranalysis for both
spring 2014/2015 and summer 2015 data sets. In addition, we also observed trends with water
depth in spring 2014/2015 data and [;N@ thesummer 2015 data set. The effects of§Hand
redox potentiahre probably linked to toxicity of ¥ and different availability of electron
acceptors in the changing redox potential, which together alter the community composition.
Water depth in the spgn2014/2015 data set can be seen as a proxy for several factors
influencing community structure; the depth of the overlying water column influences both light
availability and sediment dynamics, such as differences in sedimentation rate and nutrignt inputs
resuspension, and sediment focusing. However, the trends in summer 2015 data wjtargNO
guestionable, as (i) [N£) covaries with sulfate and sediment depth (deeper sediment horizons
have lower nitrate and higher sulfakégure 2.3b; Table A2), and (ii) [NG&] in Pond1 is much

higher than in Skeleton Laké&dble A2).
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2.4.3Taxonomic group abundances vary along physicochemical gradients

We conducted random forest analyses to discover reiijos between physicochemical

gradients and abundances of taxonomic groups, and our functional predictiohgerdix A,
Tables2.1, 2.2; Figures A15-A37). We found an association between increasing levels &][H

and (i) decreasing abundances of aerobic taxa and functionally predicted aerobic groups (putative
aerobic ammonia oxidizers, aerobic chemoheterotrophs, aerobic nitrite oxidizers, and
predatory/exoparasitic microbes), and (ii) increasing abundancesatiohally predicted sulfate
respirers, methanogens, and cyanobacteria (cyanobacteria are all photosynthetic and thus mapped
to a single groupFigure A15). Skeleton Lake sediments had much higheS]Hhan Lake

Hazen sediments, but the community diffeenlinked to [HS] are not completely explained by
differences between the lakésdure A34). [H2S] seems to affect both phylogenetic and

functionally predicted community composition, and climate change has previously been thought
to result in increaseaccumulation of sulfur in high arctic lake sedimgiisevnick et al., 2010)
Chemical weathering of sulfate containing mineralg,(gypsumCaSQ) following glacial melt

and/or permafrost thaw could also increase deligé Qs to waterbodies in the Lake Hazen
watershed. Enhanced rates of sulfur cycling in sediments might change the community structure,

which might affect other geochemical cycles mediated by the sediment communities.
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Table 2.1: Summary of the regression random forest models for continuous variables. Number
of predictors ) is shown before and after stepwise model selection, while Mean Standard

Prediction Error (MSPE) and pseuB@ are shown afteselection.

Before model selectia After model selection

Data set Variable Taxonomic level n (predictors) n (predictors) MSPE (95% ClI) pseudeR?
Spring 2014/2015 H.S Class 164 16 132.67 (0.1 0.966
Functional mappin¢ 48 7 9748( 15. 621 1 0.961

pH Order 280 8 0.06 (0.0:. 0875

Functional mappin¢ 48 3 0.07 (0.0: 0851

O, Order 280 3 5.42 (1.3 0560

Functional mappin¢ 48 7 5.99 (2.4! 0514

Redox potentia Order 280 8 3978.13( 1 794. 36 0.793

Functional mappin¢ 48 2 5036.48 (21C 0.738

Sediment deptt Class 164 2 1.10 (0.5 059

Functional mappin¢ 48 9 1.62 (0.8 0.39

Water depth Class 164 2 738.28 (0. C 093

Functional mappin¢ 48 3 3121.19 (161 0711

Summer 2015/Archar pH Class 13 3 0.04 (0.0 0538
Functional mappin¢ 10 7 0.04 (0.0t 0482

0, Phylum 8 1 0.00 (0. O 0.000

Functional mappin¢ 10 2 0.00( 0. 00T O. -0.145

SO* Phylum 8 2 77.56 (19 0.633

Functional mappin¢ 10 2 105.62 (41. 0500

Sediment deptt Order 12 9 0.69 (0.3 0744

Functional mappin¢ 10 2 0.45 (0.1 0.833

Cr Order 12 3 001( 0. 0471 0. 0729

Functional mappin¢ 10 7 0.27 (0.0t 0270

NOs Order 12 9 0.04 (0.0 0869

Functional mappin¢ 10 2 0.04 (0.0 0867

Summer 2015/Bactel pH Class 85 8 0.04 (0.0 0585
Functionalmapping 26 4 0.04 (0.0 0518

0, Phylum 37 1 0.00 (0.0t 0.000

Functional mappin¢ 26 4 0.00 (0. Ot -0.052

SO* Class 85 2 79.64 (43. 1 0623

Functional mappin¢ 26 3 154. 05 (74 0271

Sedimentdepth Class 85 1 0.38 (0.2t 0858

Functional mappin¢ 26 5 0.99 (0.5!' 0631

CI Order 113 10 0.11 (0. 0. 069

Functional mappin¢ 26 10 0.19 (0. 0: 0465

NOs Order 113 5 0.03 (0. 0: 0.898
Functionalmapping 26 0.03 (0.0 0901
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Table 2.2: Summary of the classification random forest models for categorical variables.
Number of predictorsn] is shown before and after stepwise madel | ect i on, whil e C

Kappa values and Out Of Bag (OOB) error rates are shown after selection.

Before mode After model selection

selection
. . n n Cohe OOB
Data set Variable Taxonomic level (predictors) (predictors Kappa Error (%,
Spring .
2014/2015 Site Class 164 2 1 0
Functional mapping 48 11 0.9 7.14
Lake Phylum 54 1 1 0
Functional mappin( 48 1 1 0
Sampling yea Class 164 2 0.91 3.57
Functional mapping 48 3 0.81 7.14
Summer .
2015/Archaea Site Phylum 8 3 1 0
Functional mapping 10 1 1 0
Summer .
2015/Bacteria Site Phylum 37 1 1 0
Functional mapping 26 3 1 0
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Taxonomic groups that increased in abundance with increasing redox potential were
aerobic chemoheterotrophs, such as Acidobadféfad et al., 2009)and obligate aerobic
methylotrophic Betaproteobactefi@histoserdova and Lidstrom, 2QEgure A18a). In
addition, the functionally predicted group of methanol oxidizers increased in abundance with
increasig redox, which suggests that these organisms are a¢dehkins et al., 1987)

However, putative sulfur reducers also showed a positive relationship with vegich was a
surprising result. Most of the taxa mapped with FAPROTAX to this functional group belong to
the uncultured genudesulfurellaceagd16, which has been previously detected in anaerobic
bioreactorgWei et al., 2017)Bacteria from the family Desulfurellaceae are typically strict
anaerobic sulfureducergFlorentino et al., 2017; Greene, 2014\t here seem to be abundant

at sites with high redox potential (> 400 mV) and in the presence of oxygen (&-4)mfo the

best of our knowledge, this has not been observed in previous studies.

In the current study, we identified pH as an important driver of the sediment microbial
community structure and diversity, similarly to previous studiesAppendix A; Xiong et al.,
2012) Random forest analysis showed that the relationships of taxonomic groups to variation in
pH were mostly supportive of previous observations in lake sedimentégpeadix A;
Figures A16, A27a Xiong et &, 2012) We also detected an increased abundance of
Cyanobacteria at higher pigures A16, A27), which is in accordance to the generation of
alkaline conditions via autotrophic pathways. Similar relationships between pH and
Cyanobacteria in the Highrctic have been previously observed in lake microbial rfiatsard
etal., 2012) We also observed a higher abundance of functionally predicted sulfate respirers and
methanogens at lower pH. This is in accordance with lower pH optimums of these processes

(Ferry, 1993; Hao et al., 1998han the average pH of&/in our samples.
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Finally, results from the random forest analysis showed that abundances of predicted
fermenters and intracellular parasites (most of these are known as Ariestisiant Microbes;
Greub and Raoult, 200#)crease with water deptRigure A20b). The OTUs identified in our
analysis included representativesenfj, phylum Chlamydiaé¢Lory, 2014) and orders
LegionnellalegGarrity et al., 2015and Rickettsiale6Renvoisé et al 2011) The presence of
obligate intracellular parasites indicates a higher abundance of grazing protists, and in the case of
Rickettsiales, of arthropodRenvoisé et al., 201 Rt the deeper sites. These organisms might
together with fermenting microbes contribute to increased cycling of organic matter and transfer
of energy to higher trophic levelkei et al., 2014)The increased abundance of microbes
involvedin organic matter cycling suggests increased delivery of material to the deegd.basin (
sediment focusing) in Lake Hazen. Furthermore, the longer durationfoé&periods
(Latifovic and Pouliot, 2007; Sdu et al., 2016and increased runofBliss et al., 20143eem to
have already increased the sediment, carbon, and nutrient iofustieet HazerfLehnherr et al.,

2018)
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2.5Conclusions

Despite extreme conditions in the High Arctic, our results show that lake sediments from this
area harbor highly diverse microbial communities that vary both in time and space, but that are
mainly shaped by redox and pH. Although the microteahmunities in cores sampled at the

three sites in Lake Hazen were phylogenetically distinct, they were functionally predicted to
exhibit similarities. However, such functional predictions need now to be validated with
metagenomics or metatranscriptomittgdges, especially when performed on undersampled and

extreme environments such as Lake Hazen.

The way such extreme environments will behave in the context of climate change is
unclear. On the one hand, the predicted functional similarity of the comesunithe backdrop
of spatiotemporal microbial heterogeneity could be interpreted as a sign of resilience. However,
as rising temperatures have both direct and indirect influences on redox chemistry and pH, the
main drivers of microbial communities idefigd herein, it is very plausible that the current
community structure could be disrupted under the climate regime predicted for the Arctic. Future
work on Arctic lake sediments should focus on elucidating the functioning of the communities,
and longtermstudies performed throughout the seasonal regime shifts. As these seasonal shifts
drive the redox chemistry, light and nutrient availability in the lakes, they might also affect the

structure of microbial communities within.
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3.1 Abstract

The Arctic is currently warming at an unprecedented rate, which may affect environmental
constraints on the freshwater microbial communities found there. Yet, our knowledge of the
community structure and functional potential of High Arctic freshwater microbes remains poor,
even though they play key roles in nutrient cycling and other ecosgst®mes. Here, using
high-throughput metagenomic sequencing and genome assembly, we show that sediment

mi crobi al communities in the High Arcticos
phylogenetically diverse, ranging from Proteobacteria, Verrucomar&tanctomycetes, to
members of the newly discovered Candidate Phyla Radiation (CPR) groups. These genomes
displayed a high prevalence of pathways involved in lipid chemistry, and a low prevalence of
nutrient uptake pathways, which might represent atlaptato the specific, cold (~3.5°C) and
extremely oligotrophic conditions in Lake Hazen. Despite these potential adaptations, it is
unclear how ongoing environmental changes will affect microbial communities, the makeup of

their genomic idiosyncrasies, @ell as the possible implications at higher trophic levels.
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3.2Introduction

Climate change is transforming Arctic ecosystems: elevated temperatures and increasing
precipitation have facilitated permafrost thtRomanovsky et al., 201@nd glacial melt

(Lehnherr et al., 2018; Milner et al., 201Bading to impacts on the functioning of aquatic and
terrestrial ecosystems, and the natural services they provide. Microbes are major players in the
biogeochemical cycling of organic matter and inorganic nutrients; as such studying
contemporary Arctic mictmal communities is critical for both documenting and predicting how
these cycles might respond to ongoing and future environmental change. However, baseline
microbial community data from the Arctic are still lacking because these environments are
remote ad challenging to study. Furthermore;dapth study of microbial communities has only
recently become possible with cultirelependent methods like highroughput sequencing

(e.g, Shokralla et al., 2012As Arctic environments are already responding to climate change at
the watershed sca{eehnherr et al., 2018and these warmingelated changes are projected to
continue(IPCC,2018) there is an urgent need to gather data on the current state of Arctic

microbial communities and their function from which to compare in the future.

To date, culturéendependent studies of microbial communities in Arctic lakes have been
most ofte performed by amplifying and sequencing taxonomic markers like the 16S rRNA gene
(e.g, Crump et al., 2012; Mohit et al., 2017; Ruuskanen et &l8;28toeva et al., 2014; Wang et
al., 2016, 2019However, amplicorbased methods are subject to PCR amplification bias,
which might alter the estimates of microbial community composition and diversity. Furthermore,
while taxonomy based on a marker g@an be used to predict the functional potential of
microbegLouca et al., 2016b}hese predictions are purely hypothetical in the absence of

functional data. Metagenomic sequencing enables the reconstruction of nearly complete
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Metagenome Assembled Genomes (MAGS) solely from environmental (BNgu et al., 2015)

Gene sequences coding for proteins derived from contiguous sequences in the metagenomes can
also be used to reconstruct the functional potential of microbial communities in the sampled
environnent. For example, metagenomic sequeneimapled the discovery of the Candidate

Phyla Radiation (CPRBrown et al., 2015; Hug et al., 201@pnsisting of uncultured, deeply
branching lineages in bacteria, which had previously evaded detection in purely arbpbeah
studies. After their initial discovery, CPR members have been foundanety of

environments, including the deep subsurfd@zenczak et al., 2017jnarine sedimenfs L e - n
Zayas et al., 2017and hypersaline soda lak@&vourakis et al., 2018Presence of CPR

bacteria has also been reported in Arctic freshwater environif\égteron et al., 2019;

Wurzbacher et al., 20LA\Vhile they appeared to be absent in 16S rRNA amplicon data, a
metagenomic analysis of the same samples revealed them to be highly abVigghenon et al.,

2019) However, shotgun metagenomic data from lake sediment microbial communities in Arctic
environments are still scar¢@/ang et al., 2019bjand both larger lakes and High Arctic lakes
remain thus far uncharted by these methods. Such knowlealgd definitely expand our

understanding of Arctic and global microbial diversity.

To investigate this diversity of microbes and their metabolismsderstudiedirctic lakes,
we analyzed shotgun metagenomes from sediment extracted DNA from Lake Hagenwor | d 6 s
largest High Arctic lake by volume. In a previous study using 16S rRNA gene amplicons, we
hypothesized that taxonomically dissimilar sediment communities at different locations in the
lake might be functionally similgfRuuskanen et al., 2018 the current study, we revisited this
guestion by investigatinthe taxonomic diversity and functional potential of the sediment

microbial community using metagenomics. We identified rarely studied orgamishis the
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sediment, characterized the metabolic pathways that areamceunderrepresented in these
reconstrgted genomes (compared to reference data from online repositorieiuas @018
described the ecologically important nutrient cycles that are potentially present in the sediments,

and identified which taxa might play key roles in them.

3.3 Material and methods

3.3.1Sampling and chemical analyses

Lake Hazen (located within Quttinirpaaq National Park on northern Ellesmere Island, Nunavut,
Canada; 81.8°N, 71.4°W) is 544 kin surface area, with a maximum depth of 267 m, making it
the largest lake by volume nomlfithe Arctic Circle. The area immediately surrounding the lake

is a polar oasis with higher than average temperatures for similar latitudes. Temperatures over
0°C have been observed in this region on more than 80 days pésgpar and Powell, 1985)
whichis likely due to thermal shielding by the Gtduand mountains in the northwestern portion
of Lake Haz ¢hnadce, 1993)Tthelaksshpentarily fed hydrologically by

meltwaters of the outlet glaciers of the Grant Land Ice Cap, and has a single major outflow, the
Ruggles River, which flows southeastwardly to the eastern coast of Ellesmere Island. Sediment
cores were collected from twiies: Deep Hole [26in] on the 4 of August and Snowgoose

Bay [49m] on the & of August 2016 Kigure B1). Sampling was conducted from a boat using

an UWITEC (Mondsee, Austria) gravity corer with ®@n inner diameter polyvinyl chloride

core tubes. At bbtsites, triplicate cores were collected: one each for DNA extraction, porewater
chemistry and microsensor measurements. While the extracted cores were amtm4éngth,

the subsectioning was restricted to the topmash6n all cores, since microfdres cannot be

pushed any deeper than this into the sediroerds The core from which DNA were extracted

was sectionedatObm i ntervals in the field, preserved
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CA), and stored atl8°C until DNA extraction. Because logistical difficulties involved with

sampling in the High Arctic, the sectioning equipment could only be cleaned witsterie

lake water and bleach between each section before putting the complete sections into sterile

50 mL centrifuge tubes. Nepowdered nitrile gloves were worn while handling the samples. For
porewater analyses (NH NO;/NOz, SQ%, TDP, Cl), the core was similarly sectioned at 1 cm
intervals and placed in sterile 50 mL centrifuge tubes. The sediment sections were centrifuged at
4500 rpm for 15 minutes to separate the sediments from the porewater. The supernatant was then
filtered through 0.45um cellulose acetate syringe filters that were first rinsed with a bit of

sample water. The remaining filtrate was stored in sterile 1Gaming polystyrene centrifuge

tubes, and then immediately frozenE8°C until analyses for NH, NO;/NOs", SQ:*, TDP and

CI'. Porewater chemical concentrations were determined using @A&tified protocols at the
Biogeochemical Analytical Service Laboratory (University of Alberta, Edmonton, AB, Canada).
On the final core100-um resolution microprofiles of &) redox potentialand pH were measured
using Unisense (Aarhus, Denmark) glass microsensors interfaced with the Unisense Field
Multimeter immediately upon return to can@ores were maintained at ambient temperatures
(~4 C) throughout profiling. The microprofiles of theswes have also been described in an

earlier study(St. Pierre et al., 2019b)

3.3.2DNA extraction and sequencing

For the extraction of environmental DNA, triplicate ~@.6wvet weight) suamples were taken
from three intervals per sediment core (Deep Holei @® cm, 1.0 1.5cm, 2.0 2.5 cm;
Snowgoose Bay: 0000.5cm, 1.5 2 cm, 3.00 3.5 cm). The samples were first washed once
with a saline buffer (10 mM EDTA, 50 mM T¢l4Cl, 50mM NaHPQs-7H20 at pH 8.0) to

remove inhibitorgPoulain et al., 2015; Zhou et al.,98), and then DNA was extracted from the
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samples (and a negative reagent control) with the DNeasy PowerSoil Kit (Qiagen, Hilden,
Germany) according to the manufacturero6s inst
were conducted with sterilizedj@ipment in a laminar flow cabinet (HEPA 100). The quality of
the DNA was checked with a NanoDrop 2000 (Thermo Fisher Scientific, Wilmington, DE, USA)
and through confirming the amplification of thgA gene from the extracts (with. coliDNA

as the positive and sterile@® as the negative control) by PCR and gel electrophoresis (see Sl
text). TheglnAgene was chosen as the control for DNA quality because its genomic copy
number should be lower than that of the 16S rRNA ¢8tmeva et al., 2014and a positive

result would better confirm the quality of the DNA. The triplicate DNA extracts were then
combined for each core horizdnbrary preparation and sequencing wampldéed by Genome
Quebec (Montreal, QC, Canadaith lllumina HiSeq 2500 PE125 in triplicate lanes for each

sample.

3.3.3Preprocessing highthroughput sequencing data

The forward and reverse reads were trimmed and filtered for size and quality with Trimmomatic
0.36(Bolger et al., 2014and the data from all six samples wereassembled with Megahit
vl.1.2(Lietal, 2015) A n v (Emroet al.,£015)as used for database management,
following theirstandard metagenomic workfloBriefly, reads were mapped to the contigs with
Bowtie 2(Langmead and Salzberg, 20E2)dcontigs longer than &bp were binned with
CONCOCT 0.4.1Alneberg et al., 20140pen reading frames were identified with Prodigal
(Hyatt et al., 201Q)andfunctional annotations were inferred based on six reference systems:
NCBI 6s Cluster of QOGalpdiimnet a. R0LlE; JatuSor atals 2DAZE 1OG ;
within Anvi 6o (Bushfink g al.P2015) @al [otein alignments using the

defaultE-value cutoff of 0.001. Following this, Pfaffinn et al., 2014)TIGRFAM (Selengut et
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al., 2007)and Gene Ontology (G@&shburner et al., 2000; ThgeneOntologyConsortium,
2017)annotations for proteins were added with InterProScanr@Ba¥Jones et al., 2014)
Briefly, for both the Pfam and TIGRFAM reference systems, the queigin sequences were
searched with HMMERBEddy, 2009rgainst the respective hidden Markov model databases.
Hits for individual query proteins were filtered based on curatecehspecific cutoffs and, in

the case of Pfam, lowescoring hits in the same Pfam clan were rem@Jedes et al., 2014)
Finally, GO terms were associated with the proteins within InterProScan through cross
referencing the Pfam and TIGRFAM annotations with the InterPro dat@baster et al.,

2012)

Thesebins that were assembled automatically from the contigs thherananually
refined i @a0fnepbpadabamondgti on (also named Aredun
documentation), based on single copy genes followiagpbell et al. (2013pr bacteria, and
Rinke et al. (2013for archaeaThese contamination estimates were camsapared against the
lineagespecific marker gaees from CheckM v1.0.1(Parks et al., 2015andbins that still had
CheckM contamination 20% were further refined manually by splitting. Final completion
values for the refined genome bins were also estimated with Chedddc&verages of the
MAGs in each sampl e wer e d@totalmimber & ckadsvindath An v i
sample, and finally scaled to binned reads in each sa@ef@me bins were analyzed for the
presence dKEGG (Kanehisa et al., 201And MetaCygCaspi et al., 201§)athways by
mapping GO terms of each bin to nee Classification (EC) categories ardonstructing
parsimonious pathways with MinPgtfie and Doak, 2009)he reconstructed genomes were
also analyzed for theresence of marker gendsaple D1) and MetaCyc pathays Table D2)

for core elemental cycles (C, N, P, and S), together with metal regulation and homeostasis genes.
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Abundances of individual MetaCyc pathways were calculated by summing the sais®le
normalized abundances of each MAG indicated to contaipatievay. The abundance of the
individual marker genes in the separate samples was calculated frofiegemead coverages

in Anvi 6o, foll owed by normalization to total

To estimate the robustness of the MA&sed community compositiam the samples,
reads identified as 16S rRNA genes were extracted from the dataset, and assembled with
MATAM (Pericard et al., 2018The 16S rRNA gene contigs were tledassified against the
SILVA 128 NR95 databad®uast et al., 2013yith the RDP ClassifiefWang et al., 2007)The
abundances of the operational taxonomic units (individual 16S rRNA contigs) in MATAM were

calculated as the proportion of 16S rRNA reads mappingcto @ntig per sample.

For phylogenetic and taxonomic comparisons of MAGs to reference data, -all non
redundant (one per species) complete bacterial and archaeal genomes, and all the available
Candidate Phyla Radiatig€PR;Brown et al., 2015; Hug et al., 201g¢@nomes, were
downloaded from the NCBI GenBank datab@®enson et al., 2012As of June 2018, this
comprised 3,362 bacterial, 240 archaeal and 3,561 genomes for CPR. A further 71 CPR genomes
were added frorDanczak et al. (2017Dpen reading frames were used if available, or they
were identifiedde novowith Prodigal. Functional annotations for genes and pathways in these
genomes were performed de novo as described above for MAGs. For assessing the phylogeny,
sequences of 16 ribosomal proteins were extracted from both the NCBI genomes and sur MAG
that were >7/0% completéfollowing Hug et al., 2016Table D3). The sequences were aligned
per ribosomal protein with MAFFT 7.4{Ratoh and Standley, 2018%ing translated protein
sequences, and batlanslated to the @inal nucleotide sequences with Translat¢®¥ascal et

al., 2010) Badly aligned sequences were removed, and the alignments were trimmed with trimAl
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1. 2r ev 59 -guyipnymodeiCapellaBGutiérrez et al., 2009Phylogenetic trees were

constructed from each ribosomal protein with FastTree 2.1.9, compiled with double precision to
estimate accurately short branch lengthg¢asmmended in the manual), and using the GTR +

0 model of s e qq Aris-BresoueanddRbduigue, 20aZequences with

unexpectedly long branches in the individual ribosomal protein trees were then removed with
treeshrinkMai and Mirarab, 2018yith tolerance® f al s e --gpuoasnittiilveessdé 6s et t o
trimmed alignments were concatenated for each genome with gap characters added for missing
ribosomal proteis. NCBI genome entries with more than 25% gaps and MAGs with more than

50% gaps over the full aligment were then removed.

The higher cubff on gap proportion for MAGs (50%) compared to the reference
genomes (25%) was used to enable inclusion of a higher number of MAGs in the downstream
analyses. However, together with the low-offtused in the binning step (all >1 kbp cigst
included), the phylogenetic uncertainty of our taxonomic assignments could have been increased.
Thus, we calculated the pairwise phylogenetic distance of each MAG against the reference
genomes for each of the ri bo$éomafilomgpe(®aredis n tr e
et al., 2004)and the number of incidences of each reference genome in the ten closest genomes
for each MAG. The correlation between the proportional incidence of the most commonly found
reference genome in each MAG was thempared against the number of different contigs
containing ribosomal proteins in them with a lesgtiare linear regression, where the number of
contigs was logrtransformed. Finally, the phylogenetic tree containing both the MAGs and the
referencegenomegas constructed with FastTree 2.1.9 ui

evolution, as above.
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3.3.4Taxonomy analysis and functional potential of the microbial community

For further data analysis, only MAGs with < 50% gaps over the complete alignment were
preseved (= 55; Table D4). The phylogenetic tree containing the MAGs and reference

genomes was visualized with ggti@&ai et al., 2017)and annotated based on NCBI taxonomy.

The taxonomy of the MAGs was manually annotated based on the lowest level in a

monophyletic clade starting from a node with a support value of at least 0.5 (full tree is included

in the Slboth as a PDF and a Newick tree)filEor MAGs with uncertain taxonomy assignments

at the phylum level, 16S rRNA sequences were extracted from their geno2@§p;n = 2)

with ssualign 0.0.1(Nawrocki, 2009) Also, the 16S rRNA sequences of their closest relative
reference genomes based onrthesomal proteiiree were extracted. The MAG 16S rRNA
sequences were matched against t@Zemngt@BI 6s nr
2000)and the top 50 hits for each query were downloaded. These collections consisting of 16S
sequences fra the MAG itself,Thermanaerovibrio acidaminovoramsSM 6589, Candidatus
Caldatribacterium saccharofermenta@$977CS,Acetomicrobium hydrogeniforma(NCBI

Reference Sequence: NR_116842ahy the 50 top matches from the BLASTn searches were

then alignd and trees built with the Silva Alignment and Tree ser{fitaesse et al., 2012)

using FastTreeundert®T R + G model of sequence evolution

using theAcetomicrobium hydrogeniformad$S rRNA gene as the outgroup.

Phyloseq 1.24.0McMurdie and Holmes, 2013yas used to manage abundance and
phylogenetic data. Phyluhevel microbial community composition was qualitatively compared
between the 16S rRNA assembly dhd genome assembly of 55 MAGs, where taxonomy
assignments were based on the tree of ribosomal proteins. Differences in the-lelgubéS

rRNA based taxonomy between the samples were also assessed by fitting a generalized linear
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model with a quagbinom a | i nk f un KRiCoreoTream( 2053p thegdatad §ol MmO ;
examine patterns in community structure and function of the MAGs, betseeaple distances

were first calculated for genome phylogeny using patristic distances with Double Principal
Coordinate Analysis (DPCoAavoine et al., 2004For 16Sbased taxonomy, and functional
pathways, BrayCurtis dissimilarities were calculated in vegan 2(®Rsanen et al., 2018)he
distance matrices were ordinated with NMDS, and e@fkisanen et al., 2018)as used to

correlate the ordinations with sample physicochemistry. To further compare clustering patterns,
the distance matrices were dimensionally reduced twitistributedStochastidNeighbor

Embedding ¢ SNE;van der Maaten and Hinton, 2008ith the R package rtsne 0.{i&rijthe

and van der Maaten, 201ah d &6 per pl exi tydé set to 1.6. Cluste
Hierarchical DensityBased Spatial Clustering of Applications with Noise (HDBSCAN;

Campello et al., 2013h dbscan 1.1.PHahsler et al., 2018 i t h 6 mi nPt sé6 set t o

The marker genes and MetaCyc pathways were classified to environmentally relevant
cellular processes (Carbon (C), Nitrogen (N)f@ulS), Phosphorus (P), and toxic metal
cycling) and these were divided into categoriegb{e D5). Some pathways were deemed to be
misclassified based on their usual taxonomic range specified in the MetaCyc pathway
descriptions and subsequently remowenif the data. The proportion of genomes that had at
least one single marker gene or pathway for a process were quantitatively compared between the
MAGs (n =55) and reference genomes subset to phyla shared with the MAG5486). The
homogeneity of patliay abundances between MAGs to the reference genomes was assessed
wi t h a ¢ test wherePwvdues were estimated based on 10,000 permutations.
Differentially abundant processes for each comparison, which contributed more than their equal

share (out ofh = 46 processes) to the to¥ score, were visualized with heatmaps of their
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Pearson residus. Finally, the gentevel read coverages (normalized to total number of reads
per sample) of N, S, P, and toxic metal processing marker genes in the Lake Hazen sediments
were compared between the two sites and between oxic (> 0.0)nagdl anoxic (0.0ng L)
samples. The significances of the differences were assessed with pairmése t s, usi ng
(False Discovery Ratdased correction for multiple testing) from Phyloseq 1.2¥€Murdie

and Holmes, 2013)o identify the most abundant MAGs and phyla for each process across the
samples, the read coverage of each of the 55 MAdgEifre to total number of reads per

sample) was averaged over all six sampledble D6). The relative abundances of the MAGs

were also summed together at the phylum level (or class for Proteobacteria) by processes
identified through MetaCyc pathways adividual marker geneg§ @ble D7). The most

abundant phylum in each process was then identified for inclusion in thelilaxts of the N, S,

and Hg cyclesKigure 4.5).

Primary sequence data produced in this study is available in the NCBI Sequence Read
Archive and the 55 mediwauality MAGs are available in GenBank

(https://www.ncbi.nlm.nih.gov/bioproject/PRINA525§9Fhe geochemical data are available in

the NSF Arctic Data Centenline repository

(https://arcticdata.io/catalog/#view/doi:10.18739/A2SJ19QSRell scripts, and code used in R

3.5.2(R Core Team, 2018are availablen the supplementary materi@ppendix D) and

through GitHub Ittps://github.com/Begia/Hazenetagenomke
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3.4Results and discussion

3.4.1Reconstruction of Metagenome Assembled Genomes (MAGS)

A total of 115.6 Gbp of sequence in 685 million reads were obtained from the six samples

(Figure B2). The reads were eassembled into 5.3 million contigs consisting of 3.7 Gbp of non
redundant sequences. The longest contig was 408.1 kbp and the N50 WwpsTH8

performance of our assembly was slightly better than when the same assembler was used for a
complex soil metagenon{elowe et al., 2014, Liteal., 2015) but comparable to other studies of
sediments with the same assembdéeg(Carr et al., 2018; Lau et al., 2018Ye sorted the

contigsinto 1488bis wi th < 10% contaminati on-qualeyf whi ch
draftd assembl i e s(afteriBowers etal52D238)he remamingebins wene
0lgwal ity drafté ass e mbl342e@nuaerdge, 58%Dfalseadsoperp | et i

sample were included in the 1488 bins.

Of these 146 mediumuality draft genomes, 68 were found to be > 70% complete, of
which only a subset of 55 MAGs had > 50% of the nucleotides in the concatenated alignment of
ribosomal preeins, deemed to be the minimum amount of information for placing them in the
genome tree. On average, these 55 MAGs had a completeness of 88.2% based on single copy
genes, a G/C ratio of 52.9, an N50 of 22 kbp, a genome size of 3.1 Mb, and contained 3,117
genes with a coding density of 90%aple D4). Note that we used a 1 kbp lower bound on
contig size during the binning process, essentially to increase the number of contigs in this step,
which is somewhat lower than has recently been wsgd 2.5 kbpand 5 kbp iDelmont et al.,

2018) However, only eight MAGs (14.5% die total) appeared to have low N50 values {&3
kbp), and thehylogenetic uncertainty in the taxonomic assignments of the MAGs was not

correlated to the number of contigs containing ribosomal proteins in each RIAG.Q). Thus

70



while this lower 1 kp cutoff that we used in binning and taxonomy assignment of the MAGs
might have increased their fragmentation, this liberabéudid not increase the uncertainty of

their phylogenetic placement. These are key considerations for the reliability ofthstteam
analyses, because both the reconstructions of the metabolic pathways of the 55 MAGs (with
MinPath) and their phylogenetic placement (with ribosomal proteins) are based on the collection

of annotated genes contained in the individual MAGs.

3.4.2Differential recovery of MAGs compared to 16S rRNA gene data

The most common phyla (or class for proteobacteria) in the MAGs were Verrucomicrobia
(14%), Betaproteobacteria (13%), Alphaproteobacteria (12%), Planctomycetes (10%) and
Actinobacteria (9%Figure 3.1a). To quantify the reliability of this taxonomic pradjlwe also
binned the raw reads separately with the MATAM pipeline specifically designed to identify 16S
rRNA genegqPericard et al., 2018 his analysis, performed with the default settings of the
pipeline, produced 166 OTUs which covered at least 500 thpafomplete 16S rRNA gene,

about a third of its length. Among these OTUs, the most common bacterial and archaeal phyla
were Betaproteobacteria (20%), Woesearchaeota (13%), Alphaproteobacteria (10%),
Actinobacteria (8%) and Deltaproteobacteria (349gure 3.1b). As a result, the 55 medium

guality MAGs represented a differential recovery of the total (16S rRNA +eeriiged)

microbial community, apparently missing at least two major taxonomic groups, Archaea and
Firmicutes. This may be due to challenges ieheto identifying taxa based on 16S data and
discrepancies between the NCBI and the SILVA datali®se&s et al., 2018as well as at least

two additional issues.
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Figure 3.1: Composition of the microbial communities in the samples from Lake Hazen

sediments.d) Medium-quality draft MAGs ( = 55) with manual taxonomy assignments based

on reference genomes in a phylogenetic tree constructed from ribosomal proteins. The phylum

Proteobacteria is here subdivided into classgsRaw reads binned into 16S rRNA contigs

(n=166) with MATAM and automatic taxonomy assignments from the SILVA 128 NR95

database.



First, while we identified 25 archaeal bins in the assembly, only six of them were over
10% complete and none were more than 70% complete. It should be notée #iatsequenced
samples had similar community compositions based on the 16S rRNAdea=d data (Figure
1b; allP = 1.0 at the phyluntevel), which might have increased the binning difficulty because it
utilizes differences in read coverages of agmthetween samplés.g, Alneberg et al., 2014)
Second, Firmicutes appeared to be undeessgrted among the assembled bins. Only nine low
guality Firmicutes genomes were assembled, of which seven were between 10% and 50%
complete, and the rest below 10% complete. This underrepresentation of Firmicutes in the
assembled genomes might have beersed by their endosporulation affecting DNA extraction,
making them detectable only by marker geftéppidou et al., 2015)Despite the difficulties
related to the metagenomic assembly, the taxonomic compagitibe microbial community in
Lake Hazen sediments was very similar to our previous study of the same sites in spring 2015
(Ruuskanen et al., 201&lowever, several groups that were found here to be highly prevalent
(Archaea, Omnitrophica) were likely missed in the earlier study because of PCR selection bias
(Suzuki and Giovannoni, 1996)he community was also similar to previous metagenomic
studies of oligotrophic lake sedimenésd, Wang et al., 2016)One notable exceptido
previous studiese(g, Rautio et al., 201Was that Cyanobacteria were much less common in
Lake Hazen. This is likely due to most other arctic studies having focused on shallow thaw
ponds, whereas Lake Hazen is ~260 m deep, with light penetration restricted to the upper ~25 m
of the water columrf-urthermore, other physicochemical characteristics of Lake Hazen (such as
ultra-oligotrophy) may not be favorable to Cyanobactésta Pierre et al., 2019byhich might
affect theirabundance in sediments as well. It should also be noted, that at least the-lelrglum

microbial community composition in Lake Hazen sediments appeared to be stable from 2015
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spring to 2016 summer, despite high sedimentation rates in summer of 20fibgdsarh

enhanced glacial mg6t. Pierre et al., 2019b)

To understand how the physicochemistry of the lake sedinfégis¢ B3) can drive
community structure and function, we dsardination and clustering methods to compare the
samples (for an wdepth analysis of Lake Hazen contemporary limnologyS$eRierre et al.,
2019) first based ohe 16Sderived data. Here, the sites from Lake Hazen did not have
significantly different microbial communities (based on 10,000 permutafiton€).10), and ClI
concentration was the only chemical variable with a significant linear correlation with the
differences in microbial community structufe £ 0.03;Figure B4). However, the ClI
concentration was very low, varying within a narrow range (0.0.27 mgL?), and also
covarying with both pH and S® concentration, which are both known to influence the
community structure in Lake Haz@Ruuskanen et al., 2018 urthermore, we observed no
significant differences in community structure along the redox grad®entd(77) or Q
concentration® = 0.23)i which is partly consistent with a previous study of Lake Hazen
sediments that showed that the microbial community was not constrained by oxygen
concentration, but that the redox gradient was associated with community st(Rciuskanen
et al., 2018) This discrepancy is however not unexpected, as the range of redox potentials of the
samples in the current studyigure B3) was muckharrower than in the previous study.
Furthermore, the £concentration likely plays some role in the community structure and
function in Lake Hazen sediments, but the gradient can be extremelyStpae B3;

Ruuskanen et al., 201,8nd differences could be only seen with comparisons of much thinner

sediment horizons
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To assess the validity of these 18&ived results, we turned to the 55 MAGSs, which also
showed no significant differences in terms of community structure among samples, or in terms of
correlations between community structure and mogdiemistry (alP > 0.10). Similarly, a
clustering analysis was unable to fully sepatiagesitesdbased on these 55 MAGBigure B5a),
but not on the 16S rRNA contig data that exhibited more differences among sites (with identical
settings as for the MAG&iigure B5b); note that these clustering analyses are by nature however
gualitative, as no statistical tests were performed. Finaklysaw no separation of the samples in
clustering when using functional pathway data from the 55 MAGs (derived with MetaCyc;
Figure B6). This was also likely due to the small differences in the community composition of
the two sites. As the communitiggpeared to be similar at both sampling sites, we pooled the
data from each site together for all downstream analyses, in order to assess the extent of

phylogenetic and potential metabolic microbial diversity in those lake sediments.
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Figure 3.2: Phylogenetic tree of MAGs aligned against reference genomes annotated at-phylum
level based on the NCBI taxonomy database. Genomes identified in NCBI as belonging to each
phylum are indicated with different colors, whiare matching those Figure 3.1 Black

diamonds indicate the phylogenetic placement of the MAG assembled in the current study. Scale
bar are in unit of number of substitutions per site. Full tree withil&hode support values is
included as suppleméary files Appendix D: Full_tree_with_supports.pdf and

Full_tree_with_supports.nwk).
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3.4.3Lake Hazen sediments harbor phylogenetically diverse bacteria

To place the 55 MAGs in a phylogenetic and taxonomic context, we reconstructed a tree adding
5,942reference genomes to our MAG collectidiigure 3.2). The analysis showed that five of

the MAGs (9%) likely represented CPR bacteria from previously known, N@Bsified,

candidate phyla (namely: Kerfeldbacteria, Falkowbacteria, Berkelbacteria, Padatzude
Shapirobacteria). This result highlights the importance of sequencing samples from rarely
studied environments, such as High Arctic lakes. Two of these MAGs displayed similar
characteristics to previously studied CRHRi§ et al., 2016)such as small genome size (< 1.3
Mbp) and a low number of genes (1309 and 1255 open reading fraaidsD4). In addition,

three MAGs could not be classified to amown phylum by either their ribosomal proteins, or
their partial 16S rRNA gene sequences{&d aLRT support < 50%). We note however that
among these three unclassified MAGs, LH_MA_65_9 was likely related to uncultured bacteria
close to candidate divaesn OP11 Figure B7), and LH_MA_57_9 was likely related to bacteria
close to candidate division OP1Bidure B8), a division mostly sampled from lake sediments.
For example, the sediments of Upper Mystic Lake (Massachusetts, USA,

www.ncbi.nim.nih.gov/nuccore/DQ16669Y dontained the closest match to LH_MA 65 9

(99% BLAST identity).
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3.4.4Lake Hazen MAGs are enriched in genes to strive at low temperatures and

oligotrophy

To test if these reconstructed genomes from Lake Hazen possess unique metabolic features, we
guantified the presence of select pathways in t®@hMAGs and a set of reference genomes at

the same taxonomic rank (phylum levek 2,486 genomes), and compared their prevalence

(Figure 3.3). In particular, we found that the marker genes and pathways for cellular metabolism

and nutrient cyclingTableD5) wer e signi ficanrdXy36025PEer ent (F

0.0001 based on 10,000 permutations).

Among the most different pathways, three were overrepresented in the MgGse(
3.3b). Among those three, glycerol (glycerophosphodiester) datjom and fatty acid / lipid
biosynthesis were more prevalent in the MAGig(re 3.3b). This is likely linked with
temperature tolerance and energy conservation strategies. Indeed, both co{@kinésiapati
et al., 2004 and starvatioriLever et al., 2016can induce changes in the lipid composition of
microbial cell membranes. A high prevalence of fatty acid desaturases was also recently seen in
several Antarctic lake metagenon{&®o et al., 2018)suggesting that these pathways are
important for psychrotrophic microbégiven that water temperatures are around@felow a
depth of 50m (St. Rerre et al., 2019b)Alternatively, triacylglycerols could be utilized for
energy storage in the form of lipid dropléfdvarez and Steinblchel, 2002y addition to
energy storage, lipids, in particular when present as droplets, might also play a role in regulating
the stress response in bactédhang et al., 2017Both of these roles could be beneficial to the
bacteria harboring them in the Lake Hazedirpents, as most nutrients and oxygen are delivered
to the lake in glacial meltwater during sumn@@t. Pierre et al., 2019bJhis short period of

higher nutrient and oxygen availltyi correlates with a temporary jump in microbial activity
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(St. Pierre et al., 2019b\hose energy stores might be triacylglycerols that are then gradually

released to maintain métalism during the long winter.

The third overrepresented pathway, Dissimilatory Nitrite Reduction to Ammonia
(DNRA) / Polysulfide reduction, shows that the MAGs are also enriched in merniaee
molybdopterin oxidoreductases genes of the NrfD/PsrC yaimait includes genes coding for
tetrathionate dimethyl sulfoxide, polysulfide, and nitrite reductas¢3ormakka et al., 2008}
is more likely that these ges in MAGs (matching the annotation Pfam 03916) are related to
sulfur reduction than DNRA, because the more specific markers for DNRA, such as nrfH, nirB
and nirD, were rarer in the MAGs than in the reference gendamsaé 3.39. Furthermore, the
same marker gene (nrfD) has been found for instance in metagenomes from sediments of saline
(Ferrer et al., 20119nd freshwater lakd&in et al., 2011)ard associated there with anaerobic
respiration with oxidized sulfur compounds. The nrfD gene is thus likely important also for

anaerobic respiration in the mostly anoxic sediments of Lake Hazen.

Underrepresented pathways in the Lake Hazen sediment MA@s¢€ 3.3b) might be
underutilized and thus subject to genome streamlining, which is common in oligotrophic
organismgGiovannoni et al., 2014¥hese pathways include, for example, nitrogeimaksgion
as N@Q and NH". Likely, because of the low concentration of inorganic nitrogen in Lake Hazen
(St. Pierre et al., 2019)might be directly assimilated only by a smalhmaer of organisms.

The majority of microbes might instead resort to recycling of existing organic nitrogen
compounds or nitrogen fixation to fulfill their needs for this nutri€mgre 3.3). Similarly,

aromatic compound degradation, methylotrophic mdistincand sulfur compound oxidation

(largely desulfonation) were rarer in the MAGs than reference genomes. The lower prevalence of

these pathways might also be a consequence of low nutrient and substrate availability in Lake
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Hazen and the low number of mattogens (this stud{zmmerton et al., 2016; Ruuskanen et al.,
2018; St. Pierre et al., 20191 addition, selenate reduction was underrepresented in the
MAGs. This pathway is usually importaiar anaerobic metabolis§$taicu and Barton, 201,7)

but in Lake Hazen its lower prevalence could similarly reflect the low availability of selenium
becausehe site is distant from anthropogenic souieeg, Chapman et al., 2010} should be

noted, that marker genes used to identify the aforementioned pathways may also have been
missed due to technological biases, on our focusing the analysis on only the 55 most complete
MAGsSs, and / or their incompleteness. Despite these patdridises however, the
underrepresentation of these specific pathways in the MAGs makes sense in the light of the
conditions in Lake Hazen sediments. Indeed, Lake Hazen is rapidly changing with the increased
delivery of sediment, nutrients, organic carlao contaminants, perpetuated by enhanced
glacial melt throughout the watershigahnherr et al., 2018 he dense and turbid glacial

waters entering Lake Hazen flow directly to the bottom of the(8kePierre et al., 20190and

this might effectively lead to the disappearance of oligotrophic ecological niches in the

sediments with increased productivity.

81



N fixation

Nitrification

Denitrification

Thiosulfate
oxidation

Sulfite reduction

Sulfate reduction
P uptake
Poly-P synthesis

Hg resistance

Hg methylation

As resistance

Metal resistance
or homeostasis

pbrAcadA zntAcopB-

nifA-
nifL- I
nifH- I |
nifD-
nifk-
nifE-
nifN-

""""" amoA bacterial-”
amoA archaeal-

nosZ Sec-dependent-
nosZ Tat-dependent-

PK1-
PPK2-
merR-
merT-
merP-

pbrR-
smtBarsR HTH-motif-

PCOACOpPA-
copC-
copD-

] @ @ @"‘ i 73 '5\
(2} &) (%) Q' Q& QB
Sample & zeg*?‘ <5 < . pr
o < o & C3 &$
ot & &
e & 2 2
Log 10 abundance 6-5-4-3-2

Figure 3.4: Normalized read coverages of individual marker genes from the whole metagenomic

data across the samples. Samples from oxic environmentsii@entration > 0.0 mg1) are

indicated in bold.

Differences in abundas@dé individual marker genes between the two sites

(Deep Hole and Snowgoose Bay) and oxygen levels (oxic and anoxic) were not significant

(pairwise ttest; allP > 0.8 after FDR correction). Gene family/domain annotations used to

identify the individual meker genes are shown Trable D5.
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3.4.5Spatial homogeneity of nutrient / toxic metal cycling in Lake Hazen sediments
Finally, to investigate more closely nutrient and toxic metal cycling in the sediments and
evaluate the possible contribution dffekent microbes to these cycles, we identified marker
genes or pathways for these relevant processes. However, because the most parsimonious
pathways are calculated using marker genes present in a single genome bin, it is possible that
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low quality bins ould have strongly biased pathway infere(i¢e and Doak, 2009)lo alleviate
this issue, we analyzed differences in abundances of all individual marker genes found in all
assembled contigs in the metagenome lorfggar i kb@ and not only the 55 MAGEK using

genelevel normalized read coverages summarized per each markeigure 3.4).

Comparing within and between sites, as well as oxic (surface sam@i€scra) vs.
anoxic samples (deeper samplesc@pletely anoxic at both siteBigure B3), we found that
none of the individual marker genes for the nutrient cycles were differentially abundant between
the two sites (pairwisetests, allP > 0.9 after FDR correction) or between the oxic and anoxic
sadiment horizons (pairwisetests, allP > 0.8 after FDR correction). Thus, for the next analysis
we averaged the normalized abundances of the 55 MAGs across all six samples (the two sites
and three depths) to identify the likely key organisms in thegatrosulfur, and mercury cycles

T which improved our ability to investigate these more-fin@n patterns of nutrient cycling.

Based on these average read coverages, we identified the most abundant MAGs that
included markers for nitrogen, sulfur and meyceycling (Table D6), as summarized ihable
D7 for each ecologically important process in the nutrient cycles and shdwiguire 3.5.
Proteobacteria (mostly betand alphg were overall the most abundant phylum that had marker
genes or pathways fortrmgen and sulfur cycling, but other phyla were often the most abundant
when looking at individual processesppendix B; Table D7). The metagenome also contained
markers for the full sulfur cycle, although the genes for dissimilatory sulfate reducsolfit®
(aprAB) and dissimilatory sulfite reduction to sulfid#s(AB were not detected specifically in
the 55 MAGs Appendix B; Figure 3.5b). While no marker genes for mercury methylation
(hgcA Pfam 3599) were found in the MAGs (but were present ire2ence genomes and 27

low quality bins from the metagenome), six reconstructed genomes hanhberegeron
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genes involved in mercury resistance, with Alphaproteobacteria as the most abundant

of these Figure 3.5¢). The nitrogen and sulfur cycles in the Lake Hazen sediments appeared to
be closely intertwined, catalyzed by taxonomically diverse lineages. Certain MAGs, such as
LH_MA_37_3, likely fromGeobacterand LH_MA_ 65 9, might represent in the lake

ecosystem Ighly important organisms that can fix dissolved nitrogen gas, and are thus capable
of returning it back into the biological cycles. Furthermore, other MAGs, such as LH_MA 55 1,
might represent microbes that play roles simultaneously in both sulfur anglenitcycles

(Appendix B). These results are consistent with our previous work that, based on 16S rRNA
gene amplicon data, predicted the presence of key functional groups such as aerobic ammonia
oxidizers (LH_MA 61 7, likely from Nitrosomonadales), nitre¢ducersé¢.g, LH_MA 28 10,

likely from Rhodoferaxand sulfate reducers (presencapfAB genesn the metagenomic

datasetin the Lake Hazen sedimerf®Buuskanen et al., 2018)

85



3.5Conclusions

We show that in addition to being unique in its location K§1dimensions, and volume, Lake
Hazen hosts a phylogeneticalliverse set of microbes whose reconstructed genomes contain a
high prevalence of pathways that make them fit for thriving in a cold (~3.5°C) and oligotrophic
environment. This diversity includes organisms from recently discovered groups, such as the
Candidae Phyla Radiation, and from uncultured branches of the tree of life. Because
metagenomic surveys from arctic lake sediments are currently scarcesuwlts provide the

scientific community with a compositional baseline and functional potential of these ecosystems.
Indeed, as the oligotrophic niches that extant microbes inhabit are likely to be affected by
ongoing environmental changes in Lake Hazdianges in the microbial community at the base

of the lake ecosystem might have unforeseen consequences, with possible repercussions leading

even to higher trophic levels.
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4.1 Abstract

Anthropogenic mercury remobilization has considerably increased since the Industrial
Revolution in the late 1700$he Minamata Convention on Mercusya United Natioatreaty

(2017) aiming at curbing mercury emissions. Unfortunately, evaluating the effectiveness of such
aglobal treaty is hampered by our inability to deternthedlag in aquatic ecosystem responses

to a change in atmospheric mercury deposiWghereagpast metal concentrations are obtained
from core samples, there are currently no means of tracking historical metal bioavailability or
toxicity. Here,we recovered DNA from dated sediment cores collected in Canada and Finland
andreconstructed the past degraphicsof the microbiaimercuric reductase (MerA)an

enzyme involved in Hg detoxificatiorusing Bayesian relaxed molecular clocks&e found that

the evolutionary dynamics ofierAexhibited a dramatic increase in effective population size
starting fom 1783.8 = 3.9 CE, which coincides witbththe Industrial Revolution, and with
independent measurements of atmospheric Hg concentrations. We show that even low levels of
anthropogenienercuryaffected the evolutionary trajectory of microbes in the revrth

hemisphere, and that microbial DNA encoding for detoxification determinants stored in

environmental archives can be used to track histopiétanttoxicity.
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4.2 Introduction

Mercury (Hg) is a naturally occurring toxic metal that is globally distriéiecause of the

volatility of its reduced forngDriscoll et al., 2013)Under anoxic conditions, microbes can
transform inorganic Hg into methylmercury, which is bioaccumulated in organisms and
biomagnified throughout food webs. Hg is naturally remobilized from geological sources but
anthropogenic emissions have dramatically increased since the Industrial Revolution, which took
place around the end of the@&ntury(Selin, 2009) As a consequence of anthropogenic

activity, the concentration of Hg in the atmosphere is estimated to be almost three times higher
than in preindustrial times, and about eight times that of 2BAE, when Hg started being used

by human civilizationgAmos et al., 2013)These estimates are based on biogeochemical
models, backed by historical sourd@fiagu, 1994) acheological evidencé@Brooks, 2012)and
measures of total Hg in sediment cof@soke et al., 2009; ElbeRoulichet et al., 2011)

However, historical response of ecosystem components to Hg has mostly relied on preserved
museum specimerfyo et al., 2011) because dire¢tacking of Hg toxicity and bioavailabilityn

environmental archives, such as ice and sediment cores or permafrost, is currently impossible.

Even though human activities have contributed to increase the amount of Hg in the
environment, we do not know how historical Hg deposition has aff&etechicrobial players
which often control the amount of Hg available to food w@&zskay and Wagnebobler,
2005) This is a major knowledge gap that potentially hinders policy development, because
effective risk reduction stragées depend on a comprehensive understanding of the present and
past effects of toxic pollutants on ecosysté€hisu-Kim et al., 2018)One possibility to track
bioavailable Hg through time is to monitor how microbial systems responded to historical toxic

Hg levels. The bedtnown microbial Hg detoxification mechanism, tner-operon, encodes
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proteins that efficiently detect, transport and reduce organic and inorganic forms of Hg to its
volatile form, HJ, which then diffuses out of the céBarkay and WagneDobler, 2005;

Mathema et al., 2011blt is thought that theneroperon evolved billions of years ago, in marine
hydrothermal environments under strong geogenic Hg pressure, wbgsigmt constraints by
light, salinity and redox conditions shaping the evolution of the mercuric reductase MerA
(encoded by thenerAgene;Boyd and Barkay 2012MerAis (i) specific to Hg detoxification
(Barkay et al., 2003Yii) omnipresent in the environmef8arkay et al., 2010; Osborn et al.,

1997) and (iii) easily exchanged between coexisting microbial populations via horizontal gene
transfergBarkay et al., 2003)lherefore we can expect thraerAvariants be maintained in a
given environment based on the selective advantage these variants provide to the community,
rather than segregating based on their taxonomy (vertical inhejité&scsuchmerAis an ideal
candidate to provide molecular insighnto historical exposure to HBrevious results suggested
an association betweemerAphylogeny and Hg deposition in a remote redi@aulain et al.,

2015) but this work was limited in its spatial scope and by the lack of variation in historical Hg
deposition. To address these shortcomings, we tested if thdienahy response aherAcan be
used as a proxy for historical changes in the toxicity, and hence bioavailability, of Hg in

sedimentary archives collected over a much broader spatial scale.

Here, we show that regardless of site or deposition rate,dhkdfiective population
sizesof merAincreased at an unprecedented rate starting at the beginning of the Industrial
Revolution in the Northern HemispheMo such response was observed for our control
housekeeping genggoB,e nc odi ng f o if tha bactkeriabRNA polymenaset Oup
results imply that even small changes in Hg loadings can havédstigg impacts on the

evolutionary dynamics of microbes detoxifying this pollutant, and than#r@dgene is a
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sensitive maker, that can be used tokdaistorical Hg bioavailability over broad, continental

scales.

4.3 Results and discussion

4.3.1 Total mercury concentrations affectmerAdiversity but not its abundance

To understand how microbes responded to different levels of anthropogenic Hg deposition, we
collected sediment coréom eight lakes in Canada and Finland, as well as a river in Finland
(Figure 4.1). We first tested ithe abundance aherA(quantified wth droplet digital PCR)
correlated with total mercury concentration ([THg]), sediment depositior(uksitey radiometric
and other dating techniguesee Methods or sampling depth (from sediment surface) in these
sediment cored{gure C1). We assessetidse results against a singlgpy housekeeping gene,
glnA as our first control gene. We found that the copy numbereoAdid not change with
sediment depth, nor the estimated deposition date, or even with [Figgi€ C2a). However,

the number o§InA copies, our control gene, decreased with sediment depth (Figur€)52B
These results contrast with previous studies reporting an increseeATopy numbers over
long-term(up to 90 years) industriklg contamination of various soifBrossard et al., 2018y
with bioavailable Hg in snowpacKkarose et al. 2013;igure C3). However, such studies
focused on spatial variation, and did not address changes over time or geochemicdtgratien

each location.
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00
Figure 4.1: Locations of sampling sites in Finland (blown up in inset) and northern Canada. By

alphabetical order: AQT: Lake Aquatuk; HAR: River Kokeméenjoki; KEV: Lake Kevojarvi;
LAH: Lake Hazen; OJA: Lake Ojanjarvi; PAI: Lake Paivajarvi; POK: Pocket Lake; PUL: Lake

Pul mankij2rvi; VUO: Lake Vuolimug Cieskulj8vr
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Given the lack of variation in the abundancengfrAalong [THg] gradients, there could
instead be changes in its genetic diversity, suggesting adaptation to increasing Hg selective
pressure. To address this question, we compared the diversigrAsequences among samples
(betadiversity), both over vaigyg [THg] and temporal gradients in the sediment cores. In this
case, we used an additional control gene, the souapg housekeeping gengoB, encoding for
t he RNA polymerase b subunit, to provgnme mor e
amgicons proved too short (¥56 bp) for this subsequent step of the analysis. These beta
diversity analyses showed thabB variants were similar among sitd3%£ 0.09) and countries
(P = 0.88). On the other hanaherAvariants differed significantly amorsijtes P = 0.01), while
countries showed similar variational respon$es 0.30;Figure 4.2). This pattern suggests that
merAdiversity is affected by [THg] gradients, contrarypoB. To confirm this observation, we
fitted General Additive Models (GAM)f [THg] and dating on the ordinations mierAandrpoB
diversity. All these fits were significanP( 1 x 10%7), with mer0 s -Oiversity correlating
linearly with both [THg] and temporal (dating) gradients. The diversitpoB failed to show
any sgnificant response to any of these gradients, only exhibiting phylogenetic similarity at the
sediment surface$igure 4.2). These contrasted results suggest that the two geeesand
rpoB, have responded differently to increase Hg deposition over AsmmerAencodes for a
protein (MerA), whose sole known function is to detoxify Hg, it can be posited26 s
evolutionarytrajectorycould havebeen affected by historical changes in Hg depositbteast

in the Northern Hemisphere
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Figure 4.2: Betadiversity ofmerAandrpoB. Correlations of the NMDS ordination with [THQ]
(a, b) and datingq, d). Samples from the same site are caloded and grouped with ellipses.
Stress values for the NMD@&dinations are indicated in panalandb, and are identical far
andd, respectively. All fits of the general additive models for [THg] and dating (shown as

gradients) were significanP(< 0.01).
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4.3.2 Swift evolutionary response ofmerAfrom the onset of the Industrial

Revolution

To test this hypothesis, we reconstructed both the phylogeny and past demographics of microbes
carryingmerAgenes with Bayesian relaxed molecular clo@simmond et al. 2006First, the

trees constructed fanerAshowed a significant associatidd <€ 0.01) with the sediment horizon

(i.e., depth/date, as a categorical variable) in all lakes except for Vuolimus Cieskuljavri, which
may be de to its low [THg] (ma{THg] = 50.4 ngg™* dw; Figure 4.3). This clustering of

phylogenetic clades by dates suggests a rapid evolutionary turnover,mérérgene variants

are replaced from one horizon to the next. Interestingly, such a high turnovieoweser not

observed for our control gen@oB, where this association between sediment horizon and

phylogeny was significant in only three out of eight (38%) sites.

Even if the significance of this geispecific association of clades with dates cannot be
rejected (Binomial tesk = 0.73),rpoB is considered to be a reliable phylogenetic marker gene
in bacteria(Case et al., 2008nd such associations might reflect the structuring of the microbial
communties in sediments in response to physical and geochemical gra@Rentkanen et al.,
2018) Furthermore, we noted that community structure-tdetersity patterns (inferred with
rpoB) differed from thatomerAs. Thi s | ack of a clear signal
phylogenetic assessment, and to further et@lbawchanges in [THg] havaffected the

evolutionary dynamics of the two genes.
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Figure 4.3: Maximuma posterioritrees from the relaxed molecular clock analyses. Trees are

shown formerA(a) andrpoB (b) at each site. Sampling horizons were caoded as shown
next to each tree and are identical across trees for the topmost three hdheosgproximate
dates affixed to the sampling horizons were estimated exterfibty-axes are in unit of CE

years and resultant of the BEAST analysis calibrated with the external dating
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Our reconstructions agherAdemographics based on Bayesian skylines showed sigmoidal
increases in the scaled effective population sikigsdf this gene over time at most sites,
matching the trends in [THgHigure C4a). In contrast tanerA theNeof rpoB varied widely
(Figure C4b) and, critically, did not seem to coincide with any trends in [THg] at any of the
sites, which is consistent with the results of our GAM analySigsi(e 4.2). The magnitude of
the response aherAto increased Hg deposition was likely related to changes in bioavailable Hg
causing gositiveselective pressure anerA(as hypothesized Byoulain et al., 2015yather
than solely to changes in [THg]. Indeed, the total concentration of a meteglisa good
predictor of its toxicity, and this is true for HBarkay et al., 2003Rather, metal speciation,
i.e., the complexes that a metal forms witbrganic and organic ligands in a solution, affects
how metals interact with living cells, causing toxiqijughes and Poole, 199 Bnvironmental
archives only record [THg] but, as environmental conditions change over time, we can expect
that microbes present in the water column or in surface sediments be exposed to different levels
of Hg exhibiting vaying toxicity. Furthermore, Hg bioavailability might differ among sites due
to differences in local geochemistry affecting Hg speciatog, (dissolved organic matter];
ChiassorGould, Blais, and Poulain 2014; Mangal et24119) For instance, brief decreases in
medianmerANe at Ojanjarvi and Paivajarvi coincided with peaks in [THghereas no changes

in merANe were observed with a highprHg] peak in Pocket Laké~igure C4a).
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Figure 4.4. Partial dependence plots of predicted effective population size as a function of

calendar date fanerA(a) andrpoB (b). Results are shown from fitting ten randomized models

for each gene. The pseudd scores quantify arage prediction accuracy of the models, which
also included the sampling site as a variable. The black lines show the segmented linear model
fits and the blue lines indicate their breakpoints-{hkgh lines) surrounded by their 99% CI

(dotted lines). Ddsed orange lines show approximate atmospheric Hg concentration and were
redrawn using data b@lackett, Porter, and Lehnherr (2018dm their highresolution analysis

of treerings in siarctic Canada.
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Finally, to average over these s#gecific responses, we fitted random forest models to
the reconstructed demographics for each gene, over all the sampled sites. We fauedXhat
demographics initially exhibited a slow increaséNgffollowed by a sharp increase through time
(pseudeR? = 0.96;Figure 4.4a). Again, these trends were not observedoB (pseudeR? =
0.95;Figure 4.4b). To determine the dates at which these demographic dynamics changes

occurred, we fitted segmented regressions of the partial dependéwicesadate.

Thehighly variable andlecreasing\e of our control genapoB, changed around 1819.6
+ 5.6 CE (99%Cl; adjusted R= 0.93)towards less variation and a slightly increasing trénid.
possiblethat the changes in ti of rpoB were caused by structuring of the sediment
communities along geochemical gradients, as hypothesized earlier in cdiMeesity analysis.
These gadients, such as redox potential, are known to affect microbial community structure in
the sedimentéRuuskanen et al., 201,8)nd couldmpactthereconstructedNe of rpoB because
of its strong associatiowith the phylogeny of the organisr(tSase et al., 2007However the
temporal trends we observed might ddgoconnectetb the increasing atmosphep€0O; and its
delivery intofreshwaterecsystemgWeiss et al., 2018)ncreasedCO; concentrationn the
lakes and their watersheds affeeticrobes both directly and indirectfWeiss et al., 2018; Yu
and Chen, 2019andcould cause geographically widespread changes iNglod rpoB.
Furthermore, theariability of therpoB N: also appears to have decreased sincedty 19"
century Figure 4.4b), possibly mirroring the concurrent decreasgangraphical heterogeneity

of globalclimate conditiongNeukom et al., 2019)

Contrary to our control gene, the dynamic®Nefor merAchanged around 1783.8 + 3.9
CE (99% CI; adjusted &= 0.98), date after which the rate of increase rose by an order of

magnitude. The latest global increases in Hg deposition originated from the increased wood
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burning in North AmericgPérezRodriguez et al., 2018) the end of the 18century, and coal

combustion fueling the Industrial RevolutionEurope which began around 1768llan et al.,

2013; Stearns, 2018)his increase in anthropogenic Hg in the atmosphere was recently tracked

using highresolution treeging data in subarctic Cana@falackett et al., 2018)We overlaid the
smoothed data of atmospheric Hg concentrations from this study on our reconstructed
demographics aierA(Figure 4.4a). The temporal coherence mierANe, derived solely using

sediment DNA, and that @tmospheric Hglevels obtained from tree rings, is striking.

Our results show that across our sites, located up to 5,500 km apart in the Northern
Hemisphere, historical anthropogenic Hg emisslikety affected the evolutionary dynamics of
merAi allowing us totrack variations in Hg toxicity, and hence bioavailabilityough time.
Thelikely effectsof bioavailable Hg on the demographic historyradrAwere rapid and long
lasting, and highly sensitive as they were observed even at relatively lowdetagsleposition.
With implementation of the Minamata convention under{dyamata Convention on

Mercury), gaining insights into historical responses of biota to chaingdg deposition is

critical. Indeed, a recent study showed divergence between mercury levels in aquatic wildlife and

atmospheric values, especially in the last two dec@tlasg et al. 2019that might be caused

by climate change. The overriding and opposite effect that climate change may have on a

reduction of Hg emissions requires that governments and environmental agencies worldwide be

equipped with the means to accurately assess the efficiency of a reduction of Hg emissions on

ecosystem health. We posit that our finding can be applied to aogllgldistributed

contaminants for which microbes have evolved specific detoxification determinants.
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4.4 Material and methods

4.4.1 Sampling andsample processing

Intact sediment cores were obtained from eight lakes in Canada and Finland, and a river in
Finland, whch were selected based on previous data on their Hg deposition histbhy 4.1,
Figure 4.1). Low Hg contamination (max [THg] < 100 n¢f dw) sites included Lake Hazen
(LAH) in NU sampled in May 2015 in the Canadian High Ar¢kéck et al., 2012)and Lake
Kevojarvi (KEV), Lake Vuolimus Cieskuljavri (VUO), and Lake Pulmankijarvi (PUL) subarctic
sites sample in April 2016 in FinlandRekolain@ et al., 1986)To sample moderate Hg
contamination (max [THg] from 100 to 1,000 ng dw) through longrange transport we
obtained sedimergxtracted DNA from a previous study of Aquatuk Lake (AQT), ON, Canada
(Poulain et al., 2015kampled in August 2010; this site also allowed us to validatermimal
findings using different approaches for quantification and sequencing. To represent freshwater
sediments with a history of strong anthropogenic Hg contamination (max [THg] > 1,000 ng g
dw), we sampled Pocket Lake (POK), YT, Canada in July 20ider the direct influence of

toxic metal deposition from the Giant Mine Au roa§@Erienpont et al., 20)6Lake Ojanjarvi
(OJA) and Lake Paivajarvi (PAI) were sampled in May 2016 in Kokkola, Finland, as they are
affected by metal deposition from the Ykspihlaja industrial etori, 2009) River
Kokeméaenjoki (KOK) was sampled at the dam reservoir in May 2016 inudétgaFinland. The
site has a history of strong Hg pollution from a ckdtkali plant upstream and a nearby
Cu/Ni/Au/Ag smelte(Schultz et al., 1995Fizes of theiwatersheds (if not previously

available) were calculated based on digital elevation models and online tools based on ArcGis
(ESRI, Redlands, CA, USA)ntario Ministry of Natural Resources and Forestyovincial

Mapping Office 2013; Suomen metsékesk047) Sites in Finland were sampled with an HTH
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sediment corefRenberg and Hansson, 20@Bylonex AB, Unea, Sweden) except for

Kevojarvi, where a wedge type ice finger sampler (d)3illed with a dry ice/coolant mixture

was used to preserve the annual laminae in the sediment. At Lake Hazen and Pocket Lake, a
UWITEC gravity corer (Mondsee, Austria) was usktbst of the cores were sectioned am
intervals in the field within hours of sampling, and were subsampled from the middle of the
sections (avoiding the edges) with sterilized tools to minimize -@@samination and edge
deformations in the coresh& sections from Finnish cores were frozen on dry ice or in a

-80°C freezer immediately after sectioning. The Pocket Lake core was sectioned after sampling
with sterilized tools at 0.m intervals, which were frozen -&@0°C. The whole core from Lake
Hazen was frozen atl8°C in the field and sectioned later atrih intervals while frozen. Both

Lake Hazen and Lake Kevojarvi sections were then subsampled with sterilized tools from the
middle of the sections. No chemical preservatives were used for aniesaalpsample

containers were sterile, and bleastbrilized powdefree nitrile gloves were worn throughout
sample handling. After the initial freezing, the samples were shipped frozen, stord@ T <

and thawed only directly before DNA extraction.
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Table 4.1: Geomorphological characterization of the sampling sites.

Catchment
Sampling area to lake Mean / max. wate!
Peak [THg] Site Abbr.  coordinates Lake area Watershed are: area ratid® depth References
2,739 ng ¢ dw Kokemaenjok HAR  61.33207°N  NA (river) 26100 km NA (river)  NA (river) (Finnish
/ Harjavalta 22.12895°E Environment
Institute SYKE,
2018b)
1,906 ng ¢ dw Pocket Lake POK 62.50897°N  0.048 kn? 0.095 kn? 1.98 2m/6m (Gibson et al.,
114.37377°W 1998; Reid, 1997)
1,057 ng ¢ dw Ojanjarvi OJA 63.80657°N 12 km? (3970 kn? 331 1.6m/9m (Bone et al., 2016)
22.99994°E
415ng ¢tdw  Paivajarvi PAl  63.88923°N  0.13 knt (0.95 kn?t 7.31 Unk./1.8m (Finnish
23.2477°E Environment
Institute SYKE,
2018a)
110 ng ¢ dw  Aquatuk Lake AQT  54.3281°N 8.28 knt 2231 knt 27.9 Unk./12 m (Ruhland et al.,
84.5686°W 2014)
126 ng g dw  Pulmankijarvi PUL  69.97459°N  11.2 kn? 800 kn¥ 71.4 11m/34m (llmast and
28.00415°E Sterligova, 2002;
Mansikkaniemi anc
Syrila, 1965;
Petgja, 1964)
91 ng ¢'dw Kevojarvi KEV  69.75804°N  1.1knf 1470 kn? 1340 11.1m/35m (Kuusisto, 1981)
26.99785°E
63 ng ¢ dw Lake Hazen LAH 81.8245°N 540 knt 6860 kn? 12.7 95m /267 m (Emmerton et al.,
70.71604°W 2016; Kock et al.,
2012)
50 ng ¢' dw Vuolimus VUO 69.73197°N  0.39 knt 22,5 knt 57.7 Unk./1.9m (Pike, 2013)
Cieskuljavri 27.09612°E

(@ Watershed area combined with hydroladig connected Luodonjarvi (area 73 krmean depth 2.6 m, max depth 11m).

@ Estimated in this study.

@ Calculated based on lake and watershed area.

4.4.2 DNA extraction, chemistry and dating

Samples from the cores were homogenized, and DNA extraction was done in duplicate from

0.25¢g (wet weight) subsamples of each section. The subsamples were first washed with a buffer

(10mM EDTA, 50mM Tris-HCI, 50mM Na2HPO4-7H20 at pH 8.0) to remove PQRibitors

(Poulain et al., 2015; Zhou et al., 199Environmental DNA, consistingf nucleic acids from

alive, dormant and dead organisms in the sediment, was extracted with the MOBIO PowerSoil®

DNA Isolation Kit (Carlsbad, CA, USA) and the duplicate extracts were combined. Duplicate

negative control extractions were made from the viasfer to assess kit contamination and

combined after extraction.

103



For chemistry and dating, the core horizons were freeze dried and their water content was
measured. THg data for the AQT samples were obtained from a previougPbuthin et al.,
2015) and in other cores it was quantified based on thermal decdioppgbld amalgamation,
and atomic absorption with a MA3000 mercury analyzer (Nippon Instruments Corporation,
College Station, TX, USA) at the Laboratory for the Analysis of Natural and Synthetic
Environmental Toxins (LANSET, University of Ottawa, ON, @dn; see Sl archive for primary
measurements). Marine sediment certified reference materials faB8& MES$4 (National
Research Council of Canada), and Buffalo River Sediment{2I®% (National Institute of

Standards and Technology) were used as ctibioraontrols for [THg] measurements.

Annually laminatedi(e. varved) sediments deposit in Kevojarvi, which enabled dating
these sediments in high resolution by varve counting. The dating for the Kevojarvi core in the
current study (KEV) was calibrated to a parallel core (KEM@ated earlier by a highly
resolved*’Cs profile, where the peaks from the radioactive fallout from Chernobyl accident in
1986 and the 1960's nuclear testing were used to adjust the varve chronology (E. Haltia,
University of Turku, personal communication, February 2019).%¥#b and*’Csdating of the
other cores for the current study (VUO, PUL, PAI, OJA, KOK and HAR) was completed with an
Ortec High Purity Germanium Gamma Spectrom@ak Ridge, TN, USA) at the LANSET
facility at University of Ottawa. Certified Reference Materials at#difrom International
Atomic Energy Association (Vienna, Austria) were used for efficiency corrections, and results
were analyzed using ScienTissi ME (Barryds Bay
models were used for all primarily dated cores| erosscalibrated against the peaktCs (see
Sl archive). The peak was estimated to occur at 1986 in the Finnish cores (VUO, PUL, PAl,

OJA, KOK, HAR) as deposition from the Chernobyl disaf@nsana et al., 1991)
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Geochronology data from previous studies was used directly for the AQTRmrkain et al.,
2015) and the LAH and POK cores, where the profiles were adjusted for different sampling
times. The core from Lake Hazen was obtained from the same exact site with the same
equipment as a previoushi’Pb-dated corg¢Lehnherr et al., 2018)nd its sedimentatieadjusted
dating was used for the new core. For Pocket Lake&!fRb dating of a previously analyzed
core(Thienpont et al., 2016yas used, since we observed no differences in the THg profiles of
the coresR® = 0.58;Figure C7). For individual horizons in the cores with no dirééPb
measurements, dates were estimated eithantéspolating between measured horizons or
extrapolating the models by fitting a second order polynomial to the modeled dates>all R
0.97;Figure C8). Extrapolations were only performed down to 1750 CE, since sediment

chronology can be underestimatedolesupported*®Pb valuegCooke et al., 2010)

4.4.3 Gene quantification with droplet digital PCR (ddPCR)

Copy numbers afnerAandglnAwere quantified from all DNA samples € 126;Figure C1)

with the BioRad QX200 ddPCR system, and the primary data was processed with the
QuantaSoft suite (Bi®Rad, Hercules, CA, USA). Briefly, droplets were generated from PCR
reactions according to manufacturegt®s gui deli
conditions outlined iMable C1, using primers fomerAdeveloped byGill (2012)and forginA

by Hurt et al. (2001)Droplet digital PCR enables quantification of target sequences in samples,
similarly to quantitative / reime PCR, but with simplified workflow, arnidcreased accuracy

and precision compared to the other copy number quantification mé&iotieiro etal., 2012)

The accuracy of the assay was controlled with previously quantified plasmid templates
containing the target gene for batterAandglnA, and elution kit buffer extractions as negative

controls. The baselines for positive droplets in eaofpsawere adjusted based on the negative

105



and positive controls. The copy numbers (and 95% CI) for both genes were then normalized to

copies per ng DNA in each sample.

4.4.4 Amplicon sequencing

The samples were screened for presenceesAandrpoB with conventional PCR, using

primers formerAdeveloped byvang et al. (2011)and primers forpoB designed for the current
study.The primer sets for nested PCRnoérAwere chosen for the current study t@ele
comparisons to the results@bulain et al(2015) where different methods were used to analyze
the same extracted DNA samples from Lake Aqudbghails of the PCR methods are outlined

in Table C1. We sequenced the singtepy housekeeping gengoB as a control instead gfnA
because it enabled the design of a PCR amplicon similar in sizerfoand longer than with

gInA, which proved too short for diversity analyses). FurthermpoB is also a marker gene for
bacterial phylogenyCase et al., 2007)vhich is useful for discerning between the variation in
overdl microbial community structure and variation specific tonerAHg resistance gene.

The primers fomerAhad been designed to target Proteobacteria and Firm{gMeey et al.
2011)and to specifically conta the motif for the terminal cysteine residues inrerAgene.

The primers forpoB were designed for this study with a broad range of specificity in mind
(notable phyla not covered: Cyanobacteria, Gracilibacteria, Microgenomates and SR1). Despite
our kest efforts €.g, fresh reagents and enzymes, changing laboratory space, and equipment),
negative controls sometimes turned up positiverferA(Figure C9), but never forpoB. The
contamination of thenerAnegative controls was likeljue to presence ebntaminating DNA

in the reagent@Glassing et a) 2016; Salter et al., 2014hd the high combined number of

cycles (25 + 35) in the nested PCR approdttus, we sequenced 30 samplespoB, and 30
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samples and a kit negative control foerA(in total of 9 cores; seeigure C1) with lllumina

MiSeq (pairedend 250 bp) at GEnome Québec (Montreal, QC, Canada).

4.4.5 Sequencingdata processing

All processing was completed similarly for batierAandrpoB unless otherwise stated. The
reads were paired with pear v0.9(Fhang et al., 2014ayith > 100bp overlap and the
stringencyP-value set to 0.0001. The primers and barcodes were removed, sequences were
truncated to the first ambiguous base call or where the Phred quality score fell under 28 in a
window of 2 bp, and sequences shorter than 150 bpreereved with QIIME 1.9.1Caporaso

et al., 2010)Chimeric sequences were removed with vsearch viRa@gnes et al., 2016)

utilizing the uchime algorithnEdgar et al., 20113gainst databases of 6i#kerAor 286rpoB
sequences truncated to the amplified region (gene databases are incipleendix D). To

filter nonrtarget reads, the sequences were translated to amino acids with EMBOSRIi6e5.7

et al., 2000)searched against custom HMMs (includedppendix D) constructed from the
merAandrpoB databases with HMMER 3.1HEinn et al., B15), and sequences not matching
the profiles nerA E > 1.0 x 16?°; rpoB: E > 1.0 x 16°) were removed. The nucleotide
sequences were then dereplicated and clustered with Swarni\2ahé et al., 2015and

variant abundances were summarized with custom perl and R scripégp(sgadix D). The
seqiences were subset to cluster seeds, aligned with Migtdgar, 2004jhrough TranslatorX
(Abascal et al., 201@d find a common reading frame, and triexito the first aligned codon
position. ThemerAsequences that did not encode a Tyr605/Phe605 residue required for activity
(Barkay et al., 2003)ere removegdand sequences that bridged gaps in the alignments (except
for positions after 343 bp fopoB) with < 10% occupancy were removed in boterAandrpoB

alignments. The sequences were realigned with MAfK&Ioh and Standley, 2018)rough
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TranslatorX, trimmed with trimAl 1.2rev5@apellaGutiérrez et al., 2009)sing the

6gappyoutdé option, and sequences still contair

Out of 2,580 quality controllectherAvariants in the samples, 37 (1.4%) were also present
in the sequenced negative control (kit estiyaThese were first removéBigure C10), and the
remaining read coverage was assessed over estimated calenddfigatesJ11). Maximum
Likelihood trees were constructed from the sequences that passed all quality contral=steps (
2,551) with FastTree 2.1(®riceetal.,,2010) si ng t he GTR + i model of
(e.g, Aris-Brosou and Rodrigue 2012)ong branches, potentially indicating sequege&rrors
were then removed with Tree3tk 1.0.0(Mai and Mirarab, 2017)sing a false positive error
rate of FDR = 0.01, and the trees wereaeonstructed with FastTree under the same model as

before.

4.4.6 ddPCR data analyses

For all ddPCR analyses, the datasvimited to samples with estimated dating 750 CE, and
the HAR samples were removed because of the unreliable (mixed) core profile. Briefly,
correlation of gene copy numbersmérAandginAwith [THg], dating, and sediment depth
(distance from surface of the sediment) were assessed with lineareffizetd models using

61 mer 6 f(Ratesnet al., 2045The copy numbers were lpgransformed (after assessing
the normality of residuals), all variables were scaled and +oeatered, and sampling siteasv
used as a random effect (random intercept). Also, identified outlierfi(pae C1;
Pulmankijarvi, points around 1900 CE fyinA) were removed from the final model.
Significance of model variables was assessed from 95% confidence intervals aisfermad
variables, and the effect size of significant variables was estimated over their range from model

predictions. To compare our ddPCR data against previous studresAtopy numbers across
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[THg] (Frossard et al., 2018; Larose et al., 2098 averaged and lagtransformed (after
assessing the normality of residuals) the norradli@py numbers aherA and averaged [THg]
over the top 5 cm of sediment samples at each site, and investigated their correlation across the

sites with a | east square |inear regression (

4.4.7 Diversity analyses

Abundances ofmerAandrpoB variants vithin each samples were normalized with cumulative

sum scaling with metagenomeS@&agulson et al., 2013patterns in betdiversity (between

sample diversity) of the genes were analyzed with a Double Principle Coordinate Analysis using
phylogenetic distances of the variants followed by Iwetric Multidimensional Scaling

(NMDS) on the sample distance matwkh phyloseqMcMurdie and Holmes, 2013nfluence

of [THg] (logio-transformed ngt dw), date (CE), and sampling site on the patterns observed in

the ordinations were assessed with the functi

(Oksanen et al., 2016)

4.4.8 Bayesiandemographicreconstructions

To reconstruct the phylogeny and past population dynamics at the studied |lakes;,Ahad

rpoB variants were first subset per sampling site and variants present in more than one sample
persite were removed to eliminate cragsmtaminationBecause of computational limitations, i

there were more than 50 variants in a sample, they were reduced to the most phylogenetically
diverse variants by calculating patristic distances with(Bpeadis et al 2004) followed by

War ddés hi er ar(Munagitand Legehdre,201émdicuttigg the tree to 50 groups.

The timed phylogenies aherAandrpoB were reconstructed for each lake with BEAST v1.8.0
(Drummondet al., 2012y si ng t he GTR + {0 mo(eg Aris-Brosousaedg uenc e
Rodrigue 2012)under a skyline prior on the speciation process, and an uncorrelated lognormal
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prior on rategDrummond et al., 2006mean = 0.001, stdev = 1.0); an additional lognormal

prior was placed on tree heights (mean = 10, stdev = 1.0, offset = 500 years); chains were started
from UPGMA trees. Markov chain Monte Carlo samplers were run in duplicate fortwo t

billion generations (or until convergence), using a thinning of 20,000 to decorrelate samples;
converged duplicate runs were combined after removingibyseriods (conservatively,

between 5 to 35 % of each chain length, according to mixing ofaketh). The maximura
posterioritrees were summarized from the combined collections of trees for each site and gene
with TreeAnnotator v1.8.(Drummond et al., 2012Pue to computational limitations, the POK
combined trees had to b@nned to half the sampling frequency of other sites for calculating the
summary tree. The association between deposition date of the sample and phylogenies of the
gene variants in each lake was tested with B@Pesker et al., 2008)sing 16 replicates on a
subsample of Harees sampled from the poste distributions(Poulain et al., 2015P-values

were basedn the Association Inde¥Vang etal. 2001) The ancestral demographics estimated
with effective population sizé\g) were reconstructed through Bayesian Coalescent Skyline plots

(Drummond et al., 2009)sing 25 intervals and piecewisenstant spline regressions.

4.4.9 Random forestmodeling of Ne and breakpoint analysis

To model overall trends in the demography sifdésoth genes, random forests were grown to

5,000 trees with rangéWright and Ziegler, 2015)r'he median of the estimatdld was used as

the dependent variable witffPb/*'Cs dates (CE) and sampling sites as predicFigsi(e C5).

To asses stability of model predictions, the data was randomly split ten times while taking care

of class imbalance among sites. In the splits, 80% of the data was used for training of each model
and 20% for testing. Partial dependence of model predktn the predictors was analyzed in

each of the ten models with ed@rbnes and Linder, 2016)he effect of date wasportant for
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the accuracy of model predictions for both genes: a sensitivity analysis showed a decrease in the
pseudeR?, when date was omitted from the models, on average from 0.96 to Om#&ridand

from 0.95 to 0.80 forpoB. The alternative modelshere [THg] was added as a predictor had

similar performance and results to the main modsétpufe C6), but with a slightly delayed

onset of the increase merANe and earlier onset for the increasepoB N.. However, the

prediction accuracies of thee@lnative models, or their results, did not change with the addition

of [THQ]. Also, its values were imputed (by the overall mean) for missing datdsefore the

lowest extent of the [THg] measurements in each core. Thus, we chose the parsimonibus mode
without [THg]. Finally, segmented regression analyses were performed on botkrihand

rpoB partial dependence plots of the relationship between date and estiNnatitid segmented

(Muggeo, 2017)based on a single breakpoint andaaitsng value of 1800.

4.5 Data and software availability

All code and primary data in this study are availabteugh GitHub

(https://github.com/Begia/merAvolution). In addition, shell scripts andde written for this
study is availablén Appendix D. The raw sequence data been submitted in the NCBI SRA read

archive (ttps://www.ncbi.nlm.nih.gov/sra/PRINA539968lease pending) and theatjty

controlledmerAandrpoB variant sequences are available in GenBank (release pending).
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Chapter 5Research synthesis

In summary, my thesis expands our knowledge on the diversity and evolution of microbial
communities in the sediments of higtitude lakes (> 54°N) and how they are affected by past
and present anthropogenic didtances. Higithroughput sequencing of environmental DNA and
reconstructions of phylogenetic and functional gene diversity based on this improves on the
baseline knowledge of these communities arabée therackingof historical anthropogenic

mercury deosition and its bioavailability.

5.1 Summary of research contributions

In Chapter 21 focused on identifying the main drivers of community compaosition in Lake
Hazen and two small freshwater ponds in its watershed. This study was the first microbial
taxonomic marker gene analysis conducted on the sediments of large arctic lakes irstedld of
ponds. Indeed, Lake Hazen is the largest lake by water volume north of the Arctic Circle. While
machine learning has been increasingly applied within microbial ec(@get al., 2019)for
example to identify microbes which presence depended on the ice cover i(Beaket al.,
2016)and to predict soil productivity based on the microbiome compogifibang et al., 2017)
here,machine learning was directly employed to reach many of the conclusions. | applied both
unsupervised clustering and partial dependence of Random-Basest predictions on the most
important predictor variables. As a result, the ability of the modelsdorately predict
physicochemical gradients based on the varying abundance of taxonomic marker genes in the
samples waguiteremarkable (prediction accuracy by psedRfo> 0.7 for 4 out of 6 variables).
Thisresult show$iow the structure of the microbial communityrismately linkedwith the

physicochemical gradientand supports the use of microbial communities as quantitative
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biosensorgSmith et al., 2015and for environmental biomonitoriri@ordier et al., 2017, 2019)
where predictions could be constructed with machine learning. The analysigafdhemy

based functional predictions with machine learning also indicated that the phylogenetically
dissimilar communities in Lake Hazen might have similar functional potential. Similar results
have been observed, ifor examplemicrobial communities imceangLouca et al., 2016k@nd

in connection to bromeliadsouca et &, 2016a) Finally, the description of the microbial
community structure in Lake Hazen is an important addition to the baseline information of global
microbial diversity. This lake is also an important model system to follow and predict the effects
of climate change on vulnerable Arctic environmdhthnherr et al., 2018; St. Pierre et al.,

2019b) and the establishment of baseline data for the microbial communities enables further

tracking of these changes in the fur

In Chapter 31 expanded on the markgene based taxonomic assessment of the Lake
Hazen sediment communities by metagenomic sequencing and genome assembly, using new
samples from two of the sites studieddhapter 2. This studyprovides, to datehe broadest
shotgun metagenomic data set from arctic lake sediniantemparison to Wang et al., 2019)

As warmingrelated changes are ongoing in the Lake Hazen watefisbbdherr et al., 2018])t

is unclear if and how the communities can adapt to the increades éxampleinput of

nutrients, turbidity, and sedimentation rat®wever, it is highly likely that together with the
ecological state of the lake, the structure of the community will be significantly altered by these
changes. My results also expand our knowledge on the biology of the CPR groups, ad they ha
this far eaded detection in the Arctic but appear to be quite common at least in the Lake Hazen
sediments. These organisms appear to thrive in environments with highly limited energy

availability, such as subsurface environméBt®wn et al., 2015; Danczak et al., 2017)
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hypersaline soda lakégavourakis et al., 2018nd now also in oligotrophic arctic lake

sediments. Furthermore, the likely genomic adaptations to the cold and oligotrophic conditions in
theLake Hazen sediments are further supported by similar discoveries from Antarcti(kla&es

et al., 2018)with similarly low temperatures and poor energy and nuteeailability. The data
gathered irChapters 2and3 establishes an excellent baseline both for community structure and
functional potential in Lake Hazen sediments, enabling the tracking of changes in the microbial
communities of this welstudied modesystem(France, 1993; Kock et al., 2012; Lehnherr et al.,

2018; St. Pierre et al., 2019a, 201Bb)he future.

My final research chapteChapter 4) presents supporting evidento the recent
research hypotheséBoulain et al., 2018jat (i) sequences of microbial DNA can record the
effects of a selection pressure, (ii) the signal is preserved after the removal of such firessure
the anoxic part of the sedimenéind (iii) can then be used in reconstruction of the past trends in
it. My results from the effect of past mercury toxicity on microbial resistance replicated those of
the preliminary study on a single laioulain et al., 2015However, this was completed on an
expanded geographical scakecontinental levehnd methodology and in addition the results
indicated that the signal indeed sensitive to only the bioavailable fraction of mercury. The
bioavailability of mercury in the water and sediment phases is influenced by the inorganic and
organic ligands in solution, and is dependé&mt exampleon the type of dissolved organic
matter in different lake$ChiassorGould et al., 2014; Mangal et al., 201Burthermore, th
evolutionary trajectory of the microbes was swiftly impacted after the onset of the Industrial

Revolution and even in lakes with low tetakrcury concentrations.
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5.2 Ecological implications

The effects of anthropogenic change have a global reach, antedbspiole of microbial

communities asfor exampleproviders of important ecosystem services, such as recycling of

carbon anathernutrients, the responses of the communities to these effects have remained

largely unexploredPointing et al., 2016)My thesis helps tassess the effects of the two most

important anthropogenic changes impacting microbes in aquatic ecosydterate change and

pollution (Labbate et al., 2016My research also aids in addressing several open questions in

microbial ecology, suchad How resi |l i ent are microbial commu
groum t o ecosystem disturbance?6 and 6éHow do fu

i mpact the traject oAnwisetfal., 2007 r obi al evolution?

Firstly, the establishment of a baseline for the structure and functional potential of
microbial communities in arctic lake sediments enables trackingdeirges in the future.
Here, Lake Hazen could serve as an excellent model system to follow how the warming climate
changes the arctic ecosystems. Sediment and nutrient delivery into Lake Hazen has already
increased due to only a ~1°C rise in the summepéeatures, and the majority of the nutrients
are deposited directly into the sediments in the dense turbidity cuficehtsherr et al., 2018; St.
Pierre et al., 2019b)he ongoing and increasing delivery of organic cadomhnutrientsvill
likely lead to a higher rate of microbial respiration with oxygen and nitrate, which subsequently
lower the redox potential at least close to the glacial inputs of th¢Sakierre et al., 2019b)
The sediment communities are now known to be structured along the redox and pH gradients
(Figures 2.4 2.5, 2.6), and their genomes contain features which might be beneficial in the cold
and oligotrophic condition@~igure 3.3. With even higher rates of microbial respiration and

limited oxygen delivery into the sediments (often only the first cm at the top isFigioe 2.1),
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it is possible that some sediments might turn completely anoxic. This could increase the
prevalence of anoxic bacteria such as Chloroflexi, which genomes were shown to contain several
denitrification marker gene3 éble D6). Furthermore, the (mostly) aerobic Acidobacteria and
Actinobacteria appeared to be sensitive to changes in redox plotEigiiae A18), and their
abundances likely strongly decrease in more anoxic sediments. These bacteria pafticipate
example, in the breakdown of complex organic matter and production of bioactive secondary
metaboliteg{see Barka et al., 2015; Kielakadt, 2016) The resilience of these communities to

the anticipated environmental changes remains to be seen, but the research conducted in my

thesis can serve as an important reference point for future studies.

Secondly, my thesis elucidatbow micrddial communities in high latitude lakes have
reacted to longerm anthropogenic pollution. The signal discovered iratfeestramerA
sequences is likely sensitive only to bioavailable mercury, because the detoxification of mercury
through this pathway isnly catalyzed inside the bacterial céBoyd and Barkay, 2012)
Despite large differences in the tetakrcury concentrations in the lakes and the mercury
deposition trends over tim€&ifure C1), the signal was observedadt sites examined in the
study. Thus, even small increases in the bioavailable fraction of mercury could induce an
evolutionary response in the microbes. Specifically, the response was an increase in the
estimated\e of merA which mirroredHg deposition in the environme(iigure 4.4). In the
seminal study, selection wisund to act on the amino acid residues in the terminal region of the
merAgene whichmight confer advantages to the microbeadjusting to increased Hg stress
(Poulain et al., 2015)-urthermore, bcause of the global reach of gagse mercurfAmos et al.,
2013; Gworek et al., 2017t is likely that an increase in tid of merAcould be recovered

globally from the (chronologically preserved) sediment records of lakes in contact with the
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atmosphereGenetic signals connected with anthropogenic toxic metal deposition, such as
increased\e, could likely bedetectedn other microbal resistance genes in environmental
archivesFor example,te airborne deposition adxic metal(loid)gwith specific microbial
resistance mechanisntsds increased over 46ld since preindustrial tim@r lead and cadmium
(McConnell and Edwards, 200&ndup to 17fold for arsenic at industrial sité¥hienpont et

al., 2016)

5.3 Limitations and future directions

The results of this thesis are based mostly on environmental DNA extractethérgamples.

Thus,the functional and phylogeneiitferencesnade in these studiesly on comparisons with

online databasesvhich might contaifnaccuraciessuch as incorrect annotations or sequencing
errors( Bengt ss on P alFunhermerd, exaadcted, DNA i§ fdardly) from dead or

dormant micreorganisms present in the samples, and is known to obscure diversity estimates
(Carini et al., 2017)Another important consideration wheorking with environmental DNA is

the proper sampling design and use of techniques to control for contamination and degradation of
the molecules. Unfortunately, a large number of current Bd#ed microbial biodiversity

studies are lacking in these agséDickie et al., 2018)because the field is still quite young and

the methods ardilb underdeveloped.

In Chapters 2and3, the sampling design and handling could have been improved to
match latest recommendations for sequenbiaged microbial ecology studies, such as by
Dickie et al.(2018) For example, we could have benefited from analyzing several biological
replicates from each site, sampling Hane exact sites in subsequent years, and analyzing the
same sediment depths in all corlesChapter 2, several primer pairs were used for different

sample sets which impeded crassnparisons between sites and seasbms different sample
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sets were origally planned to be analyzed separately and were sequenced at different time
points (and thus with different primer sefBihe use of negative DNA extraction controls and

their sequencing could have reduced the effort expendéar imstanceassessinthe effect of

putative contaminating sequence<imapter 2 (Figures A4-A6). In Chapter 4, special care

was taken to reduce DNA contamination, but we were not able to get rid of contaminants in our
laboratory experiments i@hapter 4 despite our best efft (Figure C9). This contamination

likely originated from the DNA extraction or PCR reagdetg, Glassing et al., 2016and was
removed after sequencing by comparing the variants found in the samples to those found in a
negative controlKigure C10). In the future, care should be taken to assesgresence of
problematic contaminants in kits and reagents already prior to DNA extraction from the samples.
This is an important consideration, as suboptimal choices made in data analysis can be reverted
but obtaining new or more samples from the emrment is usually impossible, or at least

prohibitively expensive and time consuming.

Anthropogenic effects such as climate change and toxic metal pollution profoundly
impact the microbial communities providing crucial ecosystem services, and we are only
beginning to understand some of the consequences of these effects. This thesis allows the use of
Lake Hazen aswaell-establisheanodel system to track the warminglated changes in the
microbial communities in future studies. The sampling should be extended to other parts of the
lake to further gauge the spatial variability of the communities, while also tracking the changes
in previously sampled sites. It would be beneficial to use metagenomics and transcriptomics
instead of amplicon sequencing in these studies, as sequencing costs will likely continue to
decline in the future. While the use of proteomics and metabolomics inbmailcecology is still

challenging(Wang et al., 2016ajheir use in a systems biolegpproach would provide with
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valuable insights into the ecological function of the microbes and their interasfibritie

environmen{Aguiar-Pulido et al., 2016)

To understand how microbial communities might adapt in response to the changing
conditions, research should be conductecheretvolutionary trajectory of microbial metal
resistance under anthropogenic pressures. The geographic extent of the incredseah the
merAshould be examined to find out if the signal is limited to the Northern Hemisphere and if it
differs at sites wth high geogenic or ancient anthropogenic mercury deposition. As this signal
(increasingNe of merA) is likely sensitive only to bioavailable mercury, it could be further
developed as a biomarker to track the historically bioavailable mercury in envir@hmen
archives. Also, to understatite mechanistic details drow themerAgene has evolved under
the anthropogenic pressurasgent-like mercury reductase gen@®., the deepest sampled
variants)could be generatdd the laboratoryy sitedirectedmutagenesis. The expression of
these geneis heterologous hosts could be used to tesirtéeeury reduction activitgf the
enzymesn vitro. It shouldalsobe investigated if similar evolutionary signals could be found for
other microbial toxic metal resence genes, which could also serve as sensitive biomarkers for
their deposition. Genesich agbr for lead(Jaroslawiecka and PiotrowsiSeget, 2014 )czcfor
cadmium/zinc/cobolfJain and Bhatt, 20143adABfor cadmium(Abbas et al., 2018andars-
operon gene®r arsenigBen Fekih et al., 2018; Zhu et al., 20W®uld be prime candidates for

additional studis
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Appendix A: Supporting information for Chagi 2
A.1l Sequencing details

For spring 2014/2015 samples, the-V3 region of the bacterial 16S rRNA gene was sequenced

in two separate run<<CUACGCGBGGN GGCWGCICAB ngr an84865R

( 5GAC TAC HVG GGT ATC TAA TCG3 Herlemanret al., 2011) The use of these primers

is recommended for environmental studiébndworth et al., 2013)Summer 2015 samples

were sequenced fortheM&regi on of the archaeal 1-68G wi t h
CASCAGKCGMGAAW3 6) and A-GGATTAGMUS GGG AT CTAAT3 6 ;

Takai and Horikoshi, 2000y he same samples were also sequenced for thé3\ggion of the
bacterial 16S wi-AGRGTTIGAECMSTGE CTEMB3dovVe(gih ét al.,
1998)and 519 RmMATHBITAECNG GE5 CKG CT& GAndreotti et al., 2011)The

primers for each sequencing were used in a 28 cycle PCR with barcodes on the forward primer,
using the HotStarTaq Plus Master Mii (Qiagen, Germantown, MD, USA). Temperature

cycling in PCR consisted of: 94°C, 3 min; 28 cycles of {94°C, 30 s; 53°C, 40 s; 72°C, 1 min},
with a final elongation at 72°C for 5 min. The PCR products were then checked in a 2% agarose
gel and pooled in e@liproportions based on the molecular weights and DNA concentrations of
the products, followed by purification with calibrated Ampure XP beads (Beckman Coulter, CA,

USA). All sequencing was performed on the lllumina MiSeq platform producing peme@@00

bp reads according to the manufacturero6s guid

TX, USA).
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A.2 Assessing contamination from DNA extraction kits

Briefly, putative contaminating genera from MOBIO PowerSoi[@&lassing et al., 201&)nd

four other extraction kitéSalter et al., 2014)ot used in this study weidentified from the
assigned taxonomy of the OTUs in all our d&tgre A4). The complete data analysis script
was then run with either 100% of the putative MOBIO PowerSoil contaminants or 10%, 20%,
50% and 100% of abundances of all the putative contaminants removed from the OTU tables.
None of our primary conclusions (from aysib of alphaand betadiversity,t-SNE clustering,

and differential analyses of taxa and functionally predicted groups along physicochemical
gradients) were affected by removal of 100% of the putative MOBIO PowerSoil kit
contaminantsKigures A5, A6). Futhermore, no effects were observed when 10% of
abundances of all the putative contaminant genera were removed, but at 20% reduced
abundance, the clustering patterns and physicochemical gradient analyses were visibly affected
(data not shown). Betdiversty analyses were more robust to reducing the abundances up to
20%, but at 50% reduced abundance water depth did not significantly correlate with the
phylogenetic differences in the spring 2014/2015 data set. Results of oudalpisity analyses
were notaffected by even 100% removal of all the putative contaminant genera (data not

shown).
A.3 Overview of the microbial community structure

Lake Hazen stiments in spring 2014/2015 were dominated by Proteobacteria B8§0te
2.1). The largest Proteobacterial classes in Lake Hazen were Alphaproteobacteria (12%) and
Betaproteobacteria (11%). Other major phykrevBacteroidetes (10%), Acidobacteria (8%),

Chloroflexi (7%), and Actinobacteria (7%). The most abundant archaeal phyla in Lake Hazen
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sedi ments was Woesear hhaedt 2% f o mme uldy ngDHBVEE G
and Thaumarchaeota (0.02%). ken Lake sediments were also dominated by Proteobacteria

(32%), but the classes differed from those in Lake Hazen: Deltaproteobacteria (9%),
Gammaproteobacteria (9%) and Alphaproteobacteria (8%). Other major phyla in Skeleton Lake
sediments were Chloratki (12%), Actinobacteria (11%), Bacteroidetes (8%), Planctomycetes

(6%), and Cyanobacteria (6%). The most abundant archaeal phyla in Skeleton Lake sediments

were Woesearchaeota (1%, including bacteria), followed by Euryarchaeota (0.9%).

In the summer 2018ediment samples from Skeleton Lake, the archaeal community
primarily consisted of Woesearchaeota (67%), Euryarchaeota (17%) and the Miscellaneous
Euryarchaeotic Group (MEG; 16%igure 2.2). The Pondl archaeeommunity mostly
consisted of Euryarchaeota (47%), Woesearchaeota (32%), MEG (12%), and Thaumarchaeota
(6%). The most abundant bacterial phyla in the 2015 summer Skeleton Lake sediments were
Chloroflexi (20%), Bacteroidetes (20%), Proteobacteria (16%xdar of abundance: Beta
Alpha, Delta, and Gammg, Cyanobacteria (9%), Gracilibacteria (8%), and SR1
(Absconditabacteria; 5%:igure 2.2). The most abundant bacterial phyla in Pond1 sediments
were Chlorolexi (24%), Proteobacteria (18%, in order of abundance: AJfibelta, Beta and

Gamma), Bacteroidetes (15%), Cyanobacteria (15%), and Firmicutes (6%).

The most common functionally mapped groups in Lake Hazen in spring 2014/2015 were
aerobic chemohetetwphs (while ranking second in Skeleton Lake), and cyanobacteria (as they
are grouped together at phylum level in FAPROTAX) in Skeleton Lake in spring 2014/2015
(Figure AB). Besides cyanobacteria, sulfate reducers were the second most common functionally
mapped group in Skeleton Lake sediments, while almost absent from sediments in Lake Hazen.

Finally, aerobic ammonia and nitrite oxidizers, as well as intracellular parastte more
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prevalent in Lake Hazen than in Skeleton Lake sediments. Overall, functionally mapped groups
associated with aerobic metabolism seemed to be more prevalent in Lake Hazen than in Skeleton

Lake sediments.

Skeleton Lake and Pond1 had somewhatlamfiinctional predictions, as methanogenesis
dominated in both sedimentsSigure A9). About 2/3 of the archaeal functional mapping groups
were methanogenic; mercury methylators, and nitrogen fixing archaea were present at both sites.
In the bacterial datlrom 2015, cyanobacteria, and aerobic chemoheterotrophs were the most

abundant functional predictions.

A.4 Taxonomic and functionally predicted group abundances along physicochemical

gradients

The best random forest models had pseRtlvalues betweerD.15(i.e., worse than fitting a
straight line) and 0.97 with 1 to 16 predictors for continuous physicochemical variables
(Figures A151 A32). For the models of categorical variables, the OOB error rates varied from
0% to 7.14% with 1 to 11 predictoBigures A331 A37). Most of the taxonomic models had

the best prediction accuracy on the order level (8 out of 20 models), which was the lowest
taxonomic rank included. The predictions of taxonomic data were generally better than
functionally mapped data for the sap@aiable. The average improvement in MSPE from
functionally mapped to taxonomic data was 66% for spring 2014/2015, 434% for summer 2015
archaeal data (improvement in the @bdel from 0.27 to 0.01 MSPE was highly influential)
and 54% for summer 2015 bagtt data. The improvement was probably caused by the lower
coverage of the functional mapping of the OTUs in the data since random forests usually

perform better with more data. The high improvement in the archaeal data set was mostly
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caused by the diffence between the two [Tiodels. Highest pseue? values from the

models were obtainedforf8] (0. 961 0. 97, only spring 2014/ 21
only spring 2014/2015),[N§@ (0. 871 0. 90, only summer 2015),
depth (0.4010.86) and redox potenti al (0.74710
[O2] in summer 2015 (pseueR’O 0) , coul d be | inked to changes
functional mapping group abundances along their gradients. Variabiltlg prédictors

explained by our regression random forest models was high for both taxonomic and functional
mapping groups. The few most important groups in the models were selected among up to 280
taxonomic or up to 48 functional mapping groups. They a@poesented groups that we

expected to have the strongest response to the variable in question.

Trends of observed relationships between phylogenetic and functional mapping groups to

the most relevant physicochemical variablesfKredox potential, pHyater depth, and

[NO3™]) are described below, with further detail than in the main manuscript.
A.4.1 Continuous variables (regression rf)

Higher [HS] was linked to lower abundance of 16 bacterial clagsgsyithin Acidobacteria

and Bacteroidetes in the apgi2014/2015 data sdfiure A15a). These taxa are primarily

aerobic heterotrophs (for exampik&impfer, 2015; Rapp et al., 2016; Ward et al., 2008
functional mapping showed a lower abundance of aerobic ammonia oxidizers,
chemoheterotrophs and nitrite oxidizers, together withgtoed or exoparasitic microbes in the
spring 2014/2015 data sétigure A15b). In the spring 2014/2015 functionally mapped data,
higher [HS] correlated with increasing abundances of cyanobacteria, methanogens, and sulfate

respirers figure A15b).
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In the pring 2014/2015 phylogenetic data, the abundance of 4 orders within the phylum
Acidobacteria, the order Gemmatimonadales, and the orders Methylophilales anTRA3
within Betaproteobacteria increased with increasing redox potefigriré A18a). However,
the abundance of order Anaerolineales decreased with increasing Fegloe A183). In the
spring 2014/2015 functionally mapped data, methanol oxidizers and sulfur respirers had positive
trends with higher redoxX(gure A18b). The only group decreasedabundance with increasing

redox potential was the strictly anaerobic order Anaerolineales from the phylum Chloroflexi.

In the spring 2014/2015 phylogenetic data, increasing pH was linked with increasing
abundance of the order Ignavibacteriales, and turea/unknown orders within phyla
Omnitrophica and Verrucomicrobi&igure A16a). Orders Frankiales, Coriobacteriales,
Bacteriodales, Rhodobacterales, and Desulfuromonadales decreased in abundance with
increasing pH in the spring 2014/2015 data Bejure A164a). In the summer 2015 archaeal
communities, the abundance of an uncultured class in phylum Woesearchaeota {BHVEG
increased with increasing piHigure A21a). An uncultured class within the Miscellaneous
Euryarchaeotic Group (MEG) decreasedlindance with increasing pHigure A214). In the
bacterial communities, the abundances of phyla Cyanobacteria and Proteobacteria increased with
increasing pHKigure A273d). 17 phyla decreased in abundance with increasing pH, for example,
ActinobacteriaBacteroidetes, Chlorobi, Chloroflexi, Firmicutes, Gracilibacteria,
Microgenomates, and AbsconditabacteRey(re A273). Iron respirers, photoheterotrophs, and
sulfate respirers decreased in abundance with increasingigitg A16b). In summer 2015
archaal data, abundances of mercury methylators were positively related &ique(A21Db).

Also, several methanogenic groups had a negative relationship witfigniig A21b). In

summer 2015 bacterial data, increasing pH was linked with increasing abunoiaaessbic
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ammonia oxidizers, anoxygenic phototrophs and chemoheterotrophs, cyanobacteria, and
ureolytic microbesKigure A27b). However, sulfur oxidizers, fermenters, iron respiring and

sulfate respiring microbes decreased in abundance with increasifitguire A27b).

Our results correspond to previous results on the role of pH as a factor controlling lake
sediment microbial community structure and diveréfipng et al., 2012)However, in the
current study the abundance of an Alphaproteobacterial order declined towards higher pH
(Figure A16a), contrary to previous observatiof¥§ong et al., 2012)Our results are also
somewhat contrary to positive relationships of Actinobacteria and Bacteroidetes with pH in
arctic soil(Chu et al., 2010)However, the discrepancies might be explained by the different pH

ranges and taxonomic levels examined in these studies.

In the spring 2014/2015 data two classes, Subgroup 2 within phylum Acidobacteria, and
Flavobacteria, had higher abundance at deeper Bitgag¢ A203). From functional mapping
groups, fermenters and intedlular parasites, also had positive relationship with water depth,
while iron respirers displayed ashaped trend (either low or high abundance at deeper sites;

Figure A20b).

Higher [NGsT] in the summer 2015 archaeal data was affiliated nithteased abundance of
5 uncultured or unidentified orders within the Soil Crenarchaeotic Group, and decreased
abundance of orders Methanomicrobiales, Methanosarcinales, and Thermoplaskigtaies (
A263). In the summer 2015 archaeal data the abundahessumcultured Bacteroidetes order,

and the orders Chlorobiales, Fibrobacterales, Burkholderiales, and Desufovibrionales were lower

at higher [NQ"] (Figure A323). In the summer 2015 archaeal functionally mapped data, aerobic

ammonia oxidizers and methayems (disproportionation of methyl groups) had higher
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abundances at higher [NQ(Figure A26b). In the summer 2015 bacterial functionally mapped

data, fermenters and photoheterotrophs had lower abundances at higfig(fi¢Qre A32b).
A.4.2 Categorical variables (classification rf)

The most important taxa for classifying samples between the four sites in the spring 2014/2015
data were classes Subgroup 2 within phylum Acidobacteria, and Flavoba€iguie (A333).

The most important functional mappiggoups for classifying samples by sites in the spring
2014/2015 data were aerobic chemoheterotrophs, cyanobacteria, dark oxidizers of sulfur
compounds (including sulfide and thiosulfate oxidation), fermenters, intracellular parasites,
nitrate denitrifiersphotoheterotrophs, exoparasites, and ureolytic micrédbgarge A33b). In

summer 2015 data, the archaeal phyla Bathyarchaeota, Thaumarchaeota, and Woesearchaeota
(DHVEG-6; Figure A3648), together with the bacterial phylum Gracilibacteria were most
importart for classifying the sited~{gure A373). In summer 2015 data sets, the functionally
predicted methanogens (by disproportionation of methyl grdtigare A36b), anoxygenic
photoautotrophs, fermenters, and methanotrophs were most important in differgntiat

between the two siteFigure A37b).

In the spring 2014/2015 data, the abundance changes in a single group of microbes,
methanogenic Euryarchaeota, could be used to divide the samples accurately (OOB Error =
0%) by origin to LakéHazen and Skeleton Lake; the group was absent in Lake Hazen and

present in Skeleton Lak&igure A34).

158



A.5 Sediment samples

Lake Hazen

Greenland

e t : v — P

Figure Al: Map of the sampling sites and location of the sampling area. Enclosed depth map:

(Kock et al., 2012jnap data: Google Earth / Terrametrics (2017).
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Figure A2: Photograps of the sampling arég.Sampling at the Deep Holdeion Lake Hazen
in spring 2015, looking NW(b) View over Skeleton Lake (leftmost) in summer 20E»Pondl

on July 1%, 2010, looking SW towards Lake Hazen (on the left), showing the development of
vegetation(d) Pond1 on July 18 2010, showing a change in water level after formation of the

hydrological connection to Lake Hazen.
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Figure A3: Photos of sediment cores frda) Lake Hazen Deep Hole in spring 2014),
Skeleton Lake (deeper site) in spring 20 Pond1 in summer 2015, afd) Skeleton Lake

(shallower site) in summer 2015

161



Table Al: Physicochemical datfor spring 2014/2015 samples. Values with higher resolution

than sampling for DNA extraction were averaged over the range in question.

. Water depth  Sediment depth  H2S Redox O,
Lake Site Year (m) (cm) (UM) pH (mV) (mgL?)
Lake Hazen Snoé"’a%c’ose 2014 44 0.25 037 7.78 181.02  9.49
0.5 066 7.82 14786  6.78
0.75 1.01 7.85 139.69  5.04
1 1.17 7.87 13367  3.69
2015 50 1 0 757 44472 034
2 0.33 7.65 423.43 0
3 0 7.61 408.65 0
4 023 7.57 379.81 0
5 079 7.54 351.84 0
Deep Hole 2014 258 0.25 0 840 11285  4.19
0.5 0 839 12502  1.81
0.75 0 837 11462  0.20
1 0 837 100.41 0
2015 261 1 0 7.04 44435  0.71
2 0 7.02 429.24 0
3 0 7.0l 416.65 0
4 0 7.01 397.13 0
5 0 7.02 383.14 0
Johnds 2015 141 1 0 868 36922 11.77
2 0 892 39732 835
3 0 901 40765  6.80
4 0 895 41188  5.70
5 0 890 413.02  4.67
Skeleton 2015 4 1 11931 7.35 189.38 0
Lake
2 169.83 7.30 204.96 0
3 169.83 7.27 91.41 0
4 169.83 7.19 135.81 0
5 169.83 7.15 127.47 0
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Table A2: Physicochemical data for summer 2015 samples. Values with higher resolution than

sampling for DNAextraction were averaged over the range in question.

Site Water deptt  Sediment depth pH 02-1 NO3:1 CI'_1 8042_'l
(m) (cm) (mgL™) (mgl?)  (mgL™) (mgL™)

Skeleton Lake 0.3 0.5 7.15 0 4.48 3.51 91.38
1 7.11 0 4.48 3.51 91.38

15 7.08 0 4.66 3.22 84.34

2 7.04 0 4.66 3.22 84.34

2.5 6.99 0 4.65 3.07 86.11

3 6.96 0 4.65 3.07 86.11

3.5 6.92 0 4.02 3.19 87.55

4 6.86 0 4.02 3.19 87.55

4.5 6.82 0 4.19 2.72 121.51

5 6.79 0 4.19 2.72 121.51

5.5 6.77 0 4.34 3.12 104.62

6 6.76 0 4.34 3.12 104.62

Pond1l 1.5 0.5 8.04 0.27 5.49 4.38 70.03
1 7.4 0 5.49 4.38 70.03

15 7.2 0 5.26 2.07 87.14

2 7.005 0 5.26 2.07 87.14

25 6.925 0 5.48 2.67 91.83

3 6.855 0 5.48 2.67 91.83

3.5 6.81 0 5.27 2.59 71.69

4 6.79 0 5.27 2.59 71.69
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A.6 Data analysis quality control

Putative contaminating genus (Glassing et al., 2016) Putative contaminating genus (Glassing et al., 2016, Salter et al., 2014)

2014 Snowgoose Bay 0.25 cm
2014 Snowgoose Bay 0.5 cm
2014 Snowgoose Bay 0.75 cm
2014 Snowgoose Bay 1 cm

2014 Snowgoose Bay 0.25 cm
2014 Snowgoose Bay 0.5 cm
2014 Snowgoose Bay 0.75 cm
2014 Snowgoose Bay 1 cm
2015 Snowgoose Bay 1 cm
2015 Snowgoose Bay 2 cm
2015 Snowgoose Bay 3 cm
2015 Snowgoose Bay 4 cm
2015 Snowgoose Bay 5 cm

2015 Snowgoose Bay 1 cm
2015 Snowgoose Bay 2 cm
2015 Snowgoose Bay 3 cm
2015 Snowgoose Bay 4 cm

2015 Snowgoose Bay 5 cm 2014 Deep Hole 0.25 cm

2014 Deep Hole 0.5 cm
2014 Deep Hole 0.75 cm
2014 Deep Hole 1 cm

2014 Deep Hole 0.25 cm
2014 Deep Hole 0.5 cm

2014 Deep Hole 0.75 cm
2014 Deep Hole 1 cm 2015 Deep Hole 1 cm
2015 Deep Hole 2 cm
2015 Deep Hole 3 cm
2015 Deep Hole 4 cm
2015 Deep Hole 5 cm

2015 Deep Hole 1 cm
2015 Deep Hole 2 cm
2015 Deep Hole 3 cm
2015 Deep Hole 4 cm
2015 Deep Hole 5 cm

2015 Johns Island 1 cm
2015 Johns Island 2 cm
2015 Johns Island 3 cm
2015 Johns Island 4 cm
2015 Johns Island 5 cm

2015 Johns Island 1 cm
2015 Johns Island 2 cm
2015 Johns Island 3 cm

2015 Johns Island 4 cm 2015 Skeleton Lake 1 cm

2015 Skeleton Lake 2 cm

2015 Johns Island 5 cm 2015 Skeleton Lake 3 cm
2015 Skeleton Lake 4 cm
2015 Skeleton Lake 1 cm 2015 Skeleton Lake 5 cm
2015 Skeleton Lake 2 cm 0 2 4 6 8
2015 Skeleton Lake 3 cm Abundance (% of total)
2015 Skeleton Lake 4 cm 1 Propionibacterium [ Massilia =Janlh\nobader|um =Padnmmmb1um.undubaﬂeﬂum
i Rhizobium Acinetobact
2015 Skeleton Lake 5 cm oo po s [ staphyiococeus [l Comamonas = Apia =Sphlr\guhlum ipum:mn:ms
 Abundance (% of total) l =§';ZZZ:$Z‘:' =Th“:5dh:rrﬂ:'\as =Bn;sa IAcmvnml =p=m\m=mr
.Pmpimimeﬂum.smnwnmas W Massilia [} Pseudnc\awbncrer..lamnin_ohamemm Genus =Rubellmmwm Wana =Cau\w=aar .Hemmum =m::::‘:m
= = " it = o . M Afipia M Bragyrhizobium Il Cloacluamnum [ Devosia I Leptothrix [ Pedobacter
Genus i coynebocteriom W Bacils Ml Artvobacier -Pssnmssilus ='3a°"'“s By = oo
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Figure A4: Per sample abundance of putative contaminant genera in spring 2014/2015 samples
and summer 2015 samples identified on the left panel in the MOBIO PowerSoil kit (Glassing et
al., 2016) and on the right panel in other kits and reagents (Salter et al.,Qo4hacterial

data is shown for summer 2015 since no putative contaminant archaea have been identified.
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Phylogenetic data
Phylogenetic data ) Functional predictions
(only functionally mapped OTUs)
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Figure A5: Effects of removing putative contaminant genera on-8BME clustering patterns in
spring 2014/2015 data. thodified data compared to analyses where 100% of genera identified
in the MOBIO PowerSoil kit (Glassing et al., 2016) and 10% of both MOBIO and other kit

contaminants (Salter et al., 2014) were removed.
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Figure A6: Effects of emoving putative contaminant genera on the NMDS ordination patterns

in spring 2014/2015 and summer 2015 bacterial data. Unmodified data compared to analyses
where 100% of genera identified in the MOBIO PowerSoil kit (Glassing et al., 2016) and 10% of
bothMOBIO and other kit contaminants (Salter et al., 2014) were removed. Only bacterial data

is shown for summer 2015 since no putative contaminant archaea have been identified.
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