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Abstract

Cyanobacteria, a group of photosynthetic bacterra@atien water quality and drinking
water resources globaltiirough the production of potent toxins and the formation of dense
surface bloomsThese bloom events are increasing in intensigguencyand duration due
to warming climates and anthropogelaicd useandrequiremonitoring programs for water
quality managementiowever,cyanobacteri@ary both spatially and temporally and if
sampling efforts do not reflect this variatiggotentially toxic organisms may be undetected
or underestimatedhis thesis explores the spatiotemporal trends of cyanobdcteria
communities in a series of interconnected, oligotrophic lakasiorthern temperate
watershedTurkey Lakes WatersheNorth Part, ONusing nextgeneration sequencing
(NGS).

Nextgeneration sguencing of marker genes allows for rapid characterization of
environmental communitiemnd has become increasingly accessdilewing for
interdisciplinary application®©ptimalapproachesin data handling and analysis are debated
due to key challengemising due to the data structufamplicon sequencingamples will
varyin library size® the total number of readsbut this variation is not biologically
meaningfuland library sizes must be normalizechccount for these differenc&arefying,
the process of subsampling to a normalized size, is frequently used to account for this
variation but has bedmnghly criticized due to the omission of valid data address the
concerns of data omission, repeated iterations of rarefyamgevaluated as a normalization
techniquan diversity analyses (Chapter. Bepeatedly rarefying walemonstrated to
characterize variation introduced through subsampbngpplications irdiversity analyses.
This techniquevas implemented in the subsequanalysis of cyanobactefi@ommunities in

this thesis.

Cyanobacterial communities are dynamic exhibiting heterogeneity in their spatial and
temporal distribution in lakes. This spatiotemporal variation is driven by environmental

conditions and physicaharacteristics (e.g., cell size, cell density) of tardcan
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subsequently create challenges in monitoring. The spatiotemporal variation of cyanobacterial
communitiesvas characterizesh both a diurnal scale (Chapter 3) and seasonal scale
(Chapter 4) though amplicon sequencing of the V4 region of the 16S rRNA geltiteough

the lakes in this study did not have visibleombiomass, cyanobacterial sequences
comprised up to 56% of the bacterial commuiaityl were frequently dominated by
sequences clas&f as picocyanobacterial genera, which range frori @.pumin

diameter. This dominance exemplifié® inability to rely on visual detection as a monitoring
techniqueln bothstudies trends in the spatiotemporal variation varied betwbernake sés
due to differencesin morphometry, thermal stratification and surrounding landscape
processes demonstrating the impact of system specific characteristics on cyanobacterial
dynamicsIn combination with warming climates in temperate zones, cyanobacgevelh
habits may change and appear as significantponent®f the bacterial community as early
as May in oligotrophic lakes contrasting the previous perception of peak occurrence in the
late summerequiring monitoring protocols to fevaluate appropate sampling time frames

in temperate systems

Theresearch conducted in this thesis identifies key areakefloping ecologically
relevant sampling guidelines foyanobacterial monitoring in lakes. Monitoring protocols
are frequently developed from characteristics of common bloom forming taxa resulting in
reliance on visual observation of biomass atsihgace of the watexndfocusingsampling
effortsto the sutmer months when blooms typically occur. This research demortsthage
flaws inthese assumptiomsidprovides a discussion @appropriate recommendations.
Specifically, cyanobacterial community dynamiesre demonstrated to lrepacted by
system specificharacteristics and sampling protocols must be tailored to reflect the (i)
physicochemical characteristics of the system, and (ii) ecological community strd¢tere
research presented herdemonstrates the need ferevaluation of current guidelinesie to
shifts in cyanobacterial growth habitsresponse to warming climates)d the reported
dominance of picocyanobactenidnich may impose toxicity risks despite the absence of

visible biomass
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Chapter 1
| ntroducti on

1.1 Background
1.1.1 Cyanobacteria: An Overview

Lakes naturally have characteristics that can broadly be classified into chemical (e.qg.,
pH, dissolved oxygen levels and nutrient conteamd physical characteristics (e.g.,
temperatureSecchi depth [a measure of water clariBykata et al., 1983 mean depth,
volume and sudce arepJarvinen et al., 2002; Quinlan et al., 200B) combnation,
physicochemical characteristics set constraints on present aquatic biota by influencing
environmental conditions and resource availabfl@davison, 1991; Quinlan et al., 2003; Rhee
and Gotham, 198hich subsequently drisdoodweb structure and ecosystem dynamics
(Zadereev, 2017)These characteristics are influenced by external factors such as surrounding
landscape (e.g., mineralogy, elevation, soil composition; Mountain etal., 2015) and hydrologic
connectivity(Lapierre et al., 2015; Sa et al., 2007; Webster et al., 200AQgiditionally,
latitudinal placement within geographical regions further impact the environmental conditions
(Cunha et al., 2016; Gillooly andddson, 2000; Smol et al., 200W)th higher latitudes
expected to exhibitmore severe changes as aresult of climate ¢Barget al., 2005)These
factors impact environmental conditions driving tpaysicahemical profiles of lakes
observed seasonalfunha et al., 2016; Smol et al., 20@%)d will subsequently drive the
ecological trends observed in aquatic biological communities, including phytoplankton.

Within aquatic ecosstems, phytoplankton constitute a critical component contributing

to approximately 50% of global primary producti@uschina and Harwood, 2008hese



organisms alssynthesze essentiatompoundsincluding longchain polyunsaturated fatty

acids which contribute to necessary physiological requirements of many other organisms
(Gladyshev et al., 2013; Masclaux et al., 20B)ytoplankton constitute a diverse group of
organisms with the shared feature of being located in suspension within the water column and
having aphototrophic metabolm (Reynolds, 2006)This assemblage of organisms includes
representatives from the bacterial and eukaryotic kingdoms (Reynolds, 2006) that constitute a
range of sizes(Callieri and Stockner, 2002)Size classifications initially incluedl
macroplankton (202000um), microplankton (2200 um), nanoplankton (20 um), but

were revised in 1978 to include: picoplankton (2.2m) and femtoplankton (0.0Q.2um;

Callieri and Stockner, 2002; Sieburth et al., 19V8hile phytoplankton are critical to aquatic
ecosystem structure and function, the work within this thesis will focus on the bacterial
component of the phyglankton, the Cyanobacteria.

Cyanobacteria, a group of photosynthetic bacteria, have a long evolutionary history
resulting n t he oxygenation of the Earthdéds atmospt
(Demoulin et al., 2019)ith reported microfossils and stromatolites in Australia dating back
approximately 3.5 billion yeargDemoulin et al., 2019; Van Kranendonk et al., 2003)
However, the exact occurrence of these organisms during the Archean period is frequently
debated due to difficey in microfossil identification, and the potential for other microbial
processes to result in the formation of stromatolites which are frequently associated with
cyanobacteria (Demoulin et al., 2019). These organisms occupy a broad rangeta$ habi
globdly ranging from terrestrial to aquatic ecosystems, and tropical to polar redfaes,

2014; Paerland Huisman, 2009yanobacteria have a variety of adaptations that enahie th

to respond to environmental stress including the formation of tolerant resting cells, the



presence of photoprotective cellular pigments, nitrogen firgimthways and the regulation
of buoyancy in response to light and nutrient gradi@atssman et al., 2018; Paerl, 201kh)
additon, this group is known to form blooms, a term which refers to the visual accumulation
of biomass resulting in discoloration of wat@riisman et al., 2018These blomsposea
variety of negative impacts to aquatic ecosystems and water quality including toxin production
(Paerl and Huisman, 2009ductions in light penetration througbgregation at theurface
of waters(Anderson, 2009)alteration of food web dynamics, and development of anoxic
conditions upon bloom decdlluisman et al., 2018paking the research on cyanobacterial
dynamics critical for water quality management.

Due to the range of negative impacts these organisms impose to water quality, research
frequently focuses on the characterization of environmental conditions thadf@rgrowth
and bloom formation. However, the environmental conditions influencing cyanoblacteria
blooms and toxin production are still not well understood and there is mixed consensus on the
causes of such bloomigkely driven by the taxonomic diversityr@sent within this group
(Bertani et al., 2017; @&fith and Loik, 2010) For example, nutrient composition and quantity
are keyfactorsfor cyanobacterial growtHeisler et al., 2008; Paterson et al., 2017)
Specifically, growth is frequently dependent on phosphorus availa@lityindler, 1977)a
nutrient which is often limiting in freshwater syste(itao et al., 2012and in temperate
regions(Meerhoff et al., 2012Despite theeommon hypothesis that reductiongimsphorus
will limit cyanobacterial growth and bloom formation, lakes that egreephosphorus
limitation still experience bloom ever{Baerletal., 2016; Paterson etal., 204ift) increased
frequency of reports oligotrophic temperate lakas Ontario (Winter et al., 2011)The

increased reporting of cyanobacterial blooms being reported in oligotrophidtakegario



(Winter et al., 2011) requires further investigation and characterization of cyanolacteria
community dynamics in low nutrigrtemperatsystems.

Lakes are exposed to many temporal changes (daily, seasonally and annually) in
environmental conditions which collectively influences growth, physiology and distribution of
speciegAndersen et al., 2013; Davison, 1991; Moisan et al., 200se conditions include
nutrient availability, lake morphometry, light availability, water column stability and wate
temperature(Dokulil, 2003) Community composition changes rapidly in response to
environmental vaation and canbe observed throtighseasonal succession of phytoplankton
populationgAndersen et al., 2013; Andersen, 1992; Jaworska and Zdanowski, 20d.2)
heterogeneity in spatial distributig@yr, 2017; Pick and Agbeti, 199T)lemperatte is a key
driving factor in community structure due to physiological optima resulting in seasonal
population succession in phytoplankton communigigstterwick et al., 2005)However,
characteristic seasonal community dynamics may be at risk due to climate change resulting in
elevated water temperatures and an earlier onset of summer stiatifipadmoting the
occurrence of cyanobacterial populatigdaworska and Zdanowski, 201@)e to elevated
growth rates at higher temperatu(®sng et al., 2017)However, in addition to temperature,
nutrient availability drives community compositighndersson et al., 2015)ith small sized
picocyanobacteria thrivinig low nutrient environments due to rapid nutrient uptgkallieri
and Stockner, 2002; Collos et al.,, 2009hese shiftan composition in response to
environmental conditions demonstrates the potential for spatiotemporal variability in
population abundances and community composition manifested in response to spatial,

seasonalpr diurnal gradients of resource availabilitycluding nutrients and light. This



dynamic fluctuation in response to environmental gradients requires characterization to
identify the potential implications for detection in monitorprgtocols.

Cyanobacteria threaten drinking water souyaality and the provision of safe drinking
waterthrough the production of compounds associatedwithleasant taste and odpotent
toxins(Burkholder etal., 2010). Additionally, these organisms diagupt treatment processes
by increasing coagulantinand, increasing sludge production and clogging filters and thus
reducing filter run timegBurkholder et al., 2010 ertain cyanobacterial species are toxic and
produce cyanotoxinge.g., microcystins, nodularins and anatoxirGarmichael, 1994;
Vasconcelos, 201) while the reason for the production is not understood, it may include
grazing deterren{$Schatz etal., 20019 cellular communicationand colony formatidfarke
etal., 2016) Water sources containing these toxins put humans at risk from exposure through
participation in recreational water activities or consumption of contaminated (@atdram
et al., 2008vith the first acute cyanotoxin poisoning reported in scientific literature in 1878
and the anecdotal reports of toxic populations reported throughout h{€borus and
Bartram, 1999) Critically, toxic and nortoxic species cannot be visuallifferentiated
(Gallina et al., 2017hut can be distinguishegknetically due to the presence of synthetase
geneswhich may be detected using molecular meth@lwistensen et al., 20214lthough
toxicity within this group is frequently highlighted in common bloom forming texa.(
Aphanizomenon, Dolichospermum, Microcydtisisman et al., 2018)oxin production has
been previously reported in picocyanobacterial taxa with microcystin incl&ingchocysiis
Synechococcyéphanocapsa cumulpandCyanobium rubesceris$ | i wWil@&svkska et
al., 2018)ndicating the potential for water quality concerns in systems dominatéuelsg

organismsuch as oligotrophic lakes.



In addition to cyanotoxis, cyanobacteria produce other compounds associated with
water quality including lipopolysaccharidéStewart et al., 2006)r compounds associated
with taste and odor problems in drinking water sources (e.g., geosmieft®lisoborneol;
Watson, 2003)While lipopolysaccharides have demonstrated pathogenic effects in other
gramnegative bacteria, the lipopolyszharides of cyanobacterial taxa are weakly toxic
comparatively with differences arising due to the taxonomic distance and differences between
the groups (Stewart et al., 2006). Contrary to the toxic compounds, compounds associated with
taste and odor pradéms in drinking water are not harmful (Watson, 2003). However, these
compoundften result in consumer complain@raham et al., 2008; Ministry for the
Environment and Ministry of Health., 2008hdpotential association daste and odor in
drinking water with toxicity(McGuire, 1995) The management of these compounds is
difficult without advanced treatment processes (Chapman, 20403h are not commonly
used at most water treatment plamaisg the occurrence of these events is not well understood

creating further challenges in control (Watson, 2010).

1.1.2 Monitoring Protocols

The potential impact of cyanobacterial populations on water quality and drinking water
resourcess increasinglynecessitatingheestablisiment of monitoring programs (Graham et
al., 2008). However, consistent guidelines for monitoring are not readiliable (Graham et
al., 2008)Thesaquidelines are frequently producedto aid in the development of cyanobacteria
monitoring protocols by providing general summary on these organig@saham et al.,
2008) but may provide inaccurate or misleading infdiomeon the ecology and physiology of
cyanobacterigColorado Lake and Reservoir Managent, 2015)For examplemonitoring

guidancemay falsely state that all cyanobacteria are toxic, blooms only occur in warmer



months andhatcyanobacteria are the only algae capable of forming blooms (Colorado Lake
and Reservoir Management, 2018jJisconceptions regarding when, where and why
cyanobacteria are found and how they can be characterized can lead to incorrect ecosystem
characterization subsequently generating a false sense of security regarding algae proliferation
and associated risks to dking water treatment and public health protection.

The utility of monitoring protocolgs contingent uporsample collection. Water
samples may be collected using a variety of equipment including plankton nets, water
collection bottles and pumps (Ehrlich, 2010) and should not be prefiltergutetoent
systematic lossg€allieri et al., 2012)Using these techniques, sampling mdy o surface
samples, discrete depth samples or depth integsstetbles (Graham et al., 2008). While
surface samplingis typically used to sample surface scums (Grahametal., 2008), this approach
ignores spatial heterogeneitgver the depth of thevater column and will easily cause
underestimation or missed detection of potentially toxic cyanobacterial popul#itosus
on samplingonly the water surface is regularly perpetudtedtathe common misconception
of cyanobacterial abundances being mainat the surfacearising from applying
characteristics of bloom forming taysuch asvlicrocystis to this diversegroup of organisms
as a homogeneous ent{reeman et al., 2020ntegrated depth sampling provides an overall
characterization of communities by accounting for the vertical variability in spatial distribution
butdoes noprovide spatial resolution as discrete depth sampling can (Ehrlich, 2010; Graham
et al., 2008). Discrete depth sampling is typically employed only when the distribution of
populations has been established or when a structure of interest such as wat@datss at
a specified depth but can easily become logistically intensive (Graham et al., R@6gite

the intensive nature of discrete depth sampling, the level of spatial resolution that this technique



can provide is critical for being able to betfedict periods of higher risk and treatment
challenges. The identification of spatial distribution in systems of interest is critical for
developing baseline knowledge which can be accomplished through the characterization of
cyanobacteria at depths thughout the water column using discrete depth sampling.

Routine sampling ofecreational water bodies and drinking water suppégslarly
includesdaily and weekly sampling focused on peak usage and when cyanobacterial events
have previously occurred (&nam et al., 2008). Frequent sampling is required due to the
highly dynamic nature of phytoplankton communities (Ehrlich, 2010). To gain optimal detailed
information representing this dynamic variability, daily sample collection with multiple time
points d multiple depths would be utilized (Ehrlich, 2010) to account for diiaker et al.,
2005)and spatia{Hunter et al., 2008)ariability. However, realistically, logistically intensive
sampling programs are not always possible resulting in sampling being conducted weekly,
biweekly, monthly, quarterly, or in a mixed program which fessampling efforts to high
risk periods (Ehrlich, 2010). Without previous knowledge on cyanobactepalaton in the
system of study, development of sampling protocols may not reflect the diurnal and spatial
variability in this dynamic group of organispmesulting in vast underestimation or completed
missed detection of populations.

Characteristicallyn temperatecosystems, cyanobacterial growth is associated with
the midto-late summer and early fall resulting in sampling efforts focused to these periods
(Chorus et al., 2000; Graham ai., 2008) However, some systems have reported
cyanobacterial blooms under the ice during the wiiéejnerowski et al., 2018 Despite
these winter cyanobacterial blooms, monitoringis typically reduced or absentduring the winter

months (Ehrlich, 2010) arising due to noseptions of winter ecosystems entering a state of



dormancy and due to the challenges associated with winter sam(#lei®ldi et al., 2016;
Hampton et al., 2015; Powers and Hampton, 20I®)e absence of knowledge on
cyanobacterial dynamics during periods of ice cover and known bloom events requires
inclusion of icecover months in monitoring programs to exploretegs dynamics and
advance understanding on winter cyanobacterial community processes.

Following sample collection, water samples may be used for microscopic identification
and cell enumeration (Colorado Lakes and Reservoir Management, 2015) or photmsynthe
pigment concentrations can be used to estimate algal biomass using spdotr@piio
(Ehrlich, 2010). Although microscopy allows for rapid identification of taxonomic
composition of phytoplankton communities, this technique relies on trained persorwhis!
further limited due to the inability to visually differentiate between toxic and-togic
organisms (Westrick et al., 2010). The implementation of modern molecular methods,
including PCR and DNA sequencing, allows for rapid and sensitive detedtarganisms of
interestin environmental samples (Burkholder etal., 2010 )woitentialutility in applications
for water quality monitoring. Nexgeneratiorsequencing has revolutionized the ability to
study DNA collected from environmental sampl@artram et al., 2011; Hugerth and
Andersson, 2017; Shokralla et al., 2012yhile shotgun sequencing allows for the
characterization of the entire community, including both taxonomic composition and
functional gene profiles, itis not widely accessible duthe high sequencing cost and high
computational power required for analy§@ooney et al., 2016; Langille et al., 2018)
contrast, the retavely low cost of amplicon sequencing has increased accessibility and
popularity of this technique (Clooney et al., 2016; Langille et al., 2013) in interdisciplinary

fields including microbial ecology, food safety, wastewater remediation, forensics and



medicine(McLaren etal., 2019)Specifically, within the water industry, amplicon sequencing
has been used to characterize and predictayacterial bloomglromas etal., 201 7¢valuate
groundwater vulnerability to pathogen intrusi@@hik et al., 2020and monitor treatment
performance in diverse settinféierheilig et al., 2015%howing the potential utility of this
technique in applied setts.

Amplicon sequencing provides the opportunity to rapidly distinguish between diverse
species composition with no phenotypic differendésQuillan and Robidart, 201,73s is the
casefor the cryptic picocyanobacterigCallieri et al., 2012) Community structure and
composition is highly dynamic and the use of genetic approaches in community analysis can
contribute to the knowledge on how community composition changes in response to
environmental conditiongAnantharaman et al., 201&hd the ecological function associated
with biodiversity(Bohmann et a).2014) For amplicon sequencing, the polymerase chain
reaction (PCR) can be used to amplify chosen segments of a géGaomees et al., 2010)
using primers designed to target the genetic sequence for specific species and lineages or for
universal taxa identificatin (Bohmann et al., 2014; Sherwood and Presting, 20Ba1)
example, ribosoms arepresent in all living organismexcluding viruses(Tsukuda et al.,
2017)and the small subunitrRNA genes are highly conserved, rarely experience horizontal
gene transfer and contain both conserved and hypervariable genes providing phylogenetic and
evolutionary information on organisni/eisburg et al., 1999nd taxonomic classification
(Quast et al., 203). Specifically, the 16S rRNA genetise standardised for cyanobacteria
and bacterial identificatioGenuério et al., 2016; Yang et al., 2016} well-developed

databases available (Hugerth and Anderson, 2017).
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Although amplicon sequencing provides the opportunity to characterize microbial
communities without previous challenges of lab cultivation and microscopic identification
(Girones etal., 2010; Yang et al., 20,1&nplicon sequencing data is statistically complicated
(Weiss et al., 2017Amplicon sequencing datasets will have a total number of sequencing
reads, known as the library size, which represents a fixed size random sample of amplified
DNA fragments and does not provide absolute abueelahsequence variants (Gloor et al.,
2016; Gloor et al., 2017). Library sizes between different samples in a single sequencing run
canvary widely and is notrepresentative of biological variation (McMurdie and Holmes, 2014)
disallowing for raw sequenceads to be compared directly and requiring library size
normalization prior to analysis (Gloor et al., 2016). While 16S rRNA sequencing has been
accepted as a gold standard in taxonomic marker gene analysis, the complimentary data
handling and statisticalnalysis of amplicon data has significantly lagged. Researchers are
presented with the challenge of navigating often confoundingliterature in determining the most
appropriate analysis option. As amplicon sequencing continues to traverse interdisciplinary
boundaries, itis critical to realize that obtaining sequence data is only the first step towards
microbial community characterization and that data handling may impact downstream analyses

and data interpretation

1.2 Study Site: The Turkey Lakes Watershed

The research conducted in this thesis was conducted at the Turkey Lakes Watershed
(Figure 1.1)The Turkey Lakes Watershed (TLW) study began in 1980 with the initial purpose
of exploring the impact of atmospheric deposition of acidifying substances on@gueti
terrestrial habitats with collaborations between Environment Canada, Natural Resources

Canada, Fisheries and Oceans Canada and several univéisitfeies et al., 1988; Jeffries
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and Foster, 2001YThe watershed is located approximately 50 km north of Sault Ste Marie,
Ontario on the northern margin of the Great Laétawrence Forest region and is 10.5km

in area (Jeffries et al., 1988; Jeffries and Foster 2001). Four interconnected oligdakgsh

are located within the watershed: Batchwana Lake, Wishart Lake, Little Turkey Lake and Big
Turkey Lake (Jeffries et al., 1988).

This chain of lakes exhibits a gradient in environmental conditions within a single
watershed and has provided predaesearch opportunities for various research including
studies exploring the relationship between primary production and chemical composition and
production of fish in a cascading lake system (Jeffries et al., 1988). The site is relatively
undisturbed apafrom logging activity that occurred in the 1950s (Jeffries et al., 1988) and a
controlledforestharvesting experimentconducted in 1§Rindsay etal., 2004 Additionally,
the watershed is largely unoccupied and is not subjected to the impacts of human land use
(Jeffries et al., 1988). The relief ranges widely within the watershed with the lowest point at
340 m to the highest point atop Batchwana Mountaingueag 630 m and an average relief
of 290 m (Jeffries et al., 1988). The watershed is underlain by Precambrian silicate greenstone
and is located on the Canadian Shield with varying amounts of glacial till (Jeffries et al., 1988;
Jeffries and Foster, 200IJhe watershed is occupied by an uneven aged mature to overmature
forest with old growth hardwood system dominated by sugar maple and yellow birch (Jeffries
and Foster 2001).

The headwaters of Batchwana Lake are divided into a distinct northern andraouth
basin. The four lakes have different characteristics with varying drainage areas g08.0
Ha), lake surface area (5.88%2 ha), maximum depth (41537 m), mean depth (2.1912.2

m), volume (1.90 63.4 n? * 10°) and water renewal time (0.151.3 yr) as summarized in
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Table 11 (Jeffries et al., 1988). The outflow of Batchwana Lake is Norberg Creek which
experiences arapid change in elevation from 497 m to 388 m prior to entering Wishart Lake
(Jeffries et al., 1988). Water flows from Wishart itile Turkey and finally enters Big Turkey
Lakewhere the outfloventersBatchwana River and subsequently into Lake Supg&feffries

et al., 1988)The high precipitation causes high flushing and short water renewal times of the
lakes with the shortestater renewal time observed in Wishart and the longest in Big Turkey
(Jeffries et al., 1988).ypically, the lakes experience two periods of thermal stratification with
directwater column stratification occurring from ity to Octobe(Figure A1) and irverse
stratification occurring during periods of ice cover from December to April (Jeffries et al.,
1988). In addition to this, Wishart Lake is frequently waiked through the icéree period

due to the shallow depth profile (Jeffries et al., 1988). $hisly specifically explores the
cyanobacterial communities in Big Turkey, Little Turkey and Wishart Lake to contrast the
impacts of water column stability, maximum depth, drainage area and hydrologic position on

community composition.
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Figure 1.1: The Turkey Lakes Watershed location and lakesites. The watershed is located
approximately 50 km north of Sault Ste Marie, Ontario as indicated by the marker on the map. The
watershed consists ofidterconnected basins visualized here using topographic maps generated
through the Ontario Ministry of Natural Resources & Forestry.
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Table 1.1 Summary of characteristics of the lakes of Turkey Lakes Watshed adapted from
Jeffries et al. (1988).

Lake Drainage Lake Maximum Mean Lake Water

Basin Surface Depth Depth  Volume (m*  Renewal
Area Area (m) (m) *10°) Time
(ha) (ha) (yn)

Upper 24.0 5.88 11.3 3.87 2.27 1.3

Batchwana

Lower 85.6 5.82 10.9 3.27 1.90 0.30

Batchwana

Wishart 337 19.2 4.5 2.19 4.21 0.15

Little Turkey 491 19.2 13.0 6.04 11.6 0.25

Big Turkey 803 52.0 37.0 12.2 63.4 0.94

Mediantotal phosphorugoncentrations have previously ranged from 0td ®.19
pmol/L and total nitrogen from 29 to 38mol/L makingphosphorusghe limiting nutrient in
this system (Jeffries et al., 1988). The Iplosphorusf these lakes classifies them as
oligotrophic, typical of lakes located on the Canadian Shield (Jeffries et 8B).1Previous
phytoplankton community characterization performed in 1980 revealed that cyanobacteria
were the dominant algal species in all lakes (Jeffries et al., 1988). Specifitatigmopedia
punctatawas the major taxa in Batchwana Lake contribusialgly to the peak observed in
the summer (Jeffries et al., 1988). Similarly, in Wishart Lakepunctatawas also abundant
but an increase iMicrocystis flosaquaewas also observed in August (Jeffries etal., 1988).

Big Turkey and Little Turkey Lake h®wed similar composition in phytoplankton
15



communitiesChroococcusdisperais always composed a large portion of phytoplankton
communitiesHowever seasonal variation in cyanobacterial communities were obsetived

high abundances oAphanothecé July, Microcystisin August andCoelosphaeriunin
September (Jeffries et al., 1988). In all lakes, few organisms were present in the colder months
with <1000 cells/mL detectethut these communities commonly included representatives of
chryosphytesdiatoms, green algae, dinoflagellates and cyanobacteria (Jeffries etal., 1988).
The previous reported dominance of cyanobacteriain this series of interconnected lakes
provides the opportunity to further explore the spatiotemporal dynamics of cyan@bacte
populations in oligotrophic systems. The characterization of phytoplankton conducted in 1980
likely relied on microscopic identification and may have utilized collection with plankton nets
both resulting in the potential for underestimation andentification of picocyanobacterial
species which may dominate in oligotrophic lakeshas theseThe use oNGS presenta

rapid and sensitive technique to characterize the genetic diversity present within the-modern
day cyanobacterial communities of th&es ofthe TLW.

As a result of climate warminghanges in the hydrological cycle and vernal and
autumnal windows have been observethatTLW. The end of snowpack was recorded to
range from April 2 to May 3 with the start of snowpack ranging frortoer 31 to December
11(Creed et al., 2015Yhe initiation of spring greening was observed from April 27 to May
17 with the end of season senescence in autumn ranging from September 25 to October 28
(Creed et al., 2015). The vernal window ranged from 8 to 37 days in length and the autumnal
window from 3 to 62 days (Creed et al., 2015). The growing season length has been observed
to increase with climate warminlgsting later into the yeabut width of he vernal and

autumnal windows was not observed in the study (Creed et al., 2015). Significant increases in
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annual air temperature have been observed at a rate of 0.6°C per decadesbeédheelated

to changes observed in the hydrological cycle inclgdieclines in precipitation at a rate of

82.2 mm per decade and total annual discharge decreasing at a rate of 109.6 mm per decade
(Creed et al., 2015). Climate warming has been observed across all months but changes in the
precipitation were specificallgbserved in the autumn with decreased precipitation occurring

in August and September and increased precipitation in October (Creed et al., 2015). The
impacts of climate warming in temperature changes and influences on the hydrological cycle
within the waershed that have previously been reported will allow for a discussion on the

subsequent impacts of climate change on cyanobacterial community structure.

1.3 Research Obijectives

The increasing occurrence, intensity and duration of cyanobacterial biglofesly
warrants further investigation into the dynamic variability present in this group of organisms.
While cyanobacterial growth dynamics have largely been associated with warm temperature,
high light availability, and high nutrient eutrophic systems, itrigical to further develop our
understanding on the dynamics of these populations in nutrient limited, oligotrophic systems
due to the increasing frequency of cyanobacterial blooms in oligotrophic lakes in Ontario
(Winter et al., 2011)Building upon the previous research conducted attiVg, these lakes
provide a unique opportunity to explore cyanobacterial community ositign in a series of
interconnected lakes which have previously shown cyanobacteria dominance despite the
oligotrophic status. The overarching goal of this thesis is to characterize the spatiotemporal
trends in cyanobacterial communitigs northern tenperate lakes of the TLW

Characterizatiof spatiotemporal variability in cyanobacterial commuisitieill advance
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knowledgeonsystem specific responses which can be utilized in forwarding the developments
of guidelines for monitoring.

This research was developed in a hierarchical approach to initially evaluate data handling
techniques and to finally build up to lotgrm season&rends observed within interconnected
lakes within the same watershed. Three independent but complimentary manuscripts which are
currently in submission or in preparation for submission top@@ewed journals served to
address the following researcheasgtions herein this thesis:

RQ1: What is the impact of rarefying ashraamplicon sequencindrary normalization
technigue in diversity analyses?

First, rarefying as a library normalization tool was evaluated. While previous literature has
criticized theuse of rarefying due to the omission of valid data (McMurdie and Holmes, 2013),
other techniques are associated with the challenge of artificially augmenting data with
pseudocounts to correct for the high frequency of zero counts (Gloor et al., 2016ughlth
rarefying has received criticism as a normalization technique, the full utility of the technique
through use of repeated iterations and the impact of library size selection has not been
previously explored. Prior to delving into the characterizatibcyanobacterial communities
within the lakes of th&@LW, Chapter 2 evaluates the application of repeatedly rarefying as a
library normalization technique to explore RQ1. The normalization techniques developed in
this work were also prepared as an R packaqirlyn, to increase accessibility within the
scientific community. Following the analytical review conducted on rarefying as a
normalization technique, the remainder of this thesis serves to characterize the spatiotemporal

variation in cyanobacterial camunity composition within the lakes of thiéW.
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RQ2: How does the distribution of planktonic cyanobacteria fluctuate within a stratified and
non-stratified lake inthe TLW and consequently, how will sampling time impact detection in
monitoring protocts?

The diurnal migrations of cyanobacteria have previously been characterized in
limnological studies. However, studies characterizing diurnal variation usinggeagtation
sequencing technigubave beetimited in scope (e.g., inclusion of only one sampglday
per period;Shahraki et al., 20209r number. In Chapter 3, the diurnal variation of
cyanobacterial communities in lakes with varying water column stability was evaluated using
amplicon sequencing. Due to the direct implications that diurnal migrations may impose to
monitoring protocols, @mmon monitoring recommendations were evaluated to identify
limitations of current guidelines due to cyanobacterial ecoldgyough characterizatioof
diurnal variation and critical review on available monitoring guidelines, RQ2 was able to be
explored wlly, identifying the potential impacts of sampling time in detection and protocol
design.

RQ3: Do seasonal variation and spatial distribution vary between lakes within the same
watershed as a result of abiotic characteristics of the system (e.g., degitgge area, water
renewal time)?

In addition to the diurnal variation present in cyanobacterial communities, these
populations also undergo seasonal fluctuations driven by changing environmental conditions
associated with meteorological conditiorfBanesi et al., 2016)Furthermore, the
physicoctemical characteristics of lakes are largely impacted by their interaction with the
terrestrial landscape (Mountain et al., 2015) and the hydrologic connedtiaperre et al.,

2015; Sass et al., 2007; Webster et al., 2008bwever, enironmental conditions and
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hydrological cycling are changing in response to climate change (Creed et al.,, 2015). In
Chapter 4, a spatial and seasonal profile of the cyanobacterial communities in the downstream
lakes ofthe TLWwerecharacterized. This study uniquely included sampling duringaver

to further advance understanding on the winter dynamics of cyanobacteria. The l&ékes of
TLW provided the unique opportunity to examine three lakes with varying physicochemical
charateristics including depth, drainage area and water renewal time to identify the impacts
of lake morphometry on cyanobacterial community structure.

The research conducted in these chapters serves to advance the knowledge on
cyanobacterial dynamicsin oligophic lakes and contributes to the research program at the
TLW. However, in addition to the ecologiaakightsthat this research provides, there are
direct applications for using these findings for further development of monitoring guidelines
and the pplications ofNGSfor cyanobacterial community characterization. A summary of
this work and the significance of this research for applications within water quality monitoring

is presented in Chapter 5.
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Chapter 2
Enhancing Diversity Anal ytsiiess offh rMiucgrh
NexGeneration Sequencing and Rar efy

2.1 Introduction

Nextgeneration sequencin@NGS) has revolutionized the analysis of environmental
systems through the characterization of microbial communities and their functiosirigy
DNA collected from samples that contain mixed assemblages of orga(Bsrisam et al.,
2011; Hugerth and Andersson, 2017; Shokralla et al., 26E®yer than 1% of speciesin the
environment can be isolated and cultured, limiting the ability to identify redteddficult-to-
cultivate members of the commun{odor etal., 2020; Cho and Giovannoni, 2004; Ferguson
et al.,, 1984) In addition to the limitations of culturing, mmscopic evaluation of
environmental samples remains of limited utility because of challenges irrdgglution
taxonomic identification and the inability to infer function from morpholéigygerth and
Andersson, 2017) Metagenomic studies employ negéneration sequencingNGS)
technology to analyziarge quantities of diverssnvironmental DNAThomas et al., 2012)
and haveeduced thehallenges associated with culturing and microscopic identification
these contextdicMurdie and Holmes, 2014)

Metagenomicgncompasses conglomerate of different sequencing experimental designs
including amplicon sequencing (sequencing of amplified genes of interest) and shotgun
sequencing (sequencing of fraents of present genetic material). While shotgun sequencing
allows characterization of the entire community, including both taxonomic composition and

functional gene profiles, it is not widely accessible due to high sequencing costs and
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computational regirements for analysi@artram et al., 2011; Clooney et al., 2016; Langille
et al., 2013)In contrast, the relatively low cost of amplicon sequencing has made it an
increasingly popular techniq@€looney et al., 2016; Langille et al., 2013he amplification

and sequencing of specific genegy, taxonomic marker genes) enables characterization of
microbial community compositio(Hodkinson and Grice, 2015as a result, it has been
successfully applied in many ass# water research. For example, amplicon sequencing has
been used to characterize anddicecyanobacteria bloom@romas et al., 2017escribe
microbial communities found in aquatic ecosystg@isang et al., 2020Q)and evaluate
groundwater vulnerability to pathogen intrus{@hik et al., 2020)it has also been applied to
water quality and treatment performance monitoring in diverse setfwigsheilig et al.,
2015) including drinking water distribution syster(fRerrin et al., 2019; Shaw et al., 2015)
drinking water biofilterdKirisits et al., 2019)anaerobic digeste(eam et al., 202Q)and
cooling towergParanjape et al., 2020)

Processing and analysis of amplicon sequencing data is statistically complicated for a
number of reason®Veiss et al., 2017For example, library sizes€., the total number of
sequencing reads within a sample) can vary widely among different samples, even within a
single sequencing ruifhe disparity in library sizes between samples may not represent actual
differences in microbial communiti€slcMurdie and Holmes, 2014)nd cannot be compared
directly. For exampletwo replicate samples with 5,000 and 20,000sequence reads
respectivelyarelikely to have different read cowstftor specific sequenceavians simply due
to the difference in library siz&Vhile parametric tools such as generalized linear modelling
(McMurdie and Holmes, 2014)an provide a statistically sound framework for differential

abundance analysis, drawing biologically meaningfiuktsity analysis conclusions from
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amplicon sequencing data requires library sizes of data to be normalized to account for the
artificial variation in counts between samples due to differences in library(Mz&night et
al., 2019) Notably, a variety of normalization techniques that may affect the analysis and
interpretation of results have been suggesteldding expressing counts as proportions of the
total library size(McMurdie and Holmes, 20140 pper quartile log fold changes (e gdgeR
Robinson et al., 20099entered logatio transformationgGloor et al., 2017)geometric mean
pairwise ratiogChen et al., 2018yariance stabilizing transformations (e[@ESeqg2Love et
al., 2014), relative log expressio(Badri et al., 2018)and rarefaction (i.e., the process of
rarefying libraries to a common size).

Rardaction is a normalization tool initially developed for ecological diversity analyses to
allow for sample comparison withoutassociated bias fromdifferences in samgssiziers,
1968) Rarefaction normalizes samples of differing sample sizesubsampling each to a
shared threshold, often equal to the smallest sampléWillss, 2019). For samples that are
larger than the threshold, data are randomly subsampled until the normalized library size is
achieved. Although initially developed for use in ecological studies, rarefactionis a commonly
used library size noralization technique for amplicon sequencing dati is frequently
criticized(Gloor et al., 2017; McMurdie and Holmes, 2014; McKnight et al., 2(8iBjilar to
the original employment in ecological studies, libraries are subsampled to Greater e f i e d 0
libraries of a consistentsize amongsamfsoretal., 2017; McMurdie and Holmes, 2Q14)
Despite the prevalence of thischnique, rarefying has been critiqued duehi artificial
variation introduced through subsampling and the omission of valid data through loss of
sequence counts or exclusion of samples with small library gielSlurdie and Holmes,

2014) However, rarefying is typically conducted in a single iteration and only provides a
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snapshot of the community at the smaller normalized library size and is incapable of assessing
the variability introduced tlmugh subsamplindRepeatedlyarefying has the potential to
address the statistical concerns associated with omission of data and would provide a more
statistically acceptable technique than performing a single iteration of rarefying for diversity
analysesDespite the criticisrof rarefying it is frequenly usedas a normalization technique
requiing further discussion on statistically appropriate approaches for analysis and
interpretation of amplicon sequencing data.

Here,the application of rarefyings a library size normalization technidoe diversity
analyses isnvestigated to determine if criticisms of the technique remain when rarefying is
implemented repeatedly, which allows evaluation of the variability introduced in subsampling
from the orignal library size to a lower rarefied library size shared among all san\plsie
rarefying repeatedly has been explored superficially in previous research, this paper seeks to
fully analyze the utility of repeated rarefaction and impacts of parametectisel on
interpretation of diversity analyses. Specifically, tthepteaddresses (gppropriate usage
of rarefying to characterize variation introduced through random subsampling, (ii) the impact
of subsampling with or withoutreplacement on divemitglysis, and (iii) the impact of library
size selection on diversity analyses such as the Shannon index an@Bteydissimilarity
ordinations. Different scenarios were generated to evaluate the impacts of rarefying library

sizes on the interpretatiarf community diversity analyses.
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2.2 Theory

2.2.1 An Overview of Amplicon Sequencing Analysis

Due to the inevitable interdisciplinarity of water research and the complexity and novelty
of NGSrelative to traditional microbiological methods used in water quatighgses, further
detailon amplicon sequencingis provided. Amplification and sequencing of taxonomic marker
genedas been used extensively to examine phylogeny, evolution and taxonomic classification
of numerous groups across the three domains diQitast et al., 2013; Weisburg et al., 1991,
Woese et al., 1990)Taxonomic marker genes include the 16S rRNA géoend in
mitochondria, chloroplasts, bacteria and arch@sse et al., 2007; Tsukuda et al., 2017;
Weisburg et al., 1991; Yang et al., 20,16) the 18S rRNA gene within the nucleus of
eukaryoteg(Field et al., 1988)Widely-used referencédatabases have been developed
containingmarker gensequenceacross numerous phyldugerth and Andersson, 2017)

The 16S rRNA gene consists of nine highly conserved regions separated by nine
hypervariableegions (V1V9; Gray et al., 1984and is approximately 1,540 base pairs in
length(Kim et al., 2011; Schloss and Handelsman, 2004)ile sequencing of the full 16S
rRNA gene provides the highest taxonomic resolufi@ohnson et al., 2019nany studies
only utilize partial sequences due to limitations in read lemftNGS platformgKim et al.,

2011) Nextgeneration sequencingn lllumina platforms (lllumina Inc., San Diego,
California) produces readisat areup to 350 base pairs in length, requirsalection ofan
appropriate region of th&6S rRNA gene to amplify and sequerfoe optimaltaxonomic
resolution(Bukin et al., 2019; Kim et al., 201.1$equencing the more conservative regions of
the 16S rRNA gene maye limited to resolutionof higher levels of taxonomy, while more

variable regions can provide higher resolution for the classification of sequences to the genus

25



and species levels in bacteria and arci{Be&in et al., 2019; Kim et al., 2011; Yang et al.,
2016)

Different variable regions of the 16S rRNA gene may be biased towards different taxa
(Johnson et al., 201%nd be preferred for different ecosysteflascapa et al., 2020¥or
exampe, the V4 region has been shown to strongly differentiate taxa from the phyla
Cyanobacteria, Firmicutes, Fusobacteria, Plantomycetes, and Tenericutes but the V3 region
best differentiates taxa from the phyla Proteobacteria (Esgherichia coli Salmonda,
Campylobactér Acidobacteria, Bacteroidetes, Chloroflexi, Gemmatimonadetes, Nitrospirae,
and Spirochaeta@hang et al., 2018)The V4 region of the 16S rRNA gene is frequenty
targeted using specific primers designed to minimize phylum amplification vidiale
accountingfocommonaquatic bacteif@/alters etal., 201%nd is frequently used in aquatic
studiegZhang et al., 2018])t is important taconsider suitability of a 16S rRNA region for the
habitat(Escapa et al., 202@nd the taxa present in the microbial community due to patenti
bias of analyzing differing subregions of the 16S rRNA gdiednson etal., 2019; Zhang et
al., 2018)

The use of amplicon sequencing of partial sequences of the 16S rRNA gene allows
examination of microbial community composition and the exploration of shifts in community
structurein response toenvironmentalconditions (Hodkinson and Grice, 2015and
identification of differentially abundanttaxa between samgesierth and Andersson, 2017)
Amplicon sequencing datasets can be analyzed using a variety of bioinfoshoatiefor
sequence analysis (e.g., sequence denoising, taxonomic classification, diversity analysis)
including mothur (Schloss et al.2009)and QIIME2 (Bolyen et al., 2019)Previously,

seguencing analysis involved the creation of operational taxonomic units (Odataset
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dependent featuresy clustering sequences into groups thatanedrtain similarity threshold,
resulting in a loss of representation of variation in sequeandsrecluding crosstudy
comparisonCallahan et al., 2017 Advances in computational power have allowed a shift
from use of OTUs to amplicon sequence variants (ASVs) representitigach unique
sequence in a samplhich allows for the comparison of sequence variants generated in
different studies and retains the representation of biological variation (Callahan et al., 2017)
The implementation of tools included in bioinformatgipelines, such &3ADA2 (Callahan

et al., 2016pr Deblur (Amir et al., 2017)allows quality control of sequencing through the
removal of sequencing errors and for tneationof ASVs(Amir etal., 2017; Callahan et al.,
2016)

Taxonomic classification of 1L6S rRNA sequences usingrRNA databases including SILVA
(Quast et al., 2013}he Ribosomal Database Proj¢Cole et al., 2014and GreenGenes
(DeSantis et al., 200@&)lowsfor construction otaxonomic community profile@Bartram et
al., 2011) Qualitycontrolled sequencing data for a particular run is then organized into large
matrices where columns represent experimental samples and rows contain counts for different
ASVs (Weiss et al., 2017Amplicon sequencing samples have a total number of sequencing
reads known as the library siddcMurdie and Holmes, 2014put do not provide information
on the absolute abundance of sequence vari@hsr et al., 2017, 2016This data can be
used for studies on taxonomic composition, differential abundance analysis ansitgiver
analyses(Figure 2.1). Taxonomic composition analysis allows for characterization of
microbial communitiedy classifyingsequence variants based on sinitiles to sequences in
online databaseslhe creation of taxonomic composition graphs frequently expresses

community composition in proportionBifferential abundance analysssutilized to explore
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whether specific sequence variants are found in sigmifigalifferentproportionsbetween
samplegWeiss et al., 2017d identify potentl biological drivers for these differenc@sis
application is outside the scopethis articleandis frequently performed using programs
initially designed for transcriptomics such2isSeqgZLove etal., 2014andedgeRRobinson

etal., 2009)or programs designed to account for the compositional structure of segatnce d
ALDeX2 (Fernandes et al., 2014)he final potential application of this data, is diversity
analyses which can be evaluated on varying scales from within sample (alpha) to between
samples(betaSepkoski, 1988but is associated with the challenge of the true diversity of

environmental samples largely remaining unkndgkuaghes et al., 2001
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Figure 2.1 Schematic of general workflow in amplicon sequencing of samplesmplicon

sequencing utilizeBCR amplification of a specific gene of interest. Prior to conducting downstream
analyses inelding microbial community analysis, differential abundance analysis and diversity
analysis sequences must be-precessed to generate the ASV feature table and taxonomic
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classifications. This data can be used for downstream analyses to examine quegtitnssa s wh o 6 s

there, how does sample composition compare and how do counts for specific sequences compare.

Alpha diversity serves to identify richness (e.g., number of obsex8&$) and evenness
(e.g., allocation of read counts across obseA8¥s) within a sample(Willis, 2019)
Comparison of alpha diversigmongsampes of differing library sizes may resultin inherent
biaseswith samples having larger library sizes appearing more diverse due potdr&ial
presence of more sequence variants in samples with larger lib(dvilis, 2019). This
requires samples to haeguallibrary sizes before comparison to prevent bias fabricated only
fromdifferences in initial library siz@8illis, 2019). Diversity indices used taharacterize the
alpha diversity of samples include but are not limited to the Shannon index (Shannon, 1948),
Chaol indeXChao and Bunge, 20029nd the Simpson indg®Simpson, 1949)out unique
details of such indices should be understood for correct usage. For example, Chaof relies
the observation of singletons ohata to estimate diversiffChao and Bunge, 2002)ut
denoising processes for sequencing data may remove singleton reads making the Chaol
estimator invalid for accurate analysifie Shannon index, used in this study, is affected by
differing library sizes becausthe contribution of rare sequences to total diversity is
progressively lostith smaller library sizes.

Similar to alpha diversity, samples with differing library sizes @tabdiversity analyses
may produce erroneous results due to the potential for samples with larger libraryls@es to
more unique sequences simply due to the presence of more sequence (&B&@set al.,
2017) A variety of different betaliversity metrics can be used to compare sequence variant
composition between samples inclugiBray-Curtis (Bray and Curtis, 197) or Unifrac

(Lozupone and Knight, 200d)stances and then visualized using ordination techni@ues

29



PCA, PCoA, NMDS) Bray-Curtis dissimilarity, used in this study, includes pairwise
comparison of the numbers for each ASV between two samples, which are expectedto be quite
dissimilar if library sizes vary substantially.

Diversity analysis requires liary size normalization to account for bias introduced
through varying read counts in samples. For example, samples with larger library sizes may
appear more diverse simply due to the presence of more sequences. Normalization methods
include a variety of gmroaches ranging from rarefying to statistical transformations as
discussed previously. However, McKnight et al. (2019) noted that the failure of most
normalization techniques to tig dscaurfgng s dat a t
standardizingeaddepths are the initial impetus for normalizing the data, if all samples
had equal read depths after sequencing, thetdd be noneedtonormalze The | i mi t at.i
of these normalization techniques in the application to diversity analyses anss#iddn

further detaiin Section 2.2.2

2.2.2 Limitations of Library Normalization Techniques

Diversity analysis, as itis presently applied, usually requires library size normalization to
account for bias introduced through varying read counts in samplesx&mple, samples
with larger library sizes may appear more diverse simply due to the presence of more
sequencedormalization techniques that feature various statistical transformations have
been proposefdr use in place of rarefyingr proportions (M&night et al., 2019)including
upperquartile log fold changes(g.,Robinson et al., 2009), centered-@io
transformationsg.g.,Gloor et al., 2017), geometric mean pairwise ratog.(Chen et al.,
2018), variance stabilizing transformatioesy, Love et al., 2014) or relative log

expressionsq.g.,Badri etal., 2018 McKnight et al. (2019) noted that the failure of most

30



normalization techniqgques to transfoism dat a
discouraging, as standardizirepd depths are the initial impetus for normalizing the data
(i.e., if all samples had equal read depths after sequencingwbaiegbe no need to
normalize .

These proposed alternatives to rarefyingaeseoften compromised by the presence of
large poportions ofzerocount data in tabulated amplicon sequencing read coZiits
counts represent a lack of information (Silverman et al., 2018) and may arise from true
absence of the sequence variant in the sample or a loss resulting in it not beiregldetect
it was actually present (Tsilimigras and Fodor, 2016; Wang and LéCao, RlatBtheless,
many normalization procedures fanglicon sequencing datasets regairo counts to be
omitted ormodified, especiallywhen applying transformations thatlize logarithms (e.g.,
centered logatio, relative log expressions, geometric mean pairwise ratileshods that
utilize logarithms involve fabricating count values (pseudocounts) for the many zeros of
which amplicon sequencing datasets are comprisédad@cting a pseudocount value is an
additional challenge (Weiss et al., 2017at may be accomplished using probabilistic
arguments (Gloor et al., 2016; 201Z¢ros are a natural occurrence in discrete, cbased
data such as the counting of micraangsms or amplicon sequen@sdadjusting or
omitting them can introduce substantial bias into microbial analyses (Chik et al., 2018).

McMurdie and Holmes (2014) noted that use of proportions is problematic due to
heteroscedasticity: for example, one sate read in a library size of 100 is a far less precise
representation of source composition than 100 sequence reads in a library size of 10,000,
even though both comprise 1% of the observed sequences. McKnight et al. (2019) favour use

of proportionsin dversity analysis without noting how precision of proportions, and the
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degree to which alpha diversity in the source is reflected (Willis, 2019), varies with library
size. Willis (2019) also points towards a conceptually better approach to diversityimnalys

that accounts for measurement error and the difference between the sample data and the
population (environmental source) of which the sample data are only a partial representation.
Diversity analysis in general does not do this, as it applies a selofl@tions to sample data

(or some transformation thereof) to obtain one value of alpha diversity or one point on an
ordination plot. Pending further development of such approaches, this study revisits rarefying
because of the practical simplicity of coanjmg diversity among samples of equal library
size(Schmidtetal., 2021)

McMurdieand Holmes (2014) propose that rarefying is not a statistically valid
normalization technique due to the omission of valid datach may be resolved for the
purposes of diversity analysis by rarefying repeatedly to represent all sequences in the
proporions with which they were observed and compare sateptt microbial community
diversity at a particular library size. In additidicMurdie and Holmes (2014)ismissed
repeatedly rarefying as a normalization technjgu@art because repeatedly rarefyan
artificial library consisting of a 50:50 ratio of two sequence variants does not yield a 50:50
ratio at the rarefied library size and this added noise could affect downstream analyses.
However, such error is inherent to subsampling, whether fromalgtagn or from a larger
sequence library and has thus already affected samples with smaller library sizes; itis the
reason why simple proportions are less precise in samples with smaller library sizes.

McMurdie and Holmes (234), also citedhe investigdon of NavasMolina et al. (2013)
as an example of repeatedly rarefying to normalize library sizes and tssdpport their

dismissal of this technique due to the omission of valid data and added variability. However,
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it is critical to note that the ark in NavasMolina et al. (2013)eportedusing jackknife
resampling of sequences, which cannot be equated to repeatedly raf@iydgm
resampling with or without replacemertfjence, it is necessary bwild upon preliminary
analysis 6 repeatedly rafying as a normalization technique and to explore the impact of

subsampling approach and normalized library size on diversity analysis results.

2.3 Methods
2.3.1 Example Data i DNA Extraction & Amplicon Sequencing

Samples used in the analyses are part of a latgdy at Turkey Lakes Watershed (North
Part, ON) but only an illustrative subset of samples is considered for the purpose of evaluating
rarefactionand not for ecological interpretatioRurther detail on the collection of these
samples is presented intmequent chapters in this thedibe use of the subset of samples
from a larger study to evaluate rarefying as a normalization technique avoids utilizing
simulated dataDNA extractsisolated from environmental samplegere submitted for
amplicon sequenegusingthe lllumina MiSeq platform (llluminainc., San Die@alifornig
at the commercial laboratoMetagenom Bio Inc. (Waterloo, r®@ario). Primers designed to
target the 16S rRNA gene V4 region [515KBTGYCAGCMGCCGCGGTAA) and 806RB

(GGACTACNVGGGTWTCTAAT, Walters et al., 201%)were used for PCR amplification.

2.3.2 Sequence Processing & Library Normalization

The programQIIME2 (v. 2019.10;Bolyen et al.,, 2019was used for bioinformatic
processing of sequence reads. Demultiplexed paEret sequences were trimmed and
denoised, including the removal of chimeric sequencessarglieton sequence variants to
avoidsequences that may not be representative of real organismspDédi# (Callahan et

al., 2016)to construct the ASV tabl&eroing all singleton sequences could erroneously
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remove legitimate sequences, particularly if the sequence in question is detected in large
numbers in other similar samples; however, the potential effect of such error upon diversity
analysis is beyond the scope of this work. Output files f@HME2 were imported into R (v.
4.0.1; R Core Team, 2020) for community analyses uginge2R(v. 0.99.23; Bisanz, 2018).

Initial sequence libraries were further filtered usiplgyloseq(v. 1.32.0;McMurdie and
Holmes, 2013j)o exclude amplicon sequence variants that were taxonomically classified as
mitochondria or chloroplast sequences. Waveloped a package calledirlyn (Multiple
Iterations of Rarefaction for Library Normalization; Cameron and Tremblay, 2020) that
facilitates implementation of techniques used in this study built from existing R packages
(Appendix 2). Using the output frophyloseq mirlyn was used to (1) generate rarefaction
curves, (2) repeatedly rarefy libraries to account for variation in library sizes among samples,

and (3) plot diversity metrics given repeated rarefaction.

2.3.3 Community Diversity Analyses on Normalized Li braries

The impactof normalized library size dretShannon index, an alpha diversity metric, was
evaluated Normalized libraries were also used for beta diversity analysis. Hellinger
transformed dataasused to calculate Bra@urtis distance@Bray and Curtis, 1957Principal

compment analysis (PCA) was conducted on the BTaytis distance matrices.

2.3.4 Study Approach

Typically, rarefaction has only been conducted a single time in microbial community
analyses, and this omits a random subset of observed sequetnodsicing a possib source
of error. To examine this error, samples were repeatedly rarefied 1000 times. This repetition
provides a representative suite of rarefied samples capturingahdomness sequence

variant composition imposed by rarefying. The sections belalwesd the various decisions
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that must be made by the analyst and factors affecting reliability of results when rarefaction is

used.

2.3.4.1 The Effects of Subsampling Approach 1 With or Without Replacement

Rarefyinglibrary sizes may be performed with or with@piacement. To evaluate the
effects of subsampling replacement approaches, we repeatedly rarefied filtered sequence
libraries to varying depths with and without replacement. Results of the two approaches were
contrasted in diversity analyses to evaludie impact of subsampling approach on

interpretation of results.

2.3.4.2 The Effects of Normalized Library Size Selection

Rarefying involves the selection of an appropriate sampling depth to be shared by each
sample. To evaluate the effects of different rarefileichty sizes, filtered sequence libraries
were rarefied repeatedly to varying depths. Results for warsampling depths were
contrasted in diversity analyses to evaluate the impact of normalized library size selection on

interpretation of results.

2.4 Results & Discussion

2.4.1 Use of Rarefaction Curves to Explore Suitable Normalized Library Sizes

Rarefyingrequires the selection of a potentially arbitrary normalized library size, which
can impact subsequent community diversity analyses and therefore presesisitisthe
challenge of making an appropriate decision of what size to {debddurdie and Holmes,

2014) Suitable sampling depths for groups of samples can be determined through the
examination of rarefaction curves (Figur@R By selecting a library size that encompasses
the flattening portion of the curve for each sample, it is generally assumed that the normalized

library size will adequately capture the diversity within the skaspgespite the exclusion of
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sequence variants during the rarefying process (i.e., there are progressively diminishing retums
in including more of the observed sequence variants as the rarefaction curve flattens).
Suggestions have previously been madmaraging selection of a normalized library
size that is encompassing of most samples,(®#03000 sequences) and advocation against
rarefying below certain depths (e.g., 1,000 sequences) due to decreases in datgNawabty
Molina et al., 2013)However, generic criteria may not be applicable to all datasets and
exploratory data analysis is often required to make informed and appropriate decisions on the
selection of a normalized library size. Although previous reseateis@s against rarefying
below certain thresholds, users may be presented with the dilemma of selecting a sampling
depth thateither does notcapture the full diversity of a sample depicted in the rarefaction curve
(Figure 2217 1) or would require the orssion of entire samples with smaller library sizes
(Figure 221 Ill). The implementation of multiple iterations of rarefying library sizes will aid
in alleviating this dilemma by capturing the potential losses in community diversity for samples
that are arefied to lower than ideal depfboing so with two or more normalized library sizes
may reveal differences in diversity attributable to relatively rare variants that could be

suppressed by normalizing to too small of a library size.
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Figure 2.2 Rarefaction curves showing the number of unique sequence variants as a function of
normalized library size for six samples (labelled Ai F) collected from a freshwater northem
temperate oligotrophic lakeof varying diversity and initi al library size. Selection of unnecessarily
small library sizes () omits many sequence variants. Rarefying to the smallest library size (I1) omits
fewer sequences and variants. While selection of a larger normalized library sizeld)omit even

less sequences, it is necessary to omit entire samples (e.g., Sample F) that have too few sequences)

2.4.2 The Effects of Subsampling Approach & Normalized Library Size Selection on
Alpha Diversity Analyses

The differences in input parameters for rarefying samples requires users to be diligent

in the selection of appropriate tools and commands for their analysis. The R pplokiageq
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a popular tool for microbiome analyses, has default settings for ragahgluding sampling
with replacement to optimize computational run time and memory udécjdurdie and
Holmes, 2013)although samling without replacement is more appropriate statistically.
Sampling without replacement draws a subset from the observed set of sedastiveagh
the sample had yielded only the specified library sind)ereas sampling with replacement
fabricates aet of sequences in similar proportions to the observed set of sequences (Figure
2.3). Sampling with replacement can potentially cause a rare sequence variant to appear more
frequently in the rarefied sample than it was actually observed in the origiraaylib

Rarefying libraries with or without replacement was not found to substantially impact
the Shannon index in the scenarios considered in this study (FRAglAg, but users should
still be aware of potentialimplications of sampling with or withoptaeement when rarefying
libraries. Libraries rarefied with replacement are observed to have a slightly reduced Shannon
index relative to libraries rarefied without replacement at many library sizes.

The conservation of largeiormalizedibrary sizes atbws detection of more diversity
with minimal variation observed between the iterations of rarefaction (F4w). The
largest consideredormalizedibrary size the sample with the smallest library size h213
sequences) captured the highest Sharindex valus, while the Shannon index diminishes
for all samplest lower normalized library sizes. The use of repeated iterations of rarefying
allows variation introduced through subsampling to be represented in the diversity, metric
which is small atarger library sizes. While there was only slight disparity in the Shannon
index values between the largest library size and unnormalized data, this may not always be
the case and is dependent on the sequence variant composition of the samples. Samples

dominated by a large number of lembundance sequence variants are more likely to have a
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substantialljyeduced Shannonindex value at a larger normalized library size. Alternatively,
samples dominated by only several highly abundant sequence variants withipamtively

robust to rarefying. A plot of the Shannon index as a function of rarefied library size (Figure
2.4B) demonstrates the overall robustness of the Shannon index of these samples for larger
library sizes (e.g., > 5,000 sequences) and the inaleasiation and diminishing values when
proceeding to smaller rarefied library sizes. When the normalized library size was decreased
to 5,000, the Shannon index is still only slightly reduced by the rarefaction but tyezatsr

variability introduced fom rarefying.
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a) Without Replacement

b) With Replacement
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Figure 2.3 The mechanics of rarefying with or without replacement for a hypothetical sample
with a library size of ten composed of five sequence variants {AE). Rarefying without replacement
(a) draws a subset from the observed library excluding the complementary subset, while rarefying with

replacement (bhias the potential to artificially inflate the numbers of some sequence variants beyond

what was observed.
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Figure 2.4 Effect of chosen rarefied library size and sampling with (WR) or without (WOR)
replacement upon the Shannon Diversity IndexSix microbial communities were rarefied repeatedly
(A) at specific raefied library sizes of 1,213 sequences,@0 sequences,d00 sequences, and 500

sequences and (B) to evaluate the Shannon Index as a function of rarefied library size.
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The consistencyof the diversity metricwhen rarefying repeatedlis extremely
degaded when libraries were rarefied to the smallest considered library size of 500 sequences.
It illustrates the potential to reach incorrect conclusions if rarefying is completed only once.
When rarefying repeatedly to a small library size, however, diyarglex values that are
highly inconsistent and suppressed relative to the diversity of the unrarefied data may lead to
inappropriate claimsf identical diversity values between samples. The extreahgction and
introduced variationfthe Shannonindesuggests that the selection of smateefiedibrary
sizes should be approached with caution when using alpha diversity metnits larger
normalized library sizes preventloss of precision and reduction of the Shannon index value.
However, as prewusly noted, the reduction in the value of the Shannon index will be
dependent on the sequence variant composition of the samples.

Previous research evaluating normalization techniques has only focused on beta
diversity analysis and differential abundaranalysigGloor et al., 2017; McMurdie and
Holmes, 2014; Weis®t al., 2017)but the appropriateness of library size normalization
techniques for alphadiversity metrics must be evaluated due to the prerequisite of having equal
library sizes for accurate calculatiodtilization of unnormalized library sizes with alpha
diversity metrics may generate bias due to the potential for samples with larger library sizes to
inherentlyreflectmoreof thediversty in the sourcéhan a sample with a small library size.

The repated iterations of rarefying library sizes allow characterizatiothef variability

introduced tesample diversitpy rarefyingat any rarefied library size (Figuges).

2.4.3 The Effects of Subsampling Approach & Normalized Library Size Selection on
Beta Div ersity Analysis

When samples were repeatedly rarefied to a common normalized library size with and

without replacement, similar amounts of variation in the BZaytis PCA ordinations were
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observed between the sampling approa¢higsire 2.5) This indicaés that although rarefying
with replacement seems potentially erroneous due to the fabrication of count values that are
not representative of actual data, the impact on the variation introduced into th€ Bty
dissimilarity distances is notlarge awdl likely notinterfere with the interpretation of results.
However, rarefyingwithout replacement should be encouraged because itis more theoreticaly
correct, and it has not been comprehensively demonstrated that sampling with replacement is
a valid gproximation for all types of diversity analysis or library compositions.

When larger normalized library sizes are maintained through rarefaction, there is less
potential variation introduced into beta diversity analyses, including-Brayis dissimilary
PCA ordinations. For example, in the largest normalized library size possible for these data
(Figure 2.5A)aminimal amount of variation asobserved within each community, indicating
that the preservation of higher sequence counts minimizes the aofartiticial variation
introduced into datasets by rarefaction (including no variation for Sample F because it is not
actually rarefied in this scenario). For this reason, rarefying to the smallest library size of a set
of samples is a sensible guideliddthough, a normalized library size of 5,000 is lower than
the flattening portion of the rarefaction curvefor samples A, B, and C (FigR)ref#e selection
of this potentially inappropriate normalized library size (Fig@rBC) can still accurately
reflect the diversity between samples without excess artificial variation introduced through
rarefaction. Due to the variationtinduced tdhe BrayCurtis dissimilarity ordinations in the
smallerrarefiedlibrary sizes (Figur@ .5E, G), itis critical to irclude computational replicates
of rarefied libraries to fully characterize the introduced variation in communkgesiscussed
above, it has been suggested that repeatedly rarefying is inappropriate due to the introduction

of fAadded noi emeodstratdd,dhe maingenance af targat rarefied library sizes
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when repeatedly rarefying does not impact interpretation of-digsity analysis results.
Withoutthisreplication, rarefaction to small, normalized library sizes could result in artificial
similarity or dissimilarity identified between samples.

Beta diversity analyis of very small, rarefied librgirsizes(Figure2.6A, B, C) can still
reflect similar clustering patterns observed in larger library sizes but with a much lower
resolution of clgters. Rarefying has previously been shownto be an appropriate normalization
tool for samples with low sequence counts (e.g., <1,000 sequeecesmplepy Weiss et al.
(2017, which is promising for datasets containing samples with small initial library eizes
potentially subsetting data to explore diversity within specific phyla (e.g., cyanobacteria)
Caution must be taken to avoid selection of an excessively small, nogthitirary size due
to the introduction of extreme levels of artificial variation that compromises accurate depiction
of diversity (Figure2.6D) and only reflects small portions of the sequence variants from
samples with large library sizes. The tradedadfieen rarefying to a smaller than advisable
library size or excluding entireamples with small library sizeemains and can possibly be
resolved by analyzing results with all samples and a small, rarefied library size as well as with

some omitted sampdeand a larger rarefied library size.
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Figure 2.5 Variation in PCA ordinations (using the Bray-Curtis dissimilarity on Hellinger
transformed rarefied libraries) of six microbial communities repeatedly rarefied with and

without replacement to varying library sizes.
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Figure 2.6 Variation in PCA ordinations (using the Bray-Curtis dissimilarity on Hellinger
transformed rarefied microbial communities) of six microbial communities repeatedly rarefied
to very small library sizes of (A) 400, (B) 300, (C) 200 and (D) 100 sequences.
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Although rarefying has the potential to introduce artificial variation into data used in
beta diversity analyses, theseresulgggest thatit does notbecome problematic until rarefying
to normalized library sizes that are very small (e.g., 500 sequences dolets samples
consideredWhile we saw a dgradtion of theconsistencyand valueof the alpha diversity
Shannonindex at500 sequences, beta diversity analyses may be more robustto rarefaction and
capable of reflecting qualitative clusters in ordination as previously discussed in Weiss et al.
(2017). The artificial variation introduced tothaliversity analyses by rarefaction could lead
to erroneous interpretation of results, butthe implementation of multiple iterations of rarefying
library sizes allows a full representation of this variatioraid in determining if apparent
similarity ordissimilarity is a chance result of rarefying.

The use of nomormalized data has been shown to be more susceptible to the
generation of artificial clusters in ordinatigrasd rarefying has been demonstrated to be an
effective normalization technique fbeta diversity analysd€8Veiss et al., 2017However,
the use of a single iteraticof rarefying does result in the omission of valid data (McMurdie
and Holmes, 2014). Repeatiterations of rarefying in this study demonstrated that rarefying
repeatedly does not substantially impactthe outputand interpretation of beta diversigsanalys
unless rarefying to sizes that are inadvigadrhallto begin with McMurdie and Holmes
(2014) were dismissive of rarefying repeatedly, but their analysis of such repetition was not
evaluated in betdiversity or differential abundance analysis. In these of differential
abundance analysis, the added variability of rarefying would be statistically inappropriate
relative to generalized linear modellingthatcan accountfor varyinglibrary Siddgionally,
repeatedly rarefying allows for charactetina of variation introduced through subsampling

while accounting for discrepancies in library size, suppottiregpotential utility of the
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normalization technique for beta diversity analy$ésKnight et al. (2019) preferred use of
proportions in diversy analysis over rarefying (arguing that both were superior to other
normalization approaches). While proportions normalize the sum of the ASV weights to one
for each sample, we note that the approach does not normalize the library size in terms of
sequene counts. This is important because sample proportions will provide a more precise
reflection of the true proportions of which the set of sequences is believed to be representative
in samples with larger libraries than in samples with smaller librarieagUsoportions of
unnormalized sequence count libraries in beta diversity analysis overlooks the loss of alpha
diversity associated with smaller library sizes when comparing samples with different library

sizes.

2.4.4The Need for Library Size Normalization

The increasing popularity and accessibility of amplicon sequencing has enabled the
scientific community to gain access to a wealth of microbial community data that would
otherwise not have been accessible. However, despite amplicon sequencing of taxonomic
marker genes being the gold standard approach for microbial community analysis, the data
handling and statistical analysis is still in the early stages of development. The diversity
analyses that the scientific community desires to perform on amplicon setyedata require
library sizes to be normalized across samples, which creates the challenge of determining
appropriate normalization techniques. New normalization techniques and tools are constantly
being developed and released to the community with sldiirat the newest technique is the
best and only solution that should be utilized for analysis but may be associated with data
handling limitations or be too specifically tailored to a particular type of analysis or desired

property. For example, the cerge-log ratio transformation (Gloor et al., 2016) cannot be
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used on zero countdata and amplicon sequencing datasets must be augmented with an artificial
pseudocountto apply the normalization techni@ielimitations of normalization technigues

may affet downstream analyses, making it critical to understand the implications of the
technique chosen. Further discussion within the scientific community is needed to ensure
rigorous interpretation of amplicon sequencing data without unwarranted bias intidnjuce

the normalization technique. Despite the potential limitations, rarefying remains common in
current research requiring library size normalization, especially for diversity analysis. The
implementation of a single iteration of rarefying is problemditie to the omission of valid

data and should not be used for library size normalization. Conducting repeated iterations of
rarefying allows for the characterization of variation introduced through random subsampling
in diversity analyses but would be inappriate for differential abundance analysis where
generalized linear modelling of narormalized data is possible (McMurdie and Holmes,

2014).

2.5 Conclusions

A Rarefying with or without replacement did not substantially impact the interpretation
of alpha (Shanon index) or beta (BraQurtis dissimilarity) diversity analyses
considered in this studyutrarefying without replacemeist theoretically appropriate
andwill provide more accurate reflection of sample diversity.

A To avoid the arbitrary loss of available information through rarefactionto a common
library size, the random error introduced through rarefaciouldbe evaluated by
repeating rarefaction multiple times.

A Rarefying repeatedly statistically describesgibke realizations of the data if the

number of sequences read had been limited to the normalizedlibrary size, thus allowing
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diversity analysis using samples of equal library size in a way that accounts for the data
loss in rarefying.

The use of larger mmalized library sizes when rarefying minimizes the amount of
artificial variation introduced into diversity analyses but may necessitate omission of
samples with small library sizes (or analysis at both inclusive low library sizes and
restrictive higheribrary sizes).

Ordination patterns are relatively well preserved down to small, normalized library
sizes with increasing variation shown by repeatedly rarefying, whereas the Shannon
index is very susceptible to being impacted by small, normalized libizeg both in
declining values and variability introduced through rarefaction.

Even though repeated rarefaction can characterize the error introduced by excluding
some fraction of the sequence variants, rarefyingto extremely small sizes (e.g., 100
sequencs) is inappropriatbecause the substantial introduced variation leads to an
inability to differentiate between sample clusters.

Further development of strategies (e.g., data handling, library size normalization for
diversity analyses) for ensuring rigu®interpretation of amplicon sequencing data is

required.
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Chapter 3
Cyanobacterial Popul ations are Dynami
Requires Consideration of Diurnal

3.1 Introduction

Cyanobacteria are recognized as a threat to surface water quality through the formation
of dense blooms and the production of secondary metabolites including taste and odor
compounds (e.g., geosminn2ethylisoborneol) and potent cyanotoxiHsiisman etal., 2018;

Paerl, 2014; Vu et al., 2020)he potential risk that these organisms impose to ecosystems,
recreational use and water treatment necessitates water quality monjpoogams
Traditionally, these programs rely on visual idenation of cyanobacterial genera based on
morphological characteristics observed using microscopy. Quantitative measuremgnts
includedirect enumeration of cells or indirect estimation using chlorogdglhantification
(Chorus and Bartram, 1999Although these methodse frequently utilized, reliance on
microscopic identification of taxa is limited due to the impossibility of visually differentiating
between toxic and netoxic cyanobacterigGallina et al., 2017)The implementation of
modern molecular methods, such as ngeheration sequencing, provides arapid and sensitive
technigue that can be applied to characterize both taxonomic composition and functional
potential (e.g., toxicity Clooney et al., 2016; Langille et al., 2018 cyanobacterial
populations. Although nexdeneration sequencing data can be used to rapidly characterize
communities and predict the potential foxitty, it is critical that sampling protocols are

designed to ensure the collection of ecologicedlgvantdata.
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As a result of anthropogenic activitgyanobacterial bloom frequency and intensity are
increasinglobally(Huisman etal., 201&upportingthe need for development of ecologically
relevantsampling protocolsThey have a variety oaddaptations to environmental stress
including the formation of tolerant séng cells, the presence of photoprotective cellular
pigments, and the regulation of buoyancy in response to light and nutrient gréieistsan
et al., 2018; Paerl, 20145pecifically, zanobacteria buoyancy is varied in response to light
irradiance levelqVisser et al., 2005)esulting in oscillatory diurnal migration patterns
allowing for growth under advdageous conditiori€hien et &, 2013; Chu et al., 200&nd
is largely driven by cellular densifiNaselliFlores et al., 2021gnd water column stability
(Walsby et al., 19979ssummarized in Table 3.1

Although cyanobacteria are known to experience oscillatory diurnal migrations,
monitoring guidelines frequently do not provide recommendations for optimal sampling times
(Chorus et al., 2000; Chorus and Bartram, 1999; Sarnelle et al.,.2@pdally, during the
day with high light availability, cyanobacteria move downwards in the water column
(Frempong, 1981; Visser et al., 200&3 carbohydrates accumulate with high rates of
photosynthesi@belings etal., 1991)n overnight griods, they experience upward migrations
as carbohydrates are utilized and photosynthetic rates are liieduh@s et al., 199Visser
et al., 2005)If sampling is conducted arbitrarily or at inconsistent time points across multiple
sampling eventscollected data may not be ecologically representative due to these diurnal
migrations. However, to contribute further to the complexities in cyanobacterial distribution,
the diurnal migrations and spatial distribution are impacted by water columntgtalsiliding
thermal stratification oweather induced mixing evenfé/alsby et al., 1997)Due to the

threats that cyanobacteria impose on water quality, it is critical for monitoring programs to be

52



designed to allow for collection of data that is representative of cyanobacterial community
structure bysampling at an ecologically relevant time of day.

The impact of sampling time on cyanobacterial community composition was evaluated
using amplicon sequencing of the V4 region in the 16S rRNA gene. Taxonomic composition
and community diversity analyses geated from amplicon sequencing data provided insights
into diurnal trends in distribution. Specifically, the fluctuations in cyanobacterial community
composition were evaluated (i) over a nuiilthe point sampling period, and (i) spatially
within the waer column of a stratified lake. The evaluation of spatial and temporal trends
presentin cyanobacterial communities provides a comprehensive evaluation on the potential
impact of sampling time and system specific conditions on detection and will proitioa cr

insight into the development of monitoring programs.
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Table 3.1 A summary of characteristics of cyanobacteria and environmental conditions

impacting buoyancy and spatial distribution in the water column.

Characteristics of Cyanobacteria

Characteristic

Cell Ballast -
Content

Gas Vacuolate

Small &
Unicellular

Synechococcys
CyanobiumSynechocystjs
CyanobacteriunfSliwinska

Example Taxa

Microcystis Aphanizomengn
Nostog Anabeana
Oscillatoria, Coelosphaerium
(Staley, 1980; Wallsby, 1981

Wilczeska et al., 2018)

Small & Colonial AphanocapsgAphanothece

Chroococcus

CoelosphaeriunCyanobium
CyanodictyonMerismopedia
Romeirg Snowella Tetracerus
(SliwinskaWilczeska et al.,

2018)

Large Colonial & Dolichospermum circinale
Filamentous Form (Westwood and Ganf, 2004)
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Impact on Buoyancy

High photosynthetic rates result ir
accumulation of carbohydrates
increasing cell density resulting in
downward migratiorfChien et al.,
2013; Hunter etal., 2008; Li et al.
2016; Westwood and Ganf, 2004

Providespositive buoyancy
allowing for maintenance of
position within the photic zone
(Walsby et al., 1997).

Decreased gas vacuole content a
exposure to high lightirradiance
results in loss of buoyancy
(Westwood and Ganf, 2004)

Small cell size allows for
maintenance of water column
position(Reynolds et al., 1987;
S| i wiWikszdwaka etal., 2018

Smaller colonies exhibit more
random spatiahovement with no
clear diurnal pattern (Chien et al.,
2013).

Larger colonies move more rapid
allowing for migration of greater
depths (Reynolds et al., 1987;
Westwoodand Ganf, 2004).
Sinking rates are also fas{&anf,
1974)



Table 3.1 Continued

Condition

Water Column
Stability

Light Availability

Environmental Conditions

Examples

ThermalStratification

Non-Stratified Water Column:

External Mixing Event$

Storms

Daytime

Nighttime
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Impact on Distribution

Creates zonation in the water
columnfrequently with nutrient
depleted, light richvater surface
and lightlimited, nutrient rich deey
waters (Chien et al., 2013).

Vertical migrationsallow for
accesso optimal environmental
conditions (Clen et al., 2013).

Wind induced mixing of the water
column may resultin homogeneo
distributions (Frempong, 1981,
Hunter et al., 2008; Walsby et al.,
1997).

Storm events may resultin
downward mixing of communities
(Walsby et al., 1997)

Exposure to high lightin the
daytimeresults in loss in buoyanc
with high photosynthetic rate and
accumulation of carbohydrates
resulting in downward migration
(Ibelings et al., 1991)

With light limitation and decrease
photosynthetic rates, cellular
carbohydrates are utilizeresulting
in decreased density and upward
migration for light access in
daytime (Ibelings etal., 1991)



3.2 Methods

3.2.1 Study Site: Turkey Lakes Watershed

The Turkey Lakes Watershed Study was established in 1980 to investigate ecosystem
effects ofacidic atmospheric depositiénJeffries et al. (1988) provided a comprehensive
description of the physical characteristics of the watershed. The Turkey Lakes Watershed
(TLW) is approximately 50 km north of Sault Ste Marie, Ontario on the Canadian Shaald in
unevenaged tolerant hardwood and mixed conifer forest lands@hgié&ies et al., 1988)t
consists of 4 interconnected lakes fed by both first order streams and waiendatchwana
Lake, WishartLake, Little Turkey Lake and Big Turkey L4Beffries etal., 198&igure 1.).
These lakes thermally stratify during summer and winter annually, with the exception of
Wishart Lake. Winednduced mixing of this shallow lake generally prevents thermal
stratification. These lakes are classified oligotrophimé&sotrophicand cyanobacteria are the
dominant members of phytoplankton communities (Jeffries et al., 1988)r B&teples for
daily variation analysis were collected from the deepest point in Little Turkey Lake
(47A02 0637 . 20N 8andANishadt Pake (AXDW)0 00 . OO N 8Hhéw2lIB658. 30 W
mixed water column of Wishart Lake and thermally stratified water coluinittee Turkey

Lake(Figure Al)allowedfor contrast between lakes with different water column stability.

3.2.2 Sample Collection

Water samples were collected over a #hay period in August 2018 (August 22 and
August 23). They were collected at Secchideptioss three time points on bothdays: morning
(8-9 a.m.), midday (1-2 p.m.) and afternoon {8 p.m.). This is the water depth at which light
penetration is approximately 1% of surface illumination; it is considered to be the maximum

depth atwhich thers generally sufficientlightfor photosynthesis (Bukata etal., 1988). Secchi
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depth was measured in a standardized manner from the shaded side of the boatand by the same
individual. Samples for Wishart Lake were collected from near the bottom (4 m) dighto

water clarity. Samples were collected from Secchi depths ranging f¥6/254m in Little

Turkey Lake depending on time of collection and sampling day. Water samples were also
collected atthe surfacd0 m) in Little Turkey Lake on the first samplirtay to identify

potential correlations in cyanobacterial communities between depths as a function of time.

Water samples collected using a Masterflex E/S portable sampler peristaltic pump were
serially filtered through a 47 mm GF/C filter (Whatman plajcRinghamshire, United
Kingdom). After vacuum filtration, 250 mL of filtered water was then filtered through a 0.22
Om SterivexE filter to collect additional mi

stored at20°C prior to DNA extractionSamplirg details are provided in Table Al.

3.2.3 DNA Extraction, 16S rRNA Gene Amplicon Sequencing

DNA extraction was performed using the DNeasy PowerSoil Kit (QIAGEN Inc.,
Venl o, Netherlands) following the manufactu
spin columns for 15 minutes prior to elution of the DNA extract. DNA was quantified using a
NanoDrop spectrophotometer when possible (Table. Although the detection limit is
reported as 2ngl (Thermo Fisher Scientific, 20099bsolute valuesave been shown to be
lessaccurateor DNA concentrationgessthan 10ng/ul(Khetan et al., 2019) resulting in
potentially erroneous reads for low concentration environmental samples used in this study
The DNA extracts were submitted foramplicon sequgesing the lllumina MiSeq platform
(lumina Inc., San Diego, United States) at a commercial laboratdegagenom Bio

Inc.,Waterloo, ONusing pimers designed to target the 16S rRNA gene V4 region [515FB
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(GTGYCAGCMGCCGCGGTAA) and 806RB (GGACTACNVGGGTVCTAAT)] (Walters

et al., 2015)

3.2.4 Sequence Processing & Library Size Normalization

The program QIIME2 (v. 2019.1®olyen et al., 2019yvas used for bioinformatic
processig. Demultiplexed paire@nd sequences were trimmed and denoised, including the
removal of chimeric sequences and singleton sequence variants, using DiEBkeghan et
al., 2016)o construct the amplicon sequence variant (ASV) table. Taxonomic classification
was performed using a NanBayes taxonomiclassifier trained using the SILVA138 database
(Quast et al., 2013; Yilmaz et ak014) Taxonomic assignments for amplicon sequence
variants (ASV) classified as Cyanobacteria at the phylum level were manually curated to
reflect taxonomi@ssignments above the genus leaetording to AlgaeBase. Files from
QIIME2 were imported intd&R (v. 4.0.1) for downstream analyses usgie2R(v. 0.99.23)
(Bisanz, 2018). Initial sequence libraries were filtered to exclude ASVs that were
taxonomically classified as mitochondria or chloroplast sequencespisptaseqv. 1.32.0;
McMurdie and Holmes, 2012For cyanobacterial community analysis, ASVs classified as
Cyanobacteria at the phylum level were filtered to create libraries consisting of only
cyanobacterial sequences. Samples were repeatedly rarefied without replacement to a
normalized library sizef@70 reads for community diversity analyses usiidyn (Cameron

and Tremblay, 2020).

3.2.5 Cyanobacterial Communities - Taxonomic Composition & Diversity Analyses
The composition of communities was assessed atthe taxonomic order level and relative
abundanes were visualized using a heatmap producedwitlyn. Relative abundances were

randomized across phyla within samples to identify significantly dominant groups within the
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bacteriacommunity in relation to sampling time with a Bonferroni correctWhile a pvalue

of 0.05is frequently viewed as the threshold for significance, due to the heterogeneity and high
variability presentin environmental systems;egue of 0.2 has been selected as the threshold
for significance in these communities.

To corfirm the taxonomic classification performed by the NaBagyes classifier, a
phylogenetic tree was constructed in MEGA X (Kumar et al., 2018) using cyanobacterial
reference sequences and sequences from samples (Figure C6). Sequences classified to the
genea highlighted in guidelines and resources for sampling protocol dégyasiam et a.

2008; Vidal et al., 2021lincludingMicrocystis AnabaenaAphanizomengriPseudanabaena
andSynechococcywere selectedfor further evaluation. Notably, other taxa contributedto the
compositional structure at the order level but were excluded thisreinalysis due to the
frequent focus on specific bloom forming and toxic taxa for water quality management.
However, in addition to the aforementioned genera, sequences classified to the following were
also included in this analysiRadiocystisias ben shown to havielentical 16S rRNA genes
asMicrocystis(Vidal et al., 2021 )and toxicity(Vieira et al., 2003)Cyanobiumis another
potentially toxic picocyanobacterial gendra | i wWil&Zevkska et al., 2018Jetected in

high relative abundances these sample®elative abundances of seledtcyanobacterial
sequences were visualized using a heatmap and were evaluated based on unicellular,
filamentous, or colonial morphologies to characterize taxa specific diurnal trends.

Community diversity analyses were performed usimgyn on repeatedlyarefied
libraries (Cameron et al., 2020he Shannon IndefShanon, 1948an alpha diversity metric,
was analyzed for sample comparison to identify trends in sample diversity as a function of

time. Rarefied libraries were also used for baitzersity aralyses. Rarefied libraries were
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transformedusinga Hellinger transformation. Hellinger transformed data was used to calculate

Bray-Curtis distance@ray and Curtis, 19574)sed in principal component analysis (PCA).

3.3 Results & Discussion

3.3.1 System Specific Diurnal Trends in Cyanobacterial Communities

Relative abundances of cyanobacterial sequenees higher in Little Turkey Lake
than Wishart Lake (Figure 3.1A; Table 3.2). In Little Turkey Lak&ecchi depttthe
increase in relative abundance of cyanobactettan our librariesvas dserved to exhibit
diurnal trendsvith significant representation in th@cteriacommunity on both sampling
days during the afternoon sampling time point (p=0.011, p=0T&dleC3) and during the
midday on the second sampling day (p=0.0006). However, theyneesegnificantly
represented in the community at the midday timepoint of the first sampling day (p=0.27).
Further deviation between the representation of cyanobacteriabatteriacommunity of
Little Turkey Lake was observed in the morning sampling time points between the first
sampling day (p = 1) and second sampling day (p = 0.28) indicating the potential for dynamic
shifts in community composition on the diurnal scblelike Little Turkey Lake, Wishart
Lake did not exhibit a consistent and recurring increase in abundances from morning to
afternoon and relative abundances remained more constant across sampling time (Figure
3.1B; Table 3.2). Additionally, within thieaderialcommunity of Wishart Lake,
cyanobacterial abundances did not exhibit temporal trends and showed no significant

representation across sampling times and sampling days (p=1).
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A Little Turkey B Wishart

Morning Morning

% Abundance
21

Midday Midday

Sampling Time

Afternoon

Afternoon

Surface - Day 1 Secchi-Day 1 Secchi-Day 2 Day 1 Day 2
Sampling Depth & Day Sampling Day

Figure 3.1 Heatmap depicing the relative abundances of amplicon sequence variants classified

to the phyla Cyanobacteria within the bacterial communityacross a multitime point sampling

series in a stratified (Little Turkey) and non-stratified (Wishart) lake. Amplicon sequence

variants of the V4 region of the 16S rRNA gene classified to the phylum Cyanobacteria were selected
to examine the contribution of cyanobacterial communities to the bacterial communitysatfg&le

and Secchi depth in Little Turkey Lake, arg) Secchi defh in Wishart Lake. At Secchi depth,
cyanobacteria exhibited increased abundances later in the day in the stratified lake but no consistent
diurnal trend in the nostratified lake.
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Table 3.2 Relative abundancess percentagesf cyanobacteria within thebacterial community
and subsequent composition of cyanobactefiaommunities. Values were rounded to two decimal
points and excluded groups that were presemsatthan 1% abundangg.

Taxonomic Day 1 Day?2 Sampling

Group Little Turkey  Wishart Little Wishart Time
Secchi Surface Secchi Turkey Secchi
Secchi

Cyanobacteria  9.91  6.67 4.39 13.42 10.34  Morning
10.74 9.30 5.47 16.28 8.47 Midday

14.62 6.97 7.31 17.53 6.46 Afternoon
Chroococcales 33.55 26.98 2.43 15.66 2.69 Morning
10.18 26.13 3.19 12.54 4.03 Midday

16.27 23.41 1.87 16.30 3.59 Afternoon
Chroococcaceae 12.00 7.13 - 2.85 1.41 Morning
2.20 935 1.09 3.93 1.04 Midday

499 8.58 - 5.52 1.79 Afternoon
Microcystaceae 15.33 16.25 1.08 7.62 - Morning
441 13.26 - 4.01 1.55 Midday

552 10.66 1.09 5.18 1.79 Afternoon
Nostocales 1.33 1.81 - - - Morning
0.72 1.08 - - 0.22 Midday

0.70 2.20 - 0.17 - Afternoon
Oscillatoriales - - - - - Morning
- - - - - Midday

- - - - - Afternoon
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Table 3.2 Continued

Taxonomic Group Day Day 2 Sampling
Little Turkey  Wishart Little Wishart Time
Secchi Surface Secchi  Turkey Secchi
Secchi
Synechococcales 62.03 66.09 91.89  82.00 90.28 Morning
87.77 69.93 93.10 85.70 89.67 Midday
81.19 71.24 89.86 81.39 90.54 Afternoon
Coelosphaeriacea 2.93 1.24 1.35 3.20 1.29 Morning
236 1.92 - 2.32 - Midday
4.29 3.34 - 2.82 - Afternoon
Merismopediacea¢ 1.07 1.41 - - - Morning
- 1.09 - - - Midday
- - - 1.11 - Afternoon
Pseudanabaenace - - 4.32 - 2.58 Morning
- - 14.37 - 1.85 Midday
- - 2.34 - 8.46 Afternoon
Synechococcacea 61.87 66.42 87.57 82.35 87.70 Morning
88.05 70.47 78.74 85.86 87.82 Midday
81.44 71.37 87.52 81.60 82.11 Afternoon

The significant representation of cyanobacterial sequences in the aftetn®ecchi
depthdemonstrates the occurrence of daily water column migrations in Little Turkey Lake.
Previous research has exhibited diurnal cycling arising from daily fluctuations in buoyancy
causing oscillatory vertical migration patterns observed in populatidoward, 2001)The
water column stratification of Little Turkey Lake may create light limited environments at
deeper depthandlight rich environments at the surface. The increase in relative abundances

of cyanobacterial sequences observed atl8a@pth could be a result of upward migration of
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populations from deep, lighimited environments to exploit light availability or the downward
migration ofwater surfacgopulations for avoidance of high light irradianli, 1999)

While the migration to Secchi depth cannot be confirmed without additional sampling depths,
itis expected thattkincrease is driven by the downward migration for avoidance of high light
irradiance (Olli, 1999) and as a result of increased cellular density through accumulation of
photosynthetic product€hu etal., 2007; Xiao etal., 201Zhe observed phenomenain Little
Turkey Lake demonstrates the importance of incorporating sampling time into monitoring
protocols that do not utilize depth integrated sampling. Consequently, the restriction of
sampling to a single timgointor a single décrete deptim stratified lakes may result in vast
underestimation of cyanobacterial abundances.

Dissimilar to Little Turkey Lake, Wishart Lake exhibited similar relative abundances
of cyanobacterial sequences throughout the rtiaiié point sampling ses due to the shallow
non-stratified water column. Vertical distribution of cyanobacteria in shallow lakes thatare not
stratified have been shown to be less dependent on the light (tyelmgs et al., 1991)
supporting the nottemporal response observed in Wishart Lake. Although Wishart and Little
Turkey Lake are interconnected and are located withér dame watershed, both lakes
exhibited differing abundances and diurnal trends indicating the dynamic nature of
cyanobacterial communities in individual systems. The dynamic nature of communities across
sites warrants the development of unique samplimgogols and supports the notion that
universal sampling strategies are near impossible to d@udpel et al., 2011)

In addition to examining the daily trends of cyanobacterial abundances at Secchidepth,
samples collected fromhe surfacen Little Turkey Lake were assessed over time points in a

single day to identify diurnal trends arising between different depths within a stratified water
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column. At the surface, abundances fluctuated across timei(®.80%; Figure 3.1A; Table
3.2) but were condgliently lower than that detected at Secchi depth. Unlike the Secchi depth
community, the relative abundances of cyanobacterial sequences at the safaasot
significantly represented in thacteriakommunity across sampling times (p =Thble C3
indicating no significant increase as time progressed. The differing abundances detected at
surfaceand Secchi depth justifies the incorporation of additional depth sampling into
monitoring protocols because if sampling efforts are restricted to the sucl@rembacterial
populations may be severely underestimated.

It was initially hypothesized that a decreasthiarelativeabundance of cyanobacteria
at the surface would correlate with increases at Secchi depth due to downward water column
migration. Howeer, the depth difference andamount of elapsed time between sampling points
suggests otherwise. Rapid vertical migrations of cyanobacteria have previously been
demonstrateqHunter et al., 2008yvith velocities ypically ranging from 0.01 to 0.40
metres/hour, and for large filamentsDblichospermum circinaléasAnabaena circinalis
being as high as 2.0 metres/h@Westwood and Ganf, 20048 asing migration velocities on
previously reported values, surface cyanobacterial populations in Little Turkey Lake could
theoretically migrate between 0.04 and 1.60 meters or up to 8.0 meters foilrgants in
the elapsed time (~4 hours) between the morning and midday sampling points. However, the
depth difference between the surface and Secchi depth was ~5 m indicating that the observed
change in relative abundances is not a result of discrete giaguimigration from surface to
Secchi depth. Instead, these fluctuations in abundances may be caused by dynamic migrations
of cyanobacteria from nesampled depths including depths between surface and Seechi (

0.01- 5.25 m) or depths deeper than Seaepth {e., >5.25 m) demonstrating the need for
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inclusion of discrete depth sampling throughout éméirety of thewater column to fully
characterize diurnal migrations. While discrete depth sampling can provide highly specific
details on the spatidistribution of populations, elucidating true population size, diversity and
distribution is near impossible in the absence of a full depth profile.

Cyanobacterial sequence libraries were repeatedly rarefied to a normalized library size
of 370 to explore diurnal trends in community diversity (Fig8r2). The diversity of the
cyanobacterial community in Little Turkey Lake at Secchi depth experienced small
fluctuations which were not linked to specific diurnal responses. For example, on the first
sampling day, the Shannon Index decreased from morniaffe¢onoon but on the second
sampling day it increased. Alternatively, Wishart Lake exhibited a peak in diversity at the
midday time point (Figure 3.2A). Across sampling depths in Little Turkey Lake, communities
at the surfacevere found to be less diverd&n Secchi depth communities during the morning
(Figure 3.2B). However, throughoutthe day, the Shannon Index approached equivalent values.
While the diversity of communities ahe surfaceremained relatively consistent, the
cyanobacteria diversity at &ehi depth was observed to experience a slight decrease by
afternoon of the first sampling day indicating the potential for further downward migration in
the stratified layer during the afternoon sampling period. Modifying cyanobacteria monitoring
protocok to be time sensitive and collected atappropriate depths tailored to individual systems
will allow for the collection of data that is reflective of the full genetic and functional diversity
of cyanobacteriecommunities.

To assess similarity between comnities at differing sampling times, lake site and
sampling depththe BrayCurtis dissimilarity was used and visualized using a PCA ordination

on the rarefied data (Figure 3.2C). Cyanobactenanmunities within lakes were found to be
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more similar within lakes than between lakes with distinct clusters formed for Little Turkey
and Wishart Lake. Additional similarity was observed within lakes between sampling time
points across sampling days with the exception of the morning sampling time points for the
firstsamplingday, discussed in further deta8éction 3.3.3The innate dissimilarity between
sampling depths and sampling sites located within the same watershed further demonstrates
the need for development of system specific sampling protocols lecton of ecologically

accurate data.
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Figure 3.2 Alpha and beta-diversity analyses of cyanobacterial communities collected across a
multi -time point sampling series in a stratified (Little Turkey) andnon-stratified lake (Wishart).
Amplicon sequence variants classified to the phylum Cyanobacteria were filtered to characterize
diversity within cyanobacterial communities. The Shannon Index was calculated on rarefied libraries
to evaluate the effects of jAake site and sampling time on community diversity and (B) sampling
depth and sampling time on community diversity. (C) The BEaytis dissimilarity metric was used to
explore similarities in communities between sampling times (Morning = Mo, Midday Afidirnoon

= A), lake site (Little Turkey = LT, Wishart = W) and sampling depth (Su = Surface, Se = Secchi)
demonstrating unigue communities between sampling depth and lake site.

3.3.2Diurnal Trends of Bloom Forming & Toxic Cyanobacterial Taxa

To explore theimpact of taxa specific diurnal responses, the taxonomic and ASV
composition of cyanobacterial communities were assessed. Acrosssamples, atotal of 41 ASVs
classified to the phylum Cyanobacteria were identified including taxa belonging to the
cyanobactedl orders Chroococcales, Nostocales, and Synechococcales (Table 3.3). For
analogous comparatives to information provided in guidelines for monitoring, cyanobacterial
orders were grouped by morphology as follows: (i) Unicellular Tex@ynechococcales
(Cyambium Synechococclis(ii) Coloniali NostocalesNlicrocystis, Radiocystjsand (iii)
Filamentousi Nostocales Anabaena, Aphanizomenoand Pseudanabaen&Order i
Synechococcales). Notably, the gen&seudanabaenanitially was classified as
Oscillatoriales based on the filamentous morphology but recent genomic sequencing and
examination of ultrastructural characteristics has resulted in reclassification into the order
SynechococcaleKomérek et al., 2014; Vidal et al.,, 20215or the purpose of this
investigation, ASVs classified to the gen@®seudanabaenaere includedwith other

filamentous taxa
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3.3.2.1 Unicellular Taxa

Both lakes were dominated across sampling times by sequences classified to the order
Synechococcales (Figure 3.3). Specifically, these sequences were classified to the family
Synechococcaceae (Table 3.2) ethincludes unicellular picocyanobacterial genera such as
Synechococcuand CyanobiumThis taxonomic classification was affirmed through the
creation of a phylogenetic tree (Figure6C.The dominance of Synechococcaceae classified
ASVs across samplingties indicates a lack of distinct diurnal migrations due to the ability of
smaller sized taxt constantly maintain water column position better than larger colonial and
filamentous taxa $ | i wWilE&ewslea et al., 2018; Yamamoto and Nakahara, 2006)
Spatially within Little Turkey Lake, Synechoccaceae ASVs were found in higher
abundances at Secchi depth which may be due to the higher abundance of gas vacuolate taxa
at the surface which is which is discussed in further deteeiation 3.3.2.2However, the
high abundances of Synechococcacea€A&t Secchi depth and the potential toxicity in
picocyanobacterial taxa requires monitoring protocols to not restrict sampling effures to
water surfacalone.

While the cyanobacteria communities in both lakes were dominated by the ASVs
classified o the family Synechococcaceae, large differememgobserved ithe composition
between Little Turkey (Figure 4A) and Wishart Lake (Figure 4B). Specifically, Little Turkey
Lake included 7 ASVs and Wishart Lake included 17 ASMassified to the family
Synechococcaceademonstrating the difference in ASV composition between systems within
the same watershed. ASV848 was found consistently in high abundances in both lakes and
ASV846 was found in high abundances in Little Turkey Lake. Despite belonging sathe

taxonomic family, both ASVs exhibited distinct diurnal trends. For example, ASV848
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exhibited a decrease in abundance atthe midday samplingtime pointbut ASV846 experienced
a peak in relative abundances at the midday indicating the potential igueudiurnal
responses within individual cyanobacterial populations. Although Wishart Lake exhibited
homogeneity in diurnal variation when examining cyanobacteria abundances broadly,
individual ASVs exhibited unique diurnal responses. For example, ASVB5Y,359,
ASV850, and ASV849 were absentin morning periods on both samplingdays butwere present
in the midday or afternoon. The consistent and ephemeral occurrence of different
Synechococcaceae ASVs shows the potential ecological variation presenviduatiaxa

and highlights the requirement farharacterization of cyanobactdr@mmunities within

systems to optimize monitoring efforts.

Table 3.3 Taxonomic classification of potentially bloomforming and toxic cyanobacteria
classified amplicon sequence variants in the diurnal sampling series.

ASV ID Taxonomic Classification Lake Site
ASV819 Nostocales Little Turkey

ASV822 Nostocales Little Turkey

ASV824 Nostocales Little Turkey

ASV838 Synechococcaceae Wishart

ASV839 Synechococcaceae Little Turkey & Wishart
ASV842 Synechococcaceae Wishart

ASV843 Synechococcaceae Wishart

ASV846 Synechococcaceae Little Turkey & Wishart
ASV848 Synechococcaceae Little Turkey & Wishart
ASV849 Synechococcaceae Wishart

ASV850 Synechococcaceae Little Turkey & Wishart
ASV853 Synechococcaceae Wishart
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Table 3.3 Continued

ASV ID
ASV855
ASV857
ASV858
ASV859
ASV865
ASV866
ASV869
ASV921

ASV919
ASV913
ASV 914

ASV806

Taxonomic Classification
Synechococcaceae
Synechococcaceae
Synechococcaceae
Synechococcaceae
Synechococcaceae
Synechococcaceae
Synechococcaceae

Synechococcaceae

Radiocystis
Microcystis

Microcystis

Pseudanabaena

Lake Site
Little Turkey & Wishart
Wishart
Wishart
Wishart
Little Turkey & Wishart
Little Turkey & Wishart
Wishart
Wishart

Little Turkey & Wishart
Little Turkey
Little Turkey & Wishart

Wishart
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Figure 3.3 Heatmap depicting the composition of cyanobacterial communities at the order level

across a multitime point sampling series in a stratified (Little Turkey) and nonstratified

(Wishart) lake. Amplicon segience variants of the V4 region of the 16S rRNA gene were classified
to the phylum Cyanobacteria were selected to examine the taxonomic compaosition of cyanobacterial

communities at (A) surface and Secchi depth in Little Turkey Lake, and (B) Secchi deéyighart

Lake.

Synechococcaleghich contains potentially toxic picocyanobacterial genera.
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Figure 3.4 Heatmap depicting the relative abundances of individual amplicon sequence variants

of interest across a multitime point sampling series in a stratified (Little Turkey) and non
stratified (Wishart) lake. Amplicon sequence viants (ASV) of the V4 region of the 16S rRNA gene
classified to the phylum Cyanobacteria to highlight diurnal responses of common toxic and bloom
forming genera including Synechococcace8gnechococcus, CyanobiynmNostocales Anabaena
AphanizomendnPseudanabaenand Microcystaceadficrocystis Radiocystis Relative abundances

of individual ASVs in cyanobacterial community composition for (A/B) unicellular taxa
(Synechococcaceae), (C/D) filamentous taxa (Nostocalesetadanabaenaand (E/F) colonidaxa
(Microcystaceae) to identify taxa specific diurnal responses.

3.3.2.2 Colonial & Filamentous Taxa

Chroococcales and Nostocales were observed in lower abundances in Little Turkey
(Figure 3.3A) and Wishart Lake (Figure 3.3B) but continued to demonstragsgpecific
differences in the compositional structure of cyanobacterial communities. Little Turkey Lake
had a larger Chroococcales population than observed in Wishart Lake (Figure 3.2; Table 3.2).
Additionally, Nostocales sequences were detected ineLithirkey Lake but were largely
undetected in Wishart Lake. Further uniquenesthettommunities between systems was
observed atthe ASV level. Specifically, ASV806 (classified to the géseisgdanabaernavas
only detected in Wishart Lake (Figure 3.4D) and Nostocales ASVs (ASV8248 89pPwere
only detected in Little Turkey Lake (Figure 3.4C) exhibiting uniquity in cyanobacterial
community structure between systems. Further unique ASV composition wes/ed with
the detection of ASV913 (classified to the gemlisrocystig in Wishart Lake at very low
abundances (Figure 3.4F) but larger abundances of ASV914 (classified to the genus
Microcystig and ASV919 (classified to the genRadiocystiin Little Turkey Lake (Figure

3.4E). These differences observed in the compositional structure of cyanobacterial
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communities between lakes further supports the necessity for unique sampling protocols for
different systems discussed in detaibection 3.3.4.

Within samples, sequences attributed to taxa lilaae previously been reported to
containgas vesicles, includinilicrocystis, AnabaenandAphanizomenonyere detected.
Sequences classified to these genera including ASV824 (classified to theAgeaheeny
and ASV914 (classified to the genMscrocystig, were consistently detectedtié surfacan
Little Turkey Lake potentially because giositive buoyancy regulation due to the presence of
gas vacuoles. Diurnal variation associated with downward nograliiring the daylight was
exhibited in the surface populations of ASV919 (classified to the gRawdlsocystiyas a
consistent decrease in abundance was observed from morning to afternoon exhibiting the
expected diurnal migration trend. While taxa withs gaesicles were detected regularly in
surface samples of Little Turkey Lake, ASV819 (classified to the gémabaenaand
ASV822 (classified to the order Nostocales) were only detected at Secchi depth indicating that
gas vacuolate taxa may be found de@péne water column and supporting the distribution of
cyanobacteria through the photic zone and not only as surface accum(latainam et al.,

2008) The pesence of taxa with gas vesicles outsidthefwater surfacdiurnally signifies

the importance of conducting sampling at additional depths for accurate monitoring.

3.3.3 External Disturbances Impact Cyanobacteria Distribution

Evaluation of community dissinality between samples revealed that the
cyanobacterial communities at Secchi depth in the morning of the first sampling day were
highly similar to thesurfacecommunities in Little Turkey Lake, a phenomenon that was not
observed subsequently (Figure 3.2C). Although the taxonomic composition of the surface and

Secchi depth cyanobacterial communities showed similar order level composition across
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sampling times (Fgure 3.3A), the relative abundance of the order Chroococcales, was found
in higher abundances at Secchi depth in the morning of the first sampling day resembling
values detected alhe surfaceThe ASV composition revealed similar results with ASV919
(classified to the genuRadiocystisand ASV914 (classified to the gendgrocystig detected

at higher abundances in the morning period of the first sampling day (Figure 3.4E). In the
overnight period preceding the morning of the first sampling day a heanfal event
occurred. Storm events have previously been shown to result in downward mixing of
cyanobacterial populatior(8Valsby et al., 1997yhich likely resulted in redistribution of
water surfaceopulations throughout the water column of Little Turkey Lake. While the
composition of the Secchi déptommunity in the morning period of the first sampling day

did not resemble subsequent Secchi depth communities, the water column and community
composition restabilized by midday. Due to the impact of external disturbances on water
column mixing and cyarumacteria distribution, sampling should be temporally delayed
following weather inducednixing events to allow for water column-stabilization and
redistribution of cyanobacterial populations.

Unlike Little Turkey Lake, Wishart Lake did not exhibit obwuis impacts in the
distribution of cyanobacteria following the rainfall event. High dissimilarity in community
composition was not observed between the morning of the first sampling day and subsequent
time points (Figure 3.2C) and taxonomic compositioe@imunities at the order level were
consistent across sampling times (Figure 3.3B). Previous diurnal studies on freshwater
microbial communities did not show an impact of meteorological conditions on bacterial
abundanceg-ilippini et al., 2008)ndicating that the response to meteoroloocaditions

may be system specific. The potential for system specific responses to external mixing events
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as demonstrated in Little Turkey and Wishart Lake further signifies the importance of utilizing

unique protocols tailored to system dynamics.

3.3.4Implic ations for Cyanobacteria Monitoring Sampling Protocols

Sampling protocols designed to reflect cyanobacterial ecology is critical for accurate
representation of the community. Sampling protocols and guidelines frequently provide
guidance on appropriate sahmg time and sampling depth to ensure accurate monitoring
(Table 3.4). However, these recommendations can range widely from providing design
features that rely on wuser i nterpretation (e
samplingconditonsg . g. , i1 ®.amn.mMm., depth integrated samp
of recommendations asis the case forappropriate samplingtimes. In this study, cyanobacterial
abundances continued to fluctuate between the hours of 9 a.m. and 4 p.m. demotisitating
large, generalized time frames are too broad to apply universally to varying aquatic systems.
The reliance of depth integrated sampling allows for comprehensive characterization of the
cyanobacterial communities throughout the entire water columrmawsitigle sampl@Ministry
for the Environment and Ministry of Health., 2009; Newcombe, 2009; Ohio Environmental
Protection Agency, 2013; Sarnelle et al., 2010; University of New HampsKkiemter for
Frestwater Biology, 2010) Alternatively, discrete depth sampling can characterize trends in
spatial distribution at critical depthsin the water (e.g., water intake pipes; Graham et al., 2008)
but if this sampling is restricted to a single depth it carmecbunt for heterogeneity in
cyanobacterial distribution (Vidal et al., 2014). Optimally, full discrete depth profiles would
be conducted to characterize spatial distribution of cyanobacterial communities. However,
with limitations of time and resourcespith integrated sampling is an appropriate technique

for providing an overview of cyanobactdnmopulations that encompasses diurnal migrations.
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Table 3.4 A summary of cyanobacteria monitoring sampling protool recommendations for
sampling time and sampling depth and the potential impact on detection arising due to diurnal
migration cycles.

Sampling Impact on Detection References
Protocol
Design
Feature
Recommended Sampling Time
No optimal ' Inconsistent and/or arbitrary samplir Chorus et al., 2000; Chorus and

sampling  time will result in variation in the Bartram, 1999; Graham et al.,

time detection of cyanobactetia 2008; Sarnelle et al., 201Board

advisory populations. of Directors-Colorado Lake &
Reservoir Management
Association2015

10a.mi 3 Cyanobacterigpopulations will Klamath river blue green algae

p.m. experience fluctuations duringthe  working group, 2009; University ¢

large timeframe. Samples collected New Hampshire Center for
10 a.m. will differ in composition Freshwater Biology, 2010
from samples collected at 3 p.m. du

to water column migration resulting i

the potential for missed detection or

underrepresentain of cyanobacteria

populations.
A Lat er Sample collection time is dependeni Newcombe, 2009
the déon user interpre

d a y dch orémtes bias from the

interpretation of sampling protocol.
Morning Samplingat the surface the morning Ministry for the Environment and
(for surface period is appropriate due to known Ministry of Health., 2009
sampling  trends in water column migration of
only) cyanobacterigpopulations.

Recommended Sampling Depth
Integrated Integrated depth sampling accounts Ministry for the Environment and

water for the potential of daily variation in  Ministry of Health., 2009;

column cyanobacterigpopulations. Newcombe, 2009; Ohio

depth Environmental Protection Agency
sample 2013; Sarnelle et al., 2010;

University of New Hampshire
Center for Freshwater Biology,
2010;Board of DirectorsColorado
Lake & ReservoiManagement
Association, 201XIlamath river
blue green algae working group,
2009
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Traditional cyanobacteria monitoring is performed using microscope counts or
chlorophylta analysifChorus et al., 2000However, advances molecular techniques and
computational analysis have provided new avenues to gain further insight on cyandbacteria
populations. Amplicon sequencing of taxonomic marker genes, such as the 16S rRNA gene, is
a rapid and sensitive technique to charactenmzierobial communities, including
cyanobactericommunity composition. Additionally, information on potential for toxicity can
be obtained through amplicon sequencing of toxin genes or metagenomic sequencing. Gaining
further insight into the potential fdoxicity prior to toxin detection allow/for proactive
management rather than reactive management of source waters (Chapman, 2010). Although
amplicon sequencing has revolutionized our ability to study microbial communities, amplicon
sequencing data cannhprovide absolute quantification of abundances and is inherently
compositiona{Glooretal., 2017Wwhichintroduces challenges in the interpretation of changes
in community structureFor example, arobserved decrease in in relative abundances of
cyanobacteria, may only be an artifact of increased sequence abundances of other taxonomic
groups and not be representative of an actual absolute decrease in cyanobacterial populations.
The inherent compositial nature of amplicon sequencing data and the inability to provide
information on absolute abundances for monitoring purposes would require further support
from traditional cell enumeration techniques or other molecular techniques (e.g., flow
cytometry(Patel et al., 2019y PCR(Chiu et al., 2017)to ensure accurate quantification of
cyanobacterial populations.

Insightsinto cyanobacterial dynamiesebecoming increasingly accessible with the
application of modern molecular techniques but these techniques are limited to the accuracy

of samples collected for analysis. In addition to when and where samples are collected, how
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samples are collected can@sgnificantly impactdetection capabilities. The collection of raw
unfiltered water, as performed in this study, allowsfetectiorof small sized taxa which may
otherwise be excluded through use of equipment such as plankton nets. Tiaossize
exclusionary sampling equipment (e.g., Van Dorn samplers, peristaltic pumps, Kemmerer
bottles; Graham et al., 2008hust bestandardizedn sampling protocols to ensure the
collection of accurate datdVhile guidelines and resources are available to assist in the
development of sampling protocols for monitoring, these should be viewed as starting points
to characterize @nobacterial communities and should be adapted to the dynamics of the
system of interest. The efficacy of cyanobacteria monitoring protocols is dependent on
understanding the systemincluding physiochemical characteristics (e.g., thermal stratification)
and cyanobacterial community structufeobel et al., 2011; Welker et al., 202dh)ich can

only be achieved through more intensive monitoring effdrts.optimize cyanobacteria
monitoring, protocols must be tailored to specific systems, even when sites are loitlzited w
the same watershed, and must incorporate sampling time to reflect diurnal variability. Initial
characterization of cyanobacterial communities should account for spatial and temporal
distribution through inclusion of discrete depth sampling acrosthgepfiles over a mulki

time point sampling series using neize exclusionary sampling equipment. Detailed
knowledge on the community composition and spatiotemporal variability of systems is
necessary for development of ecologically accurate samplingguoits. While sampling
efforts may be limited due to time and resources, the reduction in sampling efforts may result

in missed changes in cyanobacterial communities which may impose threats to water quality.
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3.4 Conclusions

A

The potential for diurnal migratioshould be reflected in cyanobacterial monitoring
programs through the inclusion of multiampling times or at minimum, conducting
sampling at an ecologically significant time of day.

Sampling of lakes must not be restrictedwater surfaceand should incorporate
multiple depths to reflect spatial heterogeneity in the water column.

The positive buoyancy of cyanobacteria with gas vesicles may frequently be
concentrateat the surfaceutis not limited to the surface with occurrence at deepe
depths in the water column.

Rainfall or wind induced mixing events such as those observed in this investigation
may significantly impact cyanobacterial community composition and distribution.
Cyanobacterial monitoring may be enhanced through the iocatipn of system
characteristics (e.g., thermal stratification) and characterization of communities for

design of sampling protocols that are system specific.
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Chapter 4
Ear Bepyasoma&lr e asRed aithkbueadanPet @orti al | vy
ToxiCganobact A&rcancerning i mpact of C

Protracting the Vernal Wi ndow in Nor

4.1 Introduction

Steady increases in harmful algal blooms (HABs) have been observed in freshwater
environments for decades as aresultof increas&ent availability associated with changing
climate and anthropogenic activities, including watershed and land development, construction
of dams/impoundments, river diversion, deforestation, and environmental discharges acting as
pointand norpointsouces(Creedetal., 2015; Emelko etal., 2016; Winter etal., 20/h)e
the term 6algaedé is utilized frequently whe
types of organisms present within tdisersegroup is critical for understanding their roles in
aquatic ecosystems and potential impacts to wateritgu&hotosynthetic cyanobacteria
included in this group threaten water quality through the formation of dense blooms and the
production of secondary metabolites including taste and odor compounds (e.g., geesmin, 2
methylisoborne@MIB] ) and several cyamoxins of human and environmental health concem
(Harke et al.,2016; Huisman et al., 2018; Paerl, 2014; Vu et al., 20ZBgse include
hepatotoxinge.g., microcystins, nodularin, cylindrospermopsin), neurotdrgs, saxitoxins,
anatoxina, anatoxinra(s), homoanatoxira), cytotoxins (e.g., aplysiatoxin,
debranoaplysiatoxin, lingbyatoxin, lipopolysaharidendotoxin), and skin  and
gastrointestinal irritantCheung et al., 2013)A nonphotosynthetic sisteclade of

cyanobacterid Melainabacteri@ was recently identified in groundwater, tap water,
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municipal wastewater stabilization ponds, and the humafyRienzi et al., 2013; Soo et
al., 2014)which mayhypotheticallyserve as aovelcontributor to toxicity (Nune€osta et
al., 2020.

Fundamental physiological differences found between different algal taxa influence their
distribution(Irwin et al., 2012, 20068)ith growth being limited by temperature resultimg i
specific seasonal and geographical distributions of popula(Bogterwick et al., 2005; Dell
et al., 2011)Lakes in temperate regions exhibit seasonal succession of algal populations
driven by changes in water temperature (Butterwick et al., 2005; Dell et al., 2011), light
availability, water column stratificetn, and nutrient availability which are influenced by
meteorological condition@Rusak et al.,, 2018) Whi | e exceptions exi st
succession of algal populatisFanesietal., 2016)ypical trends inemperate systems consist
of winter communities dominated by cryptophytes, chrysophytes and diai@uall et al.,

2016; Felfoldi et al., 201@hillips and Fawley, 2002jhigh abundances of diatoms in the
spring(Jaworska and Zdanowski, 20; Winder et al., 2009jollowed by the dominance of
green algaéStaehr and Birkeland, 2006; der et al., 2009; Winder and Hunter, 2088
cyanobacteria in the summ@taehr and Birkelan@006; Winder et al., 2009; Winder and
Hunter, 2008)

Although algal populations are present yeaund, research and sampling of aquatc
ecosystems has largely focused on the spring and summer resulting in a critical gap in
knowledge and understandioig winter limnological processéselfoldietal., 2016; Wilhelm
et al., 2014)Winter sampling can often be logistically complicated (e.g., difficult to access
sampling sites, safety) and traditionally,iceo ver ed systems hamaatbBbeen

further resulting in a lack of interest in winter procegsesfoldi et al., 2016; Hampton et al.,

84

t

\



2015; Powers and Hampton, 2016lowever, recent research has revealed the presence of
unigue niches in microbial and phytopkion communities adapted to low temperatures and
low light during the winte(Phillips and Fawley, 2002; Tran et al., 2018 further concem,
winter cyanobacterial blooms have been detected under isgstemgWejnerowski et b,
2018)demonstrating thenportanceof developing seasonally inclusive monitoring designs to
advance knowledge on winter community dynamics.

In addition to the seasonal occurrence and dominance of taxa within the phytoplankton
community, organisms ararely homogeneously distributed within lak@gr, 2017; Vidal et
al., 2014)Water currents results in patchy distribution acrossdifferent areas of aquatic systems
(Cyr, 2017)but organisms may also be vertically distributedr@sponse to gradients in
temperature, ligh and nutrient availabilitf J a k u b 0 ws k aWasietewskaS 2085 N g
Vidal et al., 2014pr as a result of cell sii€hienetal., 20 3 ; $ | -WilkzewWskakenal.,
2018) Picocyanobacteria, cells ranging in 0.2.0 um in size, are able to maintain their water
column position $ | i wWilEsvkska et al., 2018nd other cyanobacteria may have gas
vacuoles which allow for buoyancy regulation and subsequently determination of water
column position(Pfeifer, 2012) For example, picocyanobacteria can grow in low light
intensity environments at deeper depthd a k u b o w s k AVasielewskaS20 Eayhike g
large Microcystiscolonies may be found closer to the surface dugdsitive buoyancy
regulation(Visser et al., 2005)The association of cyanobacteria with the formatibimlooms
at the surfacéas resulted in sampling protocols focused on visual detection of biomass
(Chorus and Bartram, 1999; Newcombe, 2003)@anobacteria have typically been assotiate
with the ability to withstand higher levels of light irradianterther supporting the notion to

focus sampling efforts ahe water surfagebut recent research has revealed higher light
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sensitivity in cyanobacteria resulting in cellular dam@ecraft et al., 201%uggesting that
populations may not be concentrated at the surface as traditionally expected. Additionally,
picocyanobacteria have been detected in higher abundances in the upper hypdfigkion
and Agbeti, 1991further demonstrating the need to sample deeper depths.

Although previous research has characterized the spatial and seasonal variability in
phytoplankton communities, these characterized trends may be challenged as a result of
shifting environmental conditions imposed by climate change. Specifically, in northem
temperate systems, temperatures have significantly increased, growing seasons have
lengthened, and precipitation has declined and shifted such that additional peaks in
precpitation and discharge are observed in the late fall (Creed et al., 2015). Due to the
interaction and linkage between terrestrial and aquatic ecosystems, factors such as the vernal
and autumnal windows may significantly impact cyanobacterial dynamicsd€taé, 2015).

The vernal window has bgegodthat maks ih@andof winted e f i n e c
and start of the growing season during which rapid shifts in ecosystem energy, water, nutrient

and carbon dynamieaal, 2017,andrithe aubumnal@maotv asshe period

between the canopy leaf fall and onset of snowpack by Creed et al., 2015. Both windows

signify periods of high flow associated with spring snow melts and autumnal storms resulting

in high periods of tegstrial runoff (Creed et al., 2015) directly impacting the physical
characteristics and subsequently the ecological characteristics ofCakessta et al., 2017)

While these terms are typically used in reference to terrestrial sydtesss,periods of rapid

shifts in energy, nutriesand carborare also applicable tweshwatevernal and autumnal

windows as evident by the prevalence of cyanobacterial blooms into the late fall in oligotrophic

lakes in Ontario (Winter et al.,, 20118lthough previous research in this realm has been
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conducted, its of note that studies on algal blooms in North American temperate systems have
not examined the (i) direct impacts on lakes located within a northern temperate forested
watershed and (i) cyanobacterial community dynamics in absence of visual biomass
warranting further evaluation of shifting trends in spatiotemporal variation as a result of
climate change.

The spatial and seasonal trends in cyanobacterial community composition were evaluated
using 16S rRNA gene amplicon sequencingto explore cyanobadteramics in oligotrophic
lakes within a northern temperate forested watershed and to identify the potential downstream
effects of shifting vernal windows on these systems. Specifically, depth profiles were used to
evaluate vertical distribution patterdaring the summer, and seasonal trends were evaluated
over an interannual period in three oligotrophic lakes to elucidate spatiotemporal trends in
cyanobacterial community compositidrhe exploration of spatiotemporal trends presentin
cyanobacteria comnmities provides a comprehensive evaluation on the potential impact of
samplingmonth and depth on water quality sampling protocols and will provide critical insight
on developing ecologically meaningful sampling protocols for cyanobacteria in oligotrophic
lakes. Additionallythe inclusion of seasonal sampling in the winter will continue to advance

the fields of winter limnologyandwinter cyanobacterial dynamics.

4.2 Methods

4.2.1 Study Site: Turkey Lakes Watershed

The Turkey Lakes Watershed (TLW) Study was esshield in 1980 to investigate
ecosystem effects of acidic atmospheric depositideffries et al. (1988provided a
comprehensive deription of the physical characteristics of the watershed. In brief, the TLW

is situated about 50 km north of Sault Ste. Marie, Ontario on the Canadian Shield in aruneven
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aged tolerant hardwood and mixed conifer forest landscape. Geological parerdlsatére
watershed consist of Precambrian silicate greenstone (i.e., metamorphosed basalt) (Semkin and
Jeffries 1983 glacial till overlies the bedrock. At higher elevations (i.e., Wishart Lake), the

till thickness is less than 1 m, with frequent surfaxposure of bedrock; there is substantially
more till (1 to 2 m) at lower elevation (i.e., Big Turkey Lake, Little Turkey Lald¥ries et

al., 1988) It consists of four interconnected lakes that are classified as oligotrophic to
mesotrophic and fed by both first order streams and groundwater: Batchawana Lake, Wishart
Lake, Little Turkey Lake and Big Turkey Lake (Figure 1.1)cEpt for Wishart, each of these
lakes thermally stratify during summer and winter annually (Figure Al). Widdced mixing

in this shallow lake generally prevents thermal stratification. During periods of stratification,
oxygen is depleted in at lower laklepths; zones of anoxia sometimes develop in Batchawana
and Little Turkey Lakes. Macrophytes are abundant along the margins of the lakes
(Smokorowski et al., 2021and cyanobacteria were historically identified as dominant

members of the phytoplankton communities (Jeffries et al.8)198

4.2.2 Sample Collection

To explore seasonal and iM@nnual variability ofbacteriacommunities (especially
cyanobacteria), water samples were collected betdelgi2018 and January 2020 Secchi
depth (during icdree periods) and 0.25 m below i¢@uring periods of ice coverat the
deepestlocations in Big Turkey, Little Turkeand Wishart Lake$Specifically, samples were
collected once a month in JuAugust 2018, October 2018, Februdwarch 2019, May
August 2019 and January 2020bhis is thewater depth at which light penetration is
approximately 1% of surface illumination; it is considered to be the maximum depth at which

there is generally sufficient light for photosynthd@iskata et al., 19885ecchi depth was
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measured in a standardized manner from the shaded$ia boat by two individuals. In
addition to the longerm seasonal sampling, a second more detailed sampling program was
undertaken in July and August of 2018. Here, samples were collected from the water surface,
Secchi depth and one meter below Seadpth at each lake site to describe the vertical
distribution of cyanobactedi@ommunities within the water column, including depths of
especially low light intensity that have not been widely investigated. Details regarding the

sampling program are praled in Table A2.

4.2.3 DNA Extraction & 16S rRNA Gene Amplicon Sequencing

DNA extraction was performed using the DNeasy PowerSoil Kit (QIAGEN Inc., Venlo,
Net herl ands) following the manuf acturerds
columns for 15 rmmutes prior to elution of the DNA extract. DNA was quantified using a
NanoDrop spectrophotometer when possible (Taki®9. Although the detection limit is
reported as 2npl (Thermo Fisher Scientific, 200@psolute valuesave been shown to be
lessaccuratgor DNA concentrationgessthan 10ng/pl(Khetan et al., 2019) resulting in
potentially erroneouguantificatiorfor low concentration environmental samples used in this
study. The DNA extracts were submitted for ampliceequencingsing the lllumina MiSeq
platform (lllumina Inc., San Diego, United States) at a commercial laborditatagenom
Bio Inc.,Waterloo, ON). Primers designed to target the 16S rRNA gene V4 region [515FB
(GTGYCAGCMGCCGCGGTAA) and 806RB (GGACTACNVGGTWTCTAAT)] (Walters

et al., 2015)ere used for PCR amplification.

4.2.4 Sequence Processing & Library Size Normalization
The program QIIME2 (v. 2019.1®olyen et al., 2019)vas used for bioinformatic

processing. Demultiplexed paireohd sequences were trimmed and denoised, including the
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removal of chimeric sequences and singleton sequence variants, using D)&Bkghan et
al., 2016)o construct the amplicon sequence variant (ASV) table. Taxorndassification
was performed using a NaiBayes taxonomic classifier trained usingthe SILVA138 database
(Quast et al., 2013; Yilmaz et al., 201Faxonomic assignments for amplicon sequence
variants (ASV) classified as Cyanobacteria at the phylum level were manually curated to
reflect taxonomi@ssignments above the genus lemabrding to AlgaeBasdn addition to
the manual curation of the higher taxonomic levels of cyanobacterial sequences, sequences
classified as Melainabacteria are discussed herein with other sequences classified as
photosynthetic cyanobacterial genéihile Melainabacteria have previously been included
as an order within the phylum Cyanobactevithin databases such as SILVA (Quast et al,,
2013;Yilmaz et al., 2014)more recently, it has been proposed the phylum Cyanobacteria is
restricted toganisnslinythe idonaih badteria dble to carry out oxygenic
photosynthesis with water as an electron donor and to reduce carbon dioxide as a source of
car bon, or those secondarily -Peheloet al.e2D19f r o m
resulting in the sgregation of Cyanobacteria and Melainabacteria to separate taxonomic
groups. However, for the purpose of this research, reflecting the classifications presented in
the SILVA databas€Quast et al.,, 2013; Yilmaz et al., 2014equences classified as
Melainabacteria are presented herein with other photosynthetic cyanobacterial sequences for
brevity and to highlight the impact of ngrhotosynthetic organisms in microbial processes.
As more research is conducted on these organisms, this decision may nélebtveeof
current accepted taxonomic status and should be noted.

Files from QIIME2 were imported into R (v. 4.0.1) for downstream analysesgisimfR

(v. 0.99.23; Bisanz2018). Initial sequence libraries were filtered to exclude amplicon
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sequence variants that were taxonomically classified as mitochondria or chloroplast sequences
using phyloseq(v. 1.32.0;McMurdie and Holmes, 2012Jor cyanobacterizommunity
analysis, sequence variants classified as Cganteria at the phylum level were filtered to
create libraries consisting of only cyanobacteria classified sequences. Samples were repeatedly
rarefied without replacementto normalized library sizes usinlgn (Cameron and Tremblay,
2020).Cyanobacteriatommunities were repeatedly rarefierl824 readdor community
analysis of the longerm seasonal samples and summer 2018 depth profile sarbpies

term seasonal samples were repeatedly rarefied to a normalized library size of 824 reads for
cyanobacteriecommunity analysis. Samples with less than 500 cyanobacteria sequences were

excluded from thseasonatliversity analyses.

4.2.5 Taxonomic Composition & Community Diversity Analyses

Stacked bar charisere createtb visualize the bacterial commity compositioras
relative abundances of major phyleross the sampling regimesingmirlyn. The composition
of cyanobacteriatommunities wagurtherassessed at the taxonomic order level, and relative
abundances were visualized using a heatmaptiRelabundances were randomized across
phyla within samples to identify significantly dominant groups withintheteriacommunity
in relation to samplingonditionswith a Bonferroni correctionVhile a pvalue of 0.05 is
frequently viewed as the thresld for significance, due to the heterogeneity and high
variability presentin environmental systems;eghue of 0.2 has been selected as the threshold
for significance in these communities.

To confirm the taxonomic classification performed by the Ndages classifier, a
phylogenetic tree was constructed in MEGA X using cyanobacterial reference sequences and

sequences from samples (Figube4). Sequences classified to the genera highlighted in
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guidelines for sampling protocol deigfSraham et al., 2008; Vidal et al., 202agluding
Microcystis AnabaenaAphanizomengrPseudanabaen andSynechococcusere evaluated

further because of the importance of blooand toxinforming taxa for water quality
management, though notably, other taxa contributed to the compositional structure at the order
level. Sequences classified to two additional genera weeeimtluded hereirRadiocystis

can carry 16S rRNA genes that are identMalrocystis(Vidal et al., 2014and can produce

toxin (Vieira et al., D03) Cyanobiumis a potentially toxic picocyanobacteria that is
increasingly implicated as a contributor to phytoplankton bloprgsl i wWilE&svkslea et

al., 2018) Relative abundances of selected cyanobacterial sequences were visualized using a
heatmap and were evaluated based on unicellular, filamentous, or colonial morphologies to
characterize tee¢specific trends.

Community diversity analyses were performed usinglyn on repeatedly rarefied
libraries. The Shannon Indgghannon, 1948yas analyzed to identify trends in alpha
diversity as a function of sampling depth or sampling moiith.exploresimilarity in
community compositiorrarefied librariesvere transformed using a Hellinger transformation
and then used to calculate Br&yrtis distance¢Bray and Curtis, 19574)sed in principal

component analysis (PCA).

4.3 Results

4.3.1 Spatiotemporal Variation of Cyanobacterial Communities

Within the bacteriacommunity, compositional shifts were observed seasonally with
distinct fluctuations in the relative abundances of cyanobacterial sequénicest(31%;
Figure 4.1; Table 4.1). In Big Turkey Lake, these sequences were significamtégeated in

the bacterial community in allieBee samplingmonths (p <0.05; Tabl8) exceptfor August
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2018 where they were significantly represented (p = 0.1). During the summer months (June,
July, August) in Little Turkey and Wishart Lak®janobacteriavere significantly represented

in the bacterial communities (p < 0.009), apart from August 2018 fdr lages (p = 1).
However, unlikethe bacteriacommunities observed in Big Turkey Lake, cyanobacterial
sequences were not significantly represented in October and May in both Little Turkey and
Wishart Lake (p = 1) indicating system specific seasonal tre@ysnobacterial sequences
were not significantly represented during the-coxered months of February 2019, March
2019 and January 2020 in Big Turkey (p > 0.96; Tab®), Little Turkey (p = 1), and Wishart
Lake (p = 1) coinciding with the detection ofinimal abundances or complete absence.
Although cyanobacteria comprised less than 1% of the total bacterial community duringice
cover months, the detected sequences were largely compossi stlassified to the poorly
studied nonphotosynthetic basallineages of cyanobacteria, Melainabacteria and

Sericytochromatia (Figure D Table 4.1).

93



100% —

75%

50% -

Aanin) G1g

Classified Phylum
. =1% Abundance

09 - L . Acidobacteriota
100% Actinobacteriota

. Armatimonadota

25%

©
o .
§ ™% _ B sacercicota
= = . Bdellovibrionota
@
< 50% = . Chloroflexi
_2 E . Cyanobacteria
% Firmicutes
r 25%
. Myxococcota
Planctomycetota
0% - — )
100% 4 . Proteobacteria
Unknown
. Verrucomicrobiota
75%
=
50% 1 g
=
25%
0% - —

18-Jul 18-Aug 18-Oct 19-Feb 19-Mar 19-May 19-Jun 158-Jul 19-Aug 20-Jan
Sampling Month

Figure 4.1 Stacked bar chartsdepicting the relative abundances of major bacterial phyla
identified from amplicon sequencing of the V4 region of the 16S rRNA gene across a multi
seasonal timeframe in a norstratified lake (Wishart), a mid-sized stratified lake (Little Turkey)
and deep stratified lake (Big Turkey).
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Table 4.1 Relative abundancess percentagesf cyanobacterial sequences represented within
the bacterial community, and the relative abundances of taxonomic orders that compose the
cyanobacterial community across a seasonal period.

Taxonomic Level Big Turkey  Little Turkey Wishart Sampling Month

Cyanobacteria  26.99 23.57 18.46 18-Jul
11.81 8.54 3.84 18-Aug
10.10 1.20 0.905 18-Oct
0.166 0 0.0104 19-Feb
0.181 0 0 19-Mar
11.07 0.77 1.51 19-May
56.31 22.04 21.14 19-Jun
36.60 34.23 20.46 19-Jul
30.35 23.99 14.37 19-Aug
0 0.0651 0.112 20-Jan
Chroococcales  3.19 10.33 5.17 18-Jul
14.00 11.22 0 18-Aug
8.60 0 1.50 18-Oct
0 N/A 0 19-Feb
0 N/A N/A 19-Mar
0.22 0 0 19-May
0.53 3.75 1.00 19-Jun
11.70 10.49 1.58 19-Jul
29.14 11.87 2.80 19-Aug
N/A 42.86 0 20-Jan
Nostocales 0 0.43 0.12 18-Jul
0 0 0 18-Aug
1.73 1.79 0.75 18-Oct
0 N/A 0 19-Feb
0 N/A N/A 19-Mar
0 0 0 19-May
0 1.20 0.71 19-Jun
0.09 0 0 19-Jul
0.28 0.22 0 19-Aug
N/A 0 0 20-Jan
Synechococcales 96.41 87.25 92.53 18-Jul
84.36 87.96 93.20 18-Aug
89.03 93.91 90.23 18-Oct
100 N/A 0 19-Feb
100 N/A N/A 19-Mar
99.78 100 100 19-May
99.47 94.56 97.27 19-Jun
87.95 89.17 96.03 19-Jul
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Table 4.1 Continued

Taxonomic Level Big Turkey  Little Turkey Wishart

Synechococcales 69.04

Non-Photosynthetic Orders

Caenarcaniphilales

Obscuribacterales

Sericytochromatia

Vampirovibrionales
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Table 4.1 Continued
Taxonomic Level Big Turkey Little Turkey Wishart Sampling Month

0 0 0 19-Jul
0.27 0 0 19-Aug
N/A 0 0 20-Jan

To further evaluate the dynamics of cyanobacterial populations during the summer
months when cyanobacteria were abundant, the lakes were sampled across a depth profile in
July and August of 2018 to identify spatial variation in the water column distribbwiio
populations. Varying spatial trends were observed in cyanobacterial abundances (3.84
27.27%) in thebacterial communities between lakes sites (Figure 4.2; Table 4.2).
Cyanobacterial sequences were significantly represented lratherialcommunityacross all
sampling depths in Big Turkey and Wishart Lake in July 2018 (p < 0.Q0C0#e D49
indicatingthe presence of high abundances distributed throughout the water column. Although
sequences were significantly represented across all sampling deing Turkey Lake,
abundances were observed to increase across depth with a maximum observed at the deepest
sampled point (45.53%). Alternatively, sequence abundance in Wishart Lake did not
experience large fluctuations across depths and exhibited ahnoregeneous distribution
throughout the water column (3.841.77%). In Little Turkey Lake, cyanobacterial sequences
were only significantly represented in thacteriakommunity at Secchi depth in July 2018 (p
= 5.44e05) andhotsignificantly represerd atthe surfacd€p =0.29) and below Secchi depth
(p = 0.53). Similar to the results obtained in the seasonality study, sequences were not
significantly represented across sampling depths in Wishart (lmkel) depths and &te
surface and Secchi depthin Little Turkey Lake (p = 1) in August 2018, corresponding to the

seasonal decrease in cyanobacterial populations withiaitteriacommunity. Alternatively,
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they werenotsignificantly represented in thacteriacommunities of Bigurkey Lake across
sampling depths in August 208 < 0. 45) and at the deepest sampling point in Little Turkey
Lake (p = 0.44). Due to the diversity in distribution arising from cellular morphology, specific
spatial distribution trends of cyanobactegaimmunities are discussed in further detail in
Section 4.3.2.

Sequence libraries were repeatedly rarefied to a normalized library size of 824
seqguences to evaluate the spatiotemporal variation observed in cyanobacterial community
diversity. It is of notehat the ability to examine seasonal trends in diversity were limited due
to the low sequence counts presentin samples outside of traditional field seasons (e.g., October
i May). However, of the data that could be analyzed, seasonal trends in comnemsityd
were revealed between i¢ee sampling months. In Big Turkey Lake and Little Turkey Lake,
similar Shannon Index values were observed in July and August (Figure 4.3A). In Wishart
Lake, communities were more diverse in July than August. In adddidrends between
sampling months, interannual variation between sampling years was detected in Big Turkey
and Wishart Lake. In July and August 2019, Big Turkey Lake exhibited higher community
diversity and Wishart Lake exhibited lower community diversiiynparatively to the 2018
sampling months.

Cyanobacterial communities were observed to show both dissimilarity between lakes
and between sampling months (Figure 4.3B). Communities were unique between the
interconnected lakes located within the same vsated. Within Wishart Lake and Little
Turkey Lake, there was high similarity in cyanobacterial communities between sampling
months in different years showing similar community composition occurring anntrally.

contrastthe communities of Big Turkey Lak@ewed more variation in composition with the
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May sample being most dissimilar from other sampling months. High similarity was observed
between August communities of differing years in Big Turkey Lake but more dissimilarity in
July of different sampling yea further demonstrating the occurrence of interannual variation
in community composition. Although Big Turkey, Little Turkey and Wishart Lake are
interconnectedunique cyanobactediaommunity composition was observed between lakes.
This supports the neefor systemspecific monitoring to ensure accurate detection of
cyanobacteria communities.

In addition to the seasonal trends observed in cyanobacterial diversity, spatial trends
were also identified. In August of 2018, the cyanobadteaenmunity divesity was highest
at the surfacef all three lakes with comparable values of the Shannon Index detected (Figure
4.4A). Additionally, the diversity values of Big Turkey and Little Turkey Lake in August were
comparable. In JultheShannon Indexaluesveresimilar across all three sampling depths
in Wishart Lake supporting that wetiixed water columnsresults in homogenous distributions
creating similar diversity values at all sampling depths. In Big Turkey Lake, similar diversity
values were detected abth surface and the deepest point, with highest values measured at
Secchi. Comparable values were also detected in cyanobacteria diversity at Secchi depth
between Big Turkey and Little Turkey Lake in July and comparable values to those detected
in August.Little Turkey Lake showed similar trends in diversity between sampling months.
Wishart experienced a decrease in cyanobacteria diversity from July to August while
alternatively, the surface and deep sampling points in Big Turkey experienced marked
increass in diversity from July to August.

Cyanobacterial communities showed distinct compositional similarities within lakes.

Wishartand Little Turkey Lake communities showed high similarity between sampling months
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(Figure 4.4B). Within Little Turkey Lakecommunities collected at the same sampling depth
were found to be more similar. However, the surface communities of Little Turkey Lake
between sampling months showed higher dissimilarity than observed at Secchi depth and
below. Similar to the seasonal vdita, cyanobacterial communities in Big Turkey Lake
showed the largest dissimilarity between sampling points. Communities sampled during the
same month, but different depths showed more similarity than communities sampled at the
same depth in different sgoling months. However, communities were still distinct at different
depths. This suggests that in deep, stratified, oligotrophic lakes, distinct communities occur
spatially and seasonally and may create challenges in monitoring with the conjunction of
diurnal variation (Chapter 3). Alternatively, in the shallow, retratified lake, seasonally and

spatially unigue communities did not occur.
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Figure 4.2 Stacked bar chartsdepicting the relative abundances of major bacterial
phyla identified from amplicon sequencing of the V4 region of the 16S rRNA gene
across a depth profile during the summer of 2018 in a noestratified lake (Wishart), a
mid-sized stratified lake (Little Turkey) and deep stratified lake (Big Turkey).
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Table 4.2 Relative abundances of cyanobacterial sequences represented within the bacterial community, and the relative

abundances of taxonomic mders that comprise >1% of the cyanobacterial community across a depth profile.

Taxonomic Level

Cyanobacteria

Chroococcales

Nostocales

Synechococcales

Big Turkey

27.33
27.10
45.53

6.96
3.20
0.75

1.38

90.16
96.41
99.15

July 2018

Little
Turkey

14.35
23.57
13.86

9.13
10.34
6.26

0.68
0.43
2.31

86.65
87.26
90.65

Wishart

17.57
18.62
16.03

12.04
5.18
5.69

0.12

86.48
92.53
92.92
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Big Turkey

11.52
11.82
12.79

9.28
14.00
6.98

0.75

88.97
84.37
92.39

August 2018

Little
Turkey

6.82
8.54
12.61

30.76
11.22
12.22

65.18
87.96
86.92

Wishart

4.53
3.84
4.77

3.30
0
2.43

89.39
93.20
91.30

Sampling
Depth

Surface
Secchi
Secchi +
1m
Surface
Secchi
Secchi +
Im
Surface
Secchi
Secchi +
Im
Surface
Secchi

Secchi+1m
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Figure 4.3 Alpha and beta-diversity analyses of cyanobacterial communities collected across the
ice-free seasonal sampling series in a deep stratified (Big Turkey), migized stratified (Little
Turkey) and shallow non-stratified lake (Wishart). Amplicon sequence variants classified to the
phylum Cyanobacteria were filtered to characterize diversity within cyanobacterial communities. The
Shannon Index was calculated on rarefied libeaiteevaluate the effects of (A) lake site and sampling
month on community diversity. (B) The Bra&urtis dissimilarity metric was used to explore
similarities in communities between lake site (Little Turkey = LT, Wishart = W) and sampling month

demonstrahg unigue communities between lakes.
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Figure 4.4 Alpha and beta-diversity analyses of cyanobacterial communities collected across a
depth profile in the summer of 2018 in a deep stratified (Bigurkey), mid-sized stratified (Little

Turkey) and shallow non-stratified lake (Wishart). Amplicon sequence variants classified to the
phylum Cyanobacteria were filtered to characterize diversity within cyanobacterial communities. The
Shannon Index was callated on rarefied libraries to evaluate the effects of (A) lake site, summer
sampling month and sampling depth on community diversity. (B) The Buatis dissimilarity metric

was used to explore similarities in communities between lake site (Littleyark&, Wishart = W),
sampling month and sampling depth (Su = Surface, Se = Secchi, D = Secchi + 1 m) demonstrating

unigue communities between lakes.

4.3.2 Spatiotemporal Variation of Potentially Bloom Forming & Toxic Taxa

To explore the impact of spatial distribution on taxa, the taxonomic and ASV composition
of cyanobacterial communities were assessed. Across samples, a total of 97 ASVs classified
to the phylum Cyanobacteria were identified including taxa belonging toytheobacterial
orders Chroococcales, Nostocales, and Synechococcales (Table 4.3). For analogous
comparatives to information providedin guidelines for monitoring, cyanobacterial orders were
grouped by morphology as follows: (i) Unicellular TakaSynechococales Cyanobium
Synechococcys(ii) Coloniali NostocalesNlicrocystis, Radiocystjsand (iii) Filamentous
Nostocales Anabaena, Aphanizomenjoand PseudanabaenéOrderi Synechococcales).
Notably, the genu®seudanabaenmitially was classified a Oscillatoriales based on the
filamentous morphology but recent genomic sequencing and examination of ultrastructural
characteristics has resulted in reclassification into the order Synechococcales (Vidal et al.,
2021;Komarek etal., 2014). For the puspmf this studyPseudanabaenaassified sequence
variants were included with other filamentous taxa from the order NostoGaldsirther
explore seasonal trends in cyanobactepiapulations, the taxonomic composition of

cyanobacteria communities wassassed.
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4.3.2.1 Unicellular Taxa

Sequences classified to the order Synechococcales (849215%) consistently
dominated cyanobacterial communities across sampling depths (Figure 4.5A; Table 4.2).
Specifically, the majority of these sequences were classifigdttamily Synechococcaceae
which includes unicellular picocyanobacterial genera su@yaschococcumndCyanobium
While sequence variants classified to the family Synechocoeoeaerevealed to dominate
the cyanobacteri@ommunity, examination of the ASV composition revealed the dominance
of individual Synechococcaceae classified ASVs contributing up to 56.87% of the
cyanobacterial community.

The spatial distribution variecceoss ASVs with some being found exclusively at one
depth, but others found distributed throughout the water column (Figbi).lhe ASV
abundances across depths in Wishart Lake were more homogeneous than observedin Little
Turkey and Big Turkey Lake fthier supporting the impact of water column stratification on
population distribution. For example, in Wishart Lake in July and August 2018, ASV848 was
found in similar abundancesacross sampling depths. However, in Little Turkey Lake, ASV848
was detectedaoss sampling depths but was fowatgdarying abundance with highest values
detected below Secchideptiemonstrating the impact of thermal stratification on distribution
of cyanobacterial taxa. Further specialized spatial distribution of ASVs was ebsarthe
stratified water column of Big Turkey Lake. For example, in July 2018, ASV844 wasdbund
low abundances dhe surfacen Big Turkey Lake but was founalt higherabundances at
Secchi depth and below Secchi. However, in August 2018, the sphatrddution of ASV844
was opposite to that observed in July 2018 with higher abundances deteittedatface
indicating that spatial distribution is further impacted by seasonality in addition to thermal

stratification.
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Cyanobacterial communities assothe seasonal sampling period were also dominated
by sequences classified as Synechococcales (699®478%; Figure 4A Table 4.1) and
specifically the family, Synechococcaceae (25.280%).The reappearance of cyanobacteria
in thebacteriacommuniy observed in Big Turkey Lake in May 2019 was exclusively due to
ASVs classified as Synechococcaceae. Certain Synechococcaceae ASVs were found to be
seasonally restricted but others were ubiquitous across seasons. For example, ASV867 was
only detected dumig October and May in Big Turkey Lake indicating the presence of unigue
populations occupying environmental conditions with lower water temperatures. This
phenomenon was further seen with ASV 866 which was detatkegher abundances in all
three lakesi October, and in Wishartand Big Turkey Lake in May. ASV859 was also detected
in higher abundances in this period in Wishart and Little Turkey Lake. Alternatively, other
ASVs, such as ASV846avere present across seasonal periods but experienced flutduatio
with highest abundances detected during the summer months. This is further exhibited with
ASV848 in Wishart Lakewhich was present in high abundances across affesampling
months demonstrating the diversity presentwithin picocyanobacteriataitheir ecological

niches.

4.3.2.2 Colonial & Filamentous Taxa

Sequences classified to the order Nostocales were dettotedy low abundances
seasonally (<1 1.79%; Table 1; Figure 4.6D) and across the depth profilé &21%; Table
4.2; Figure 4.B). Across the depth profil@ASVs classified to gas vacuolate Nostocales taxa
including ASV 822, 820 and 815 were consistently foabdhe surfacelue to positive
buoyancy and the sampling conducted during the morning period at this siteport of the

diurnal trends discussed in Chapterlhe changes in ASV composition observed between
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studies demonstrates the importance of performing frequent sampling to encompass the
variability and fluxes in community composition and the need to include multiple sampling
points to account for potential heterogeneity in distribution.

Sequences classified to the order Chroococcales (230376%) and specifically the
family Microcystaceae (2.11 16.04%) were detectedt lower abundances within the
cyanobacterial commutyi across sampling depths (Figure 4.5C; Table 4.2). Higher
abundances of ASVs classified to the family of Microcystaceae were dedtthedsurfacim
Little Turkey Lake in August of 2018 which may be attributed to positive buoyancy due to the
potentialpresence of gas vacuoles. The distribution of gas vacuolate taxa has also been
demonstrated to be dependent on sampling time in these systems (Chapter 3). Similar to trends
observed between stratified and rsiratified systems, the distribution of ASV9®assified
asRadiocystiswas observed to be homogeneously distributed in Wishart lake in July 2018
comparative to Big Turkey and Little Turkey Lake. ASV919 was observed to have spatial
distribution with peaks in abundance occurring at Secchi deatttloe surfacelepending on
the system and sampling month. The disparity in distribution between lakes and sampling
months demonstrates the combined interaction of lake characteristic and seasonality on water
column distribution of populations.

Seasonallysequences classified to the ord&nroococcale€l.001 29.14%) and
specifically the family Microcystaceae (1.021.60%) were found higher percentages
Big Turkey and Little Turkey Lake during summer sampling periods (Figure 4.6C; Table 4.1).
Populations of Microcystaceae classified ASVs were detected into late October in Big Turkey
Lake indicating the potential for bloom forming taxa growth to odctar the late fall.The

relative abundance of Microcystaceae in the cyanobakwmsmmunity varied between
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samplingyears. Wishart Lake did nothave a consistently detected population of Chroococcales
across the seasonal sampling period. Specificalll#Y (classified afkadiocystiy was
observed to show distinct seasonal trends in Big Turkey and Little Turkey Lake but varied
between systems. In Little Turkey Lake, ASV919 was observed to reach maximal abundances
in July of both sampling years and weret detected in the fall and spring. However, in Big
Turkey Lake, peak abundances were detected later in the season in August with a population
that persisted into the fall but was not detected during the spring. In addition to the increase in
abundanceshlserved seasonally, interannual variation was observed in the abundances of
Microcystaceae. In Big Turkey Lakeslative abundance vari@dJuly (10.69%) and August
(21.60%) of 2019versusJuly (1.11%) and August (10.96%) of 2018 demonstrating the
potental for interannual variation in cyanobactég@mmunity structurewhich may be

influenced by nutrient availability, water turbidity and lake morphometry.
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Table 4.3 Taxonomic classification of potentially bxic bloomforming amplicon sequence

variants.

ASV ID Taxonomic Classification
ASV912 Microcystis
ASV913 Microcystis
ASV914 Microcystis
ASV919 Radiocystis
ASV920 Radiocystis

ASV837 Synechococcaceae
ASV838 Synechococcaceae
ASV839 Synechococcaceae
ASV840 Synechococcaceae
ASV841 Synechococcaceae
ASV842 Synechococcaceae
ASV843 Synechococcaceae
ASV844 Synechococcaceae
ASV845 Synechococcaceae
ASV846 Synechococcaceae
ASV847 Synechococcaceae
ASV848 Synechococcaceae
ASV849 Synechococcaceae
ASV850 Synechococcaceae
ASV851 Synechococcaceae
ASV853 Synechococcaceae
ASV855 Synechococcaceae
ASV857 Synechococcaceae
ASV858 Synechococcaceae
ASV859 Synechococcaceae
ASV860 Synechococcaceae
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Table 4.3 Continued

ASV ID
ASV862
ASV864
ASV865
ASV866
ASV867
ASV868
ASV869

ASV806
ASV809
ASV808
ASV810
ASV815
ASV819
ASV820
ASV821
ASV822
ASV823
ASV824

Taxonomic Classification
Synechococcaceae
Synechococcaceae
Synechococcaceae
Synechococcaceae
Synechococcaceae
Synechococcaceae

Synechococcaceae

Pseudanabaena
Pseudanabaena
Pseudanabaena
Pseudanabaena
Nostocales
Nostocales
Nostocales
Nostocales
Nostocales
Nostocales

Nostocales
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Figure 4.5 Heatmap depicting the relative abundances of A) cyanobacterial community

composition at the order level and B, C, D) individual amplicon sequence variant®f interest

across a depth profile in tre summer of 2018 in a nosstratified lake (Wishart), a mid-sized

stratified lake (Little Turkey) and deep stratified lake (Big Turkey). Water column distribution

varied between lakes depending on stratification and depth. To further explore the spabatidis

of individual taxa, amplicon sequence variants (ASV) of the V4 region of the 16S rRNA gene classified

to common toxic and bloom forming genefa further explorehe spatiadistribution of individual

taxa, amplicon sequence variants (ASV) & YH region of the 16S rRNA gene classified to common

toxic and bloom forming genera including Synechococcaceaynethococcus, Cyanobiym
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Figure 4.6 Heatmap depicting the relative abundances of (A) cyanobacterial community

composition at the order level and BC, D) individual amplicon sequence variants of interest

across a seasonal ieree period in a nonstratified lak e (Wishart), a mid-sized stratified lake

(Little Turkey) and deep stratified lake (Big Turkey). Cyanobacterial communities were
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consistently dominated by the order Synechococcales which includes picocyanobacterial genera. To
further explore the seasonakttibution of individual taxa, amplicon sequence variants (ASV) of the

V4 region of the 16S rRNA gene classified to common toxic and bloom forming genera including
Synechococcaceae Synechococcus, Cyanobiym Nostocales Anabaena Aphanizomengn
Pseudanahenaand MicrocystaceaeMicrocystis Radiocystis Relative abundances of individual
ASVs in cyanobacterial community composition f@) (unicellular taxa (Synechococcacea®)) (
colonial taxa (Microcystaceae) arfd)(filamentous taxa (NostocalesRRseudaabaend.

4.4 Discussion, Conclusions & Implications

Consistent with global trend€arey et al., 2008; Wells et al., 202B¢ number of algal
blooms reported in Ontario, Canada has been significantly increasing, especially in lakes on
the Canadian Shield where these increases are predominantly comprised of potentially toxin
producing cyanobacteria (Winter et al., 2011). Ting@ti-year bacterial community analysis
conducted across three lakes in the TLW and reported herein aligns with those observations. It
demonstrated that contrary to lingering beliefs regarding winter limnology that often dismiss
winter periods (especiallice cover) as ecologically unimportant relative to the summer
Agr owi n g PosverssandoHarmptof, 201 @&valuation of broader seasonal variation in
lake microbial, and especiaflybutnot exclusively cyanobacterial communities, can provide
critical insights regarding climate change impacts on oligotrophic, northern temperate lake
ecosystems and the associated implications to human and environmental health. This study

provided six impoint observations:

(1) cyanobacteria persisted yegaund in the oligotrophic, northern temperate lakes of the
TLW,
(2) cyanobacterial communities during4cevered months included sequences classified to

the recently identified nophotosynthetic, potéially toxic basal lineage, Melainabacteria
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(3) cyanobacteria comprised a significant portion of the bacterial communities in the study
lakes as early as May and persisted into late October,

(4) picocyanobacteria were especially dominant duringieeperiods,

(5) picocyanobacterial populations shifted seasodallshile certain sequences were
dominant during icdree months, other sequences were restricted to either (i) the shoulder
seasons of the vernal window (i.e., spring and fall) or (ii) only dupieriods of winter ice
cover, and

(6) lakes with lower depth ratios and longer water renewal times (i.e., Big Turkey Lake) had

higher relative abundances of cyanobacteria.

The presence and persistence of potentially toxic picocyanobasiiria the laks of
the temperate forest biome of Cand@dae not been previously reported. In the lakethef
TLW, picocyanobacterial taxa dominated the cyanobacterial communities seasonally (Figure
4.6) and spatially (Figure 4.5). Althougicocyanobacteria are abumdan diverse freshwater
and marine environment€ai et al., 2010; Chen et al., 2006; Collos et al., 2009; Felf6ldi et
al., 2016; Gin et al., 202B)pfficient understanding of the occurrerand characterization of
their bloomstoxicity, and allelopathic activity is lacking (I i w Witz dwaka et al., 2018),
especially in freshwater environmen&eshwater assemblages of picocyanobacteria are
complex and dynamic because they have dewzapany evolutionary mechanistc
adaptations (e.g., small size, ability to grow in low light intensity environments, rapid nutrient
uptake, ability to maintain water column position, etc.) and interactions (e.g., allelopathy) with
larger primary producersnd predators, which enable their exploitation of environmental
variability( Cal | i er i , -Wildzevwska etal., 20M3Aletickaiad biotic factorsugh

as lake morphometry, thermal regime, and trophic state influence picocyanobacterial
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dynamic$ it has been suggested they may be at least as important as nutrients in affecting the
structure of freshwater picocyanobaterial communities (Callieri, 2007).

These organisms are common components of the photic zone but distribution and
abundance can range widely depending on the system cond@imliisriand Stockner, 2002)
Previous reports including a survey of 43 lakend ponds indicated that picocyanobacteria
prefer large, deep lakes with high hydrologic retention times and incomplete mixing due to
vertical density differencg€allieri, 2008; Camacho et al., 2003 hiswas alsexhibited in
the lakes of the TLW with higheelative abundances of cyanobacteriadetectedin the stratified
lakes, Big Turkey and Little Turkey Lake comparative to the shallow,-meded lake
Wishart Lake (Figure 4.1; Table 4.1). Although previous research has suggested that
picocyanobacteria rea peak abundances prior to the onset of thermal stratific@@ialtieri
and Stockner, 2000; Fahnenstiel et al., 1991; Li et al.,, 2020)as observed that
Synechococcaceae temporally dominated the communities independent of stratification in the
lakes ofthe TLW suggesting other environmental fact@r® influeaxcingcyanobacterial
community structure.

Thermabktratification may impactthe spatial distribution of cyanobacterial populations
(Pick and Agbeti, 1991). Stratified lakes were expected to show more consistent ASV
composition across depths located witltee same thermal layer. However, sampling
conducted at multiple depths within the metalimnion of Big Turkey and Little Turkey Lake
identifiedthe heterogeneity in abundance of picocyanobacterial ASVs corresponding to the
highly variable vertical distribitn which has been reported previously in other stratified lakes
(Hall and Vincent, 1994, Stockner et al., 2Q08)thin larger lakes, including Lake Huron and

Michigan, peak abundances of picocyanobacteria have been detected in the lowemmoatalim
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and upper hypolimnion (Stockner et al, 2006) with higher abundances occurring under low
light intensity( J a k u b 0o ws k aWasiefewskaS20&5t Picg and Agbeti, 199The
highest proportion of cyanobacterial sequences within the balaternmunity was detected

in Big Turkey Lake 1Imetkerbelow Secchi depth (Figure 4.2; Table 4.2) which supports the
previoudy reported occurrence in the lower metalimnion with low light inten(§itgckner et

al., 2006)

In these environments, a spring or early summer peak and second autumnal peak have
been observe(Callieri, 2008; Stockner et al., 2002h temperate freshwater and marine
environments, picocyanobacteria are typically more abundant in the warm season than in the
cold season, during which cell density decreases of approximately three orders of magnitude
(Postius and Ernst, 1999; Waterbury and Valois, 1291) shifts to completely different
populations (Cai etal., 2010) have been reported. Similar bimodal patterns and shéfenbet
summer and winter relative abundance of picocyanobacteria were observed in the TLW, as
reported herein. These seasonal shifts in populations were observed in the ASV composition
of cyanobacterial communiti€Bigure 4.5; Figure 4.6) due to specifiquiations or subclades
being more adapted to lower temperatures (Cai et al., 2010) resulting in theéiguitous
occurrence of ASVs. Seasonal trends were also observed in the relative abundances of the
cyanobacterial order, Chroococcales, which inclymtgsntially toxic bloorforming genera
includingMicrocystis While picocyanobacterial sequences were consistently high during the
ice-free sampling months, Chroococca#assified sequences were found in higher
abundances in the late summer in Big Turkey Little Turkey Lake demonstrating seasonal

shifts between different cyanobacterial taxa that occupy different ecological niches. However,
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the absence or low abundances of Chroococcales in Wishart Lake in these months indicates
more complex processesagiing the seasonal shifts in cyanobacterial community composition.
The significant representation of picocyanobacteria in the bacterial community of Big
Turkey Lake shortly after the spring snownieMay 2019s especially notable. The warming
climate has led to increased temperatures in the TIOMed et al., 2014yhich is frequenty
associated with increased cyanobacterial occurrence due to elevated growth rates at warmer
temperatures and prolonged thermal stratification. Howelee to the complexity of aquatic
ecosystems, this single factor cannot be attributed to the significant gwalifgration of
cyanobacteria observed in Big Turkey LaKEhe relatively greater availability of glacial till
surrounding the loweglevaton lakes of the watershed, the abundance of macrophytes at the
margins of all lakes and the specific lake morphometry of Big Turkey Lake as described by
Jeffries et al. (1988) may explain the significant spring proliferation (Gelk&t and
Carpenter, 20B; Carpenter, 1983). The depth ratio (i.e., the ratio of mean to maximum lake
depth) is substantially lower in Big Turkey lake than in the other study lak&ses such as
Big Turkey Lake (Figure Al; Table 1.1), in which the thermocline is shallowar tha
approximately one to two times the mean depth, the epilimnion's sediment surface area to
volume ratio declines with depth ratio. The potential nutrient recycling from the sediment
surface, productivity, and sediment accretion rates are expected toseazalepth ratio
decreases (Carpenter, 1983)ggesting higher nutrient recycling present in Big Turkey Lake
comparatively to the other lakes in the watershed. As well, more sedimentcanbe eroded during
runoff from the Big Turkey Lake watershed durirrggipitation events or snowmelt periods
because there is more available sediment on the surrounding landsdatiee to Wishart

Lake (Jeffries etal., 1988). The delivery of available sediment to oligotrophic lakes such as
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Big Turkey Lake may also reduh the release of phosphorusto the water column (Withers
and Jarvie, 2008; Froelich, 1989), and contribute to the spring proliferation of
picocyanobacterigPassoni and Callieri, 200@ue to their efficient nutrient utilization
( $1 i wwild@svkska et al., 2018Additionally, the abundance of macrophytes in the lakes
of the TLW (Jeffries et al., 1988) may further modulate or even limit phosphorus recycling
from sedimentsGenkaiKato and Carpenter, 200Scheffer, 1998) and availability to broader
microbial communities. Changes in the biotic or abiotic factors that wouldfilezomplex
balance atthe watershasdale cannotbe described at presentand warrantfurther investigation.
Melainabacteria and Sericytochromatia have previously been found in aphotic
environmentgMonchamp et al., 2019; Soo et al., 2014lkhough the biogeography and
ecology of those orgasins remains understudied, genomeshave previously been isolated from
varying aquatic soursancluding lakes (Monchamp et al., 2019) and engineered aquatic
systems including water treatment facilities and water distribution sygtengset al., 2018;
Zamyadietal.,2019The prsence of Melainabacteria and Sericytochromatia sequences when
lakes were covered with up to 0.81 m of ice and additional snow coverage limiting light
availability aligns with the aphotic environmetit®se lineages wepeviously detected in.
The detectia of this nonphototrophic basal lineage of Cyanobacteria during periods of ice
cover suggests the potential role of these organismsiter microbial community processes
warranting further investigation intbese lineagesVhile the ecological functioand role of
these organisms is not well understood (Montchamp et al., 28¢8%hesis of the neurotoxin,
b-N-methylamineL-alanine (BMAA), whichis associated with neurodegenerative diseases
such as Par ki ns (Cerdastes€ianta efdl.,20@)s been hypathesized in

this group of organism@unesCosta et al., 2020Yhe potential for toxin production in this
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understudied group of organisms that have been demonstrated to be presentin natural aguatic

systems, such as those in this study, and engineered aquatic systems (Ling et al., 2018;

Zamyadi et al., 2019) necessitates further studies on the distributicluactibn of these
organismgo identify novel threats to huméaealth in drinking water sources.

The presence and dominancepafocyanobacteria in the TLW is notable due to the
potential production of several metabolites with significant human andeemaental health
concern or aesthetic significancéhey may produce microcystin and nodularin, which are
both hepatotoxine Chor us et al ., 2 0 0Masielewska 20b5p\arslileta
al., 2013) Several species of picocyanobacteria may aistentially synthesize BMAA
(Cervantes Cianca et al., 2012; Cox et al., 20B8¢ent studies on tropical taxa have also
notedthe potential for cylindrospermopsin and anatoxin production with toxisityften
underestimated due to limitations in sengly of assays (Gin et al., 2021). In addition to
toxins, these organisms may also produce geosmin and®tiham etal., 2008; Jakubowska
and SWasitldWgka, 2015; Watson, 20p8hich are taste and odor forming compounds
that commonly result in customer complaints when present in drinking (Md&uire, 1995;

Suffet et al., 1996)The abundance of potentiatoxic picocyanobacteria warrants further

and

study due to the human and environmental health risks that these organisms impose. While it

is known that they contribute to a significant fraction of the total primary productivity in

freshwater and marine eneimmentgStockner et al., 2002; Waterbury et al., 1986¢ biotic

and abiotic factors that drive their proliferation and potential toxin production are not wel

understood $liwijnska-Wilczewska et al., 2018 This critical gap in knowledge thereby

precludes climate change adaptation for communities whose drinking water supplies,

livelihoods, recreation, and spirituality may be impacted by changes in thessteausy
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Given the human and environmental health implications of these compounds and the
significant costs associated with their removal from drinking water (Emelko et al., 2011), itis
critical to explore the possibility of picocyanobactesssociated tar production in
freshwaters, which may be undetected because of reliance on visual observation of
accumulated cyanobacterial biomass and traditional foci on monitoring of colonial and
filamentous bloom forming cyanobacter{€horus et al., 2000; Newcombe, 2009)
Accordingly, broader and more comprehgasnonitoring is required (ChapterBobel et al.,

2011; Welker et al., 2021tp advance understanding of picocyanobackelymamics in
response to local biotic and abiotic drivers, some of which are impacted by changing climate
(Callieri, 2008; Drakare and Liess, 2010)

While climate change is not being proposed herein as a driver of the persistence and
dominance of picocyanobacteria in the TLW, it emphasizes the pressing need to better
understand the potential roles that picocyanobacteria angimatnsynthetic Melainadzteria
(such as those associated with sequences that were observed in the TLW) may play in toxin
production and trophic status modulation, especially in oligotrophic lakes and reservoirs that
are relied upon for the provision of drinking water. Climatemiag is resulting in earlier
spring snowmelt discharges aexitending the vernal window by delaying the onset in timing
and magnitude of autumnal storms within the temperate forest biome of Canada (Creed et al,,
2015). Itis generally understood that dlglmoms tend to occur at the height of summer and
in early fall. Recently, it has been reasonably suggested that significant shifts in algal bloom
initiation and persistence tater in the autumn season (from September to November) in
oligotrophic, nortlern temperate lakes (Winter et al., 2011) may be attributed to changes in

nutrient loading resulting from autumn storms shifting to the-pasbpy leaf fall period in

122



these biomes (Creed et al., 2015). In contrast, this complementary works suggehbts that t
convergence of key biotic fact@<limate forcing of hydrological and biogeochemical
processesandintrinsic landscape features such as lake morphofetigy create conditions
thatlead tearlyseasonalincreases in the relative abundance of potgiutt cyanobacteria

(i.e., picocyanobacteriayithin the temperate forest biome of Canadéile the occurrence of
blooms of potentially toxic cyanobacteria later in the fall may be one concerning implication
of the extension of theutumnalvindow in nathern temperate lakes, it may be possible that
the earlier opening of the vernal window as a result of climate warming may promote these

concerns earlier in the spring and/or exacerbate them later in the fall
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Chapter 5

Research Summary, | mpl iataitomsns & Re

5.1 Research Summary

Cyanobacteria and their associated impacts on water quaddytreatabilityare
frequently associated with eutrophic systems dominated by visible blooowsring at the
water surfacéPaerlet al., 2016). However, the dynamic nature of cyanobacterial taxa may
allow for these organisms to dominate bacterial and phytoplankton communities despite the
absence of visible biomass. Although nutrient loading, with focyshasphorugSchindler,

1977) is frequently purveyed as the main source of concern for the dominance of these
organismgHeisler et al., 2008; Paterson et al., 2Q1&Kes that have experiengekdosphorus
limitation still experienceébloom events (Paerl et al., 2016; Paterson et al., 2017) with
community composition experiencing changes in respansatrient availability (Andersson

et al., 2015). The increased occurrence of cyanobacterial blooms in oligotrophic lakes in
Ontario (Winter et al., 2011) warrants further investigation into the community dynamics
present in lownutrient systems. Specifip, the research conducted in this thesis
demonstrated the potential applications of amplicon sequencinghamactering the
spatiotemporal variation present within cyanobacterial communities in oligotrophic lakes
where visible biomass is absent.

Although amplicon sequencing provides a rapid and sensitive technique for analyzing
environmental samples, this technique does not come without challenges of its own. One of
the main challenges arises prior to conducting downstream bioinformatic and statistica
analysesincludingdiversity and differential abundance analyses due to the cruciality of library

size normalization to account for size bias introduced through differing total read counts
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between samples. Previous research has criticized rarefactidvtuiidie and Holmes, 2013),

the process of subsampling to a normalized library size, due to data being oNuvtizioly,

the research conducted in Chapter 2 demonstrated an appropriate way of rarefying libraries for
applications in diversity analyses. Whibrefying samples in a single iteration results in the
loss of data, conducting repeated iterations allows for the characterization of the variability
introduced through subsampling. This research also evaluated the impact of normalized library
size and shisampling style on diversity analyses results demonstrating the potential impacts of
parameter selection on analysis outputs. The demonstration of the utility of repeatedly
rarefying in diversity analyses allowed for it to be applied within the remairfidee cesearch
conducted in this thesis to explore trends in cyanobacterial community diversity in the lakes
of Turkey Lakes Watersh&aLW).

Within the TLW, cyanobacteria were previously shown to dominate the phytoplankton
communities in 1980 (Jeffriest al., 1988)The use of amplicon sequencing allowed for
identification of the genetic diversity present within the lakes. Although cyanobacteria have
been frequently reportedthe surface anh the late summer in temperate regions (Chorus et
al., 2000 Graham et al., 2008), the communities within these lakes are highly dynamic
exhibiting both spatial and temporal variation. The research conducted in this thesis served to
identify the spatiotemporal variation in cyanobacterial communities across sgmggimes
to examine (i) shosterm diurnal variation, (ii) longerm seasonal variation and (iii) spatial
variation within the column. Although distinct spatiotemporal sampling regimes were
developed, across all the studies in this thesis, picocyanoldaissified sequences
dominated the cyanobacterial communities. The competitive advantage of picocyanobacteria

in oligotrophic systems previously shown supports this dominance (SliwM&kaewska et
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al., 2018) and reveals the potential for high abucda of these organisms even in low nutrient
systems.

Cyanobacteria are known to experience oscillatory diurnal migrations in response to
light availability arising from buoyancy regulation mechanisms (Visser et al., 2005) which
were further supported drcharacterized using amplicon sequencing in Chapter 3. Within
Little Turkey Lake, a thermally stratified lake, and Wishart Lake, asiatified lake, distinct
diurnal fluctuations in cyanobacterial abundances were observed. Thenixetl water
column d Wishart Lake demonstrated the homogeneous distributions of cyanobacteria
through nonsignificant fluctuations of abundances as a function of timeontrast Little
Turkey Lake demonstrated increasing cyanobacterial abundances as the day progressed
indicating the potential for diurnal variability and migrations presentin stratified lakes. Further
impacts of water column stability were observed after an eatenixing event caused by
heavy precipitation prior to sampling resulted in mixing in the stratified water column and
redistribution ofwater surfaceommunities to deeper depths in the water column. While water
column stability and stratification were sdrved to impact the trends in diurnal variability,
these systerspecific responses are further driven by taxonomic composition of communities.
Although gas vacuolate taxa are well characterized for buoyancy regulation and diurnal water
column migration(Staley, 1980; Walsby, 1981different diurnal variability was observed
between sequences classified as gas vacuolatestaxaing the inherent complexity present
in these systems drineby both physicochemical and ecological characteristics.

Further demonstrating the impact of water column stability on cyanobacterial
distribution, distinct spatial trends were observed between Big Turkey, Little Turkey, and

Wishart Lake in Chapter 4. Similar tbediurnal studyin Chapter 3Wishart Lake contiued
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to show homogeneous distributions of cyanobacterial abundances across the shallow, well
mixed water columnin contrast Big Turkey Lakeexhibitedhigher cyanobacteria¢lative
abundances at deeper depths, likely driven by the dominance of picoagterad taxa that

have previously been detected in higher abundances in the lower metalimnion and upper
hypolimnion(Pick and Agbeti, 1991; Stockner et al., 2006rge-scale spatial trends in the
relative abundances were detected between lake sites demonstrating the unique community
dynamics present within each site despite being in close proximity and being hydrologicaly
interconnected. Wishart Lake consistentlysied lower cyanobacteriadlativeabundances

than Big Turkey and Little Turkey Lakeontrasting previous research suggesting higher algal
biomass and productivity in shallow lakg&taehr et al., 2012Theresultsfrom the lakes of

the TLW contrass previous lake morphometric studies (Staehr et al., 2Bipjightingthe
complexity of interactions that shape cyanobacterial growth and communities in aquatic
ecosystemsGreater availability of glacial till, abundances of macrophytes and lake
morphometry may contribute to cyanobacterial community structure. However, inmorthe
temperate regions, these factors may be impacted by warming climates.

In addition to the spatial and diurnal variability exhibited in these lakes, cyanobacterial
communities showed seasonal trends in abundances as discussed in Chapter 4. Cyanobacterial
sequences were detectad™>1% relative abundance as early as May in Big Turkey Lake
indicating the early remergence of cyanobacteria within the bacterial comm poiigntially
due to climate warming in northern temperate regidite peak relative abdiance was
reached by Junsuggestingthat the generalization of the late summer occurrence of
cyanobacteria is not universally applicable to all systems (Chorus et al., 2000; Graham et al.,

2008). Cyanobacterial sequences were deteattextremely lowrelativeabundances (<1%)
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and inconsistently during the i@®ver months, paralleling the low cellular concentrations
observed in 1980 iceover monthgWebster et al., 2021However, the presence during the
ice-cover periodslemonstrated the consistent occurrence of these organisms throughout the
year albeit at significantly lowetlevels Additionally, under periods of iceover,
cyanobacterial communities were regularly comprised of sequences classified as
Melainabacteria. fie detection of these organisms during the winter, in temperate oligotrophic
lakes furthers our understanding on the potential distribution and ecological niches of these
organisms.

The spring cyanobacterial communities were exclusively due to picocyaeaalac
classified sequences corresponding to previous studies shGwéamg biunblooms occurring
in the spring(Callieri and Stockner, 2000; Li et al., 2020Additionally, some of these
seguences showed seasonal occurrangesting that some clades and taxa may be more well
adapted to lower temperatures than oth&ssalso previously observed within larger systems
such as the Chesapeake Bay (Cai et al.,, 2010). Although Synechocoedassiied
seguences belonging to pityanobacterial taxa consistently dominated the cyanobacterial
communities, Microcystaceadassified sequences were also detected. Specifically, the
Microcystaceaesequences were detected in the summer (July and August) in higher
abundances in Big Turkey and Little Turkey Lake, and into October for Big Turkey Lake

demonstrating the seasonal succession of cyanobacterial taxa within the community

5.2 Implications

As amplicon sequencingbecomes an increasingly available analysis tool for application
in interdisciplinary fields, appropriate data handling is critical to maintain the integrity of

downstream analyses interpretation including diversity analyses. For Exafoply a single
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iteration of rarefyingis conducted, there is no way to tellwhether that single normalized library
is representative of data or has beemacted byhigh levels of variability. Although
subsampling with or without replacement did sighificantly impact the results, selection of
smaller than necessary library sizes will introduce excess variability through data exclusion
impacting interpretation of results as examined in Chapter 2. This excess variability has the
potential to lose thability to differentiate between samples as the spread of data increases as
library sizes are decreased. It is critical for amplicon sequencing studies to understand the
limitations and potential implications on parameter selection on the analysis aatjgently
the data interpretation to prevent mishandling and misinterpretatitns study, theise of
amplicon sequencing allowed for the characterization of the genetic diversity present within
the picocyanobacterial community whiaslould have been imensely difficultf relying on
morphological differentiation.

Amplicon sequencing allowed for characterization of the genetic diversity present
within picocyanobacterial taxa. Previous phytoplankmmmunity surveysonducted in 1980
in the lakes of Ttkey Lakes Watershed did not show high abundances of picocyanobacterial
taxa. However, the sample collection amgjanismidentificationmay have significantly
impacted the differentiation in cyanobacterial commusitycturelt is likely that a plankton
net was used; importantly, smaller sized taxa can pass through these nets and thus may have
been excluded from analyses of cyanobacterial abundance and diEtsigh, 2010).
Additionally, microscopic identification of picocyanobacterial taxa is festly challenging
due to the lack of distinct morphological characteristics (Jakubowska and -Szelag
Wasielewska, 2015). Underestimation of these organisms due to sampling bias or limitations

in identification methods can impose risks to water quality duthé potential toxicity
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demonstrated in some taxa (SliwinsRélczewska et al., 2018). The identification of high
abundances of picocyanobacterial sequences with amplicon sequencing from water samples
collected with a peristaltic pump demonstrated the irtgpce of sample collection and
identification techniques to ensure accuracy.

The dominance of potentially toxic picocyanobacterial taxa within oligotrophic lakes
challengeghe traditional approaches in monitoring. For example, the relianceisual
observation of cyanobacterial biomass for increasing sampling efforts does not reflect the
highly abundant nowisible, potentially toxic picocyanobacterial populations present at
greater depths in the water colunwihile some cyanobacterial takarm dense lnoms at the
surface the diversity presentin size and cellular morphology within this group of organisms
cannot be characterized through direct visual observatiovatér surfacendependently.
Reliance on visual observation or restricting samplingthie surfacewill result in
underestimation or missed detection of cyanobacterial populations due to the potential for high
abundances of picocyanobacterial populations located at deeper depth within the water column
as demonstrated in this study and otliersk and Agbeti, 1991; Stockner et al., 2006). In this
research potentially toxiecbloom-forming-taxaclassified sequencégs.g., Microcystaceae)
were frequently found in higher abundances astivéacesupporting common generalizations
of cyanobacteria being found atthe water surfldo@ethelesgtis critical to expand the views
on cyanobacteria to encompass the spatiotemporal diversity present within this group of
organismgFreeman et al., 2020gxclusive focu®n common bloorforming taxa, such as
Microcystis as the basis for the characteristicalb€Cyanobacteriavill continue toignorethe
potential impacts to water quality associated with picocyanobacterial taxa and underestimate

population sizes.
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Diurnal variability can further create challenges in the development of monitoring
protocols. Diurnal migrations otyanobacteria can substantially impact the detection,
especially if using discrete depth sampling. Despite the potential impact of sampling time on
accurate detection and characterization, sampling time is frequently overlooked in monitoring
protocol guidénes. For example, the absence of specified sampling windows or very wide
windows (e.g., 10AMi 3PM) in guidelines can result in biased or mepresentative
community characterizatioharge time frames do not avoid the diurnal migrations with the
potental for abundances detected at 10AM to vary significantly from the abundances detected
at 3PM as demonstrated in the research conducted in Cha@mniarly limiting sample
collection to one depth of the water column (e.g., 50 cm below the surfadejowieflect
both spatial and diurnal variability in the distribution of cyanobacterial populations further
contributing to biased or nerepresentative community characterizatids. presented in
Chapter 4, lakes with stratified water columns have défiecyanobacteria community
composition at varying depths of the water column. In conjunction, these results show the
inherentcomplexities presentin cyanobacterial communities which mustbe accounted for with
monitoring efforts.

While water column stdlity has previously been demonstrated to impact
cyanobacterial distributigexternal mixing events caused by inclement weaitesdrequently
overlooked A mixing event caused by heavy rainfall priosemple collectiom the diurnal
study in Chapter 3 demonstrated the impact of weather induced nmiximgh resulted in
redistribution of water surface communities to deeper depths of the water cdils@mpling
is conducted as per usual following inclement weather Byéhere is the potential for

underestimation of cyanobacterial abundances ddestorbeddistribution within the water

131



column. With increasing extreme precipitation arising as a result of climate change this will
continue to impact lake ecosystefWsoolway etal., 2020hrough potential increased nutrient
loading from surface run off creatiraptimal environmental conditions for cyanobacterial
growth. However, increased precipitation will also create challenges in accurate detection and
guantificationof cyanobacterial abundances due to weather induced mixing

Manifestations of climate change including warming temperatures and altered
precipitation patterns are observed in both terres(alarin et al., 2007)and aquatic
ecosystems (Woolway et al., 2020). Warming water temperatures may result in earlier onset
and prolonged periods of thermal stratification (Woolwaglgt2020). Due to this warming
and alteration of the vernal period (Creed et al., 2015; Contosta et al., 2017), cyanobacteria
may occumthigher abundances within the water column earlier in the season and may reach
peak abundances earlier. Previousisa have demonstrated the persistence of cyanobacteria
into the late fall within other oligotrophic lakes in Ontario (Winter et al., 2011) but this may
depend on system dynamics. Forth&V, with drier growing seasons (Creed etal., 2015) and
the onset bthermal stratification as early as the end of May, cyanobaeteria demonstrated
in this research to be able to thrive in the bacterial community earlier in the season. Early
resurgence of cyanobacteria in temperate watersheds may be associate@ wwithssive
influx of nutrients during the spring melt period (Creed et al., 2015; Lindsay et al., 2004)
demonstrating theeomplex interaction of hydrologic regimes, landscape processes, lake
morphometry and climate on cyanobacterial community dynafiasearly resurgence of
cyanobacterial populations may impose critical risks to water quality and water security at an

earlier than expected period.
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5.3 Recommendations

[) Limitations of amplicon sequencing must be known in interdisciplinary studies bbécan
augmented with additional techniques.

Amplicon sequencing is an invaluable technique that can be applied in an
interdisciplinary sector of wateelated research areas with direct applications to water quality
and management. However, to preserve the integrity of this technique, researcétdrs mu
equipped with appropriate background knowledge and versed in the benefits and limitations of
the analysis to make appropriate selections for analysis. While no goddestdardurrently
exists, it is critical that amplicon sequencing studies feMgluate the limitations of varying
normalization strategies to be able to identify the potential implications in the subsequent data
analysis and to allow researchers to make appropriate selections for their data. The awareness
on limitations and poteral implications of normalization techniques must continue to be
discussed to ensure rigorous data interpretation by all researchers. Although amplicon
sequencing of the taxonomic marker genes (e.g., 16S rRNA gene) allows for rapid
characterization of cyaacterial communigsandthe potential for toxicity could be obtained
through sequencing of toxin genes (emgG\E), this technique cannot provide absolute
guantification(Gloor et al., 2017). For absolute quantification of populations, amplicon
sequenaig projects can be augmented with the inclusion of other quantitative molecular

techniques including flow cytometry (Patel et al., 2019) or gPCR (Chiu et al.,.2017)

II) The absence of visible biomass cannot be equated to absence of water quality concerns
Due to the dominance of picocyanobacteria in systems, including those that are low

nutrient as shown in Chapter 3 and 4, guidelines and protocols museébaluated to ensure

that they encompass the size variability observed in cyanobacterial comeauBitime
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guidelines (e.gMinistry for the Environment and Ministry of Health, 2Q0tave shifted their
protocols to measure biovolume instead of cellular concentration to account for the size
variability within this group of organismslemonstrating thability to adjust protocols for
detection and measurement of picocyanobacteria. Of greater concern is the reliance on visual
detection of cyanobacterial biomass for increasing sampling efforts. The absence of visible
biomass cannot be equated to absenceattr quality concerns and guidelines must be
updated to be inclusive of thesften-overlookedpicocyanobacteria dueto the potential threats

that theypose tovater quality.

[II) Monitoring must not be restricted tthe water surfaceand requires knowldge on
physicochemical and ecological characteristics of the study system.

Current monitoring protocols frequently employ the use of integrated depth sampling
which provides a comprehensive view on the cyanobacterial population within the entire
sampledwater column. While this technique reduces logistics of sampling effort and
processing time through the collection of a single sample, it is done at the cost of spatial
distribution resolution. In systems where there is not a previously establishedtehzaton
of the spatial distribution, when possible, discrete depth profiling sampling should be
conducted to increase understanding on the system dynamics and spatial distribution of
organisms. However, at minimum, sampling cannot be restrictee mrfacedue to the high
relativeabundances detected at lower depths in the water column as observed in Chapter 3 and
4. The fundamentals of sampling in monitoring protocols are dependent on system dynamics
with understanding the system being vitabteccessful execution. Lakes are highly dynamic
and varying trends in cyanobacterial abundances and community composition were observed

in interconnected lakes located within the same water$teter demonstrating the need for
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system specific monitorind.o further aid in the development of ecologically meaningful
protocols, cyanobacteria cannot continue to be viewed as a homogeneous entity with
generalizations based on characteristics of common freshwater fhwornmg taxa such as
Microcystis(Freeman tal., 2020). Continuing with thisomogeneousiew on cyanobacteria

will severely neglect the diversity present within these organisms and further contribute to
common misconceptions that interfere with water quality monitoring and management.

IV) Sampihg must not be restricted to traditional mstdimmer to early fall periods.

Further stemming from theomogeneousgiew on cyanobacteria, in temperate zones,
cyanobacterial growth is generalized to occur from the-saichmer to early fall periods
(Chorus e#tl., 2000; Graham et al., 2008). Restricting sampling to these periods has resulted
in a lack in understanding and knowledge on winter cyanobacterial dynamics despite reported
bloom events under i¢@Vejnerowski et al., 2018)itis critical for more studies and sampling
to occur that are inclusive of ieeovered periods tmentify the novel trends presentin these
systems. The prevalence of these organisms throughout the year warrants consistent
monitoring. Although this may not be logistically possible duedmstraintgo time and
resources, or challenges associated with winter sampling, the lack of winter limnological
studies cannatontinue Absence of information on hoayanobacteria are distributed within
systems due to ice cover severely impacts the ability to cabrnples meaningfully. In
addition to the need to advance knowledge on winter limnological processes, as a result of
climate change, cyanobacterial blooms are being reported later into the fall (Winter et al.,
2011). However, depending on the system, cyactdsia may occur earlier in the seasas
seen in Big Turkey Lake in Chapter 4, requiring monitoring to be implemented in earlier

seasonal periods or ris&ilure of early detection of potentially toxic organisms
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Appendi ces

Appendix A

Turkey Lakes Watershed: Sampling Summary, Water Temperature

Profiles & Water Chemistry

All sampleswere collected atthe deepestpointin each lake found atthe following coordinates:

Big Turkey Lake 4A02654. 70N

B 4itlle? Budkéy9lake o(4A 02 63 7. 20N

84 A2 406 2andWishaw)ake (4X03600. 00N 84A23658.30W) .

Table A.1 Sample summary for diurnal bacterial community characterization (Chapter 3) All

water samples were collected using a peristaltic pump (Masterflex E/S Portable Sampler), then vacuum
filtered through a 47 mm GF/C filter (Whatman, plc, Buckinghamshlrited Kingdom)and filtered
t hrough

again

prior to DNA extraction.

Sample

ID

TLW94

TLW103

TLW106

TLW112

TLW121

TLW124

Lake

Wishart

Wishart

Wishart

Wishart

Wishart

Wishart

Sampling
Depth

(m)

a

0. 22
Sampling  Sampling
Time Date
9:30 A.M. August 22,
2018
5:00 P.M. ' August 22,
2018
1:00 P.M. August 22,
2018
8:30 A.M.  August 23,
2018
4:45P.M. August 23,
2018
12:00 August 23,
P.M. 2018
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Volume
Filtered
(mL)

600

400

450

500

400

500

Om SterivexE filtefPC What m

DNA
Concentration

(ng/pL)
[GF + Sterivex]

3.3+1

3.6+1

43+0

5.3+1

3.9+1.5

46+1.9



Table A.1 Continued

Sample Lake Sampling Sampling Sampling Volume DNA
ID Depth Time Date Filtered Concentration
(mL) (ng/uL)

(m)
[GF + Sterivex]

TLW127  Little 0 8:30 A.M. August 22, 1000 24+1.3
Turkey 2018

TLW130 Little 5 8:30 A.M. August22, 1000 3.9+1
Turkey 2018

TLW133  Little 0 12:00 August 22, 1000 2.7+24
Turkey P.M. 2018

TLW136 Little 0 4:30 P.M. August22, 1000 2.7+0
Turkey 2018

TLW139  Little 5.25 4:30 P.M. August 22, 800 3.6+2.7
Turkey 2018

TLW142 Little 5.25 12:00 August 22, 700 3.7+0
Turkey P.M. 2018

TLW145  Little 4.75 9:00 A.M. August 23, 500 3.8+1
Turkey 2018

TLW157 Little 5 4:15P.M. August 23, 500 3+1
Turkey 2018

TLW160  Little 5.25 12:45 August 23, 750 2.7+0
Turkey P.M. 2018
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Table A.2 Sample summary for seasonality and depth profilefor bacterial community
characterization (Chapter 4). All water samples were collected using a peristaltic pump (Masterflex
E/S Portable Sampler), then vacuum filtered through a 47 mm GF/C filter (Whapitan,
Buckinghamshire, United Kingdom), and storee28fC prior to DNA extractionTo ensure sufficient
biomass for analysis, 350 to 1000 mL of water were filtered.

Sample Lake Sampling Sampling Date Volume DNA
ID Depth Filtered Concentration
(m) (mL) (ng/ul)

TLW37 Big 0 July 18, 2018 950 2.2
Turkey

TLWA42 Big 7 July 18, 2018 800 12.4
Turkey

TLWA43 Big 8 July 18, 2018 800 11.7
Turkey

TLW82 Big 0 August 13, 2018 750 8
Turkey

TLW85 Big 5 August 13, 2018 600 12.1
Turkey

TLW88 Big 6 August 13, 2018 500 8.7
Turkey

TLW171 Big 4 October 25, 2018 1000 7.9
Turkey

TLW181 Big 0.85 February 192019 1000 10.3
Turkey (Under Ice)

TLW191 Big 1.06 March 25, 2019 1000 12.7
Turkey (Under Ice)

TLW232  Big 5.25 May 23, 2019 1000 7.4
Turkey

TLW277 Big 5.75 June 28, 2019 1000 0.9
Turkey

TLW322  Big 5.25 July 24, 2019 1000 0.7
Turkey

TLW325 Big 6.25 July 24, 2019 1000 1.6
Turkey

TLW367  Big 5 August 21, 2019 1000 0.9
Turkey

TLW407  Big N/A January 23, 2020 1000 1.2
Turkey (Under Ice)

TLW28 Little 0 July 18, 2018 1000 3.3
Turkey

TLW31 Little 5.25 July 18, 2018 400 2.8
Turkey
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Table A.2 Continued

Sample Lake Sampling Sampling Date Volume DNA
ID Depth Filtered Concentration
(m) (mL) (ng/uL)

TLW36 Little 6.25 July 18,2018 500 2.8
Turkey

TLW73 Little 0 August 13, 2018 1000 4.1
Turkey

TLW76 Little 6 August 13, 2018 550 5.7
Turkey

TLW79 Little 7 August 13, 2018 600 4.7
Turkey

TLW169  Little 3 October 25, 2018 1000 2LE
Turkey

TLW179  Little 0.89 February 19, 2019 1000 4.4
Turkey (Under Ice)

TLW189 Little 1.03 March 25, 2019 1000 2.4
Turkey (Under Ice)

TLW223  Little 4 May 23, 2019 1000 6
Turkey

TLW268 Little 4 June 28, 2019 1000 2.2
Turkey

TLW313  Little 4 July 24, 2019 1000 1.4
Turkey

TLW358 Little 5 August 21, 2019 1000 2.2
Turkey

TLW409  Little 0.76 (Under = January 22, 2020 1000 1.8
Turkey Ice)

TLW19 Wishart 0 July 16, 2018 950 3

TLW22 Wishart 3.25 July 16, 2018 400 3.5

TLW26 Wishart 4.25 July 16, 2018 250 2.6

TLW64 Wishart 0 August 14, 2018 600 0.8

TLW67 Wishart 3.5 August 14, 2018 450 0*

TLW70 Wishart 4.5 August 14, 2018 350 3.2

TLW167 Wishart 3 October 25,2018 1000 2.5

TLW177  Wishart 0.87 (Under  February 19, 2019 1000 2.6

Ice)
TLW187 Wishart = 0.96 (Under March 27, 2019 1000 5.5
Ice)

TLW214 Wishart 3.5 May 22, 2019 1000 3.1

TLW259  Wishart 3 June 28, 2019 600 6.3

TLW304  Wishart 2.5 July 25, 2019 500 3.5
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Table A.2 Continued

Sample Lake Sampling Sampling Date Volume DNA
ID Depth Filtered Concentration
(m) (mL) (ng/pL)
TLW349 Wishart 3 August 21, 2019 500 5.4
TLW405 Wishart 0.76 January 22, 2020 1000 2.2
(Under Ice)

Table A.3 Sampling conditions for sample collectioras prepared by Environment and Climate
Change Canada and NaturaResources Canada field technician€onditions not provided for dates

sampled are not available due to missing field data sheets.

Lake Sampling  Sampling Cloud wind Air Ice
Date Time Coverage Temperature Cover
(%) (°C)

Wishart  July 16, 2:16P.M. O Light 24.3 N/A
2018

Little July 186, 10:00A.M. O Very 17.5 N/A

Turkey 2018 Light

Big July 18, 11:15A.M. 10 Light 23.4 N/A

Turkey 2018

Wishart = August 14, 11:00A.M. 5 Calm 28.3 N/A
2018

Little August 13, 12:40P.M. O Light 28.9 N/A

Turkey 2018

Big August 13, 10:15AM. O Light 24.1 N/A

Turkey 2018

Wishart  October 24, 10:15A.M. 10 Light 6.8 Ice cover
2018 in AM

Little October 25, 12:55P.M. 100 Light 4.8 N/A

Turkey 2018

Big October 25, 10:20 A.M. 100 Light 5.4 N/A
Turkey 2018
Little June 28, 12:11 P.M. 25 Moderate 26.4 N/A

Turkey 2019
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Table A.3 Continued

Lake

Big
Turkey
Wishart

Little
Turkey
Big
Turkey
Wishart

Little
Turkey
Big
Turkey

Sampling
Date

June 28,
2019

July 25,
2019

July 24,
2019

July 24,
2019
August 22,
2019
August 21,
2019
August 21,
2019

Sampling

Time

9:39 A.M.

9:40 AM.

12:45 P.M.

10:17 A.M.

12:30 P.M.

1:00 P.M.

10:37 A.M.

Cloud
Coverage
(%)
95

95%

65

40

10

166

Wind

None

None

Light

None

Light

Temperature

19.3

21.2

23.1

20.0

19.9

Moderate 21.5

Moderate 21.2

Air

(°C)

Ice
Cover

N/A

N/A

N/A

N/A

N/A

N/A

N/A
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Figure A.1 Water column temperature profiles in icefree months. Water column temperature
profiles were collected during iseonthsin BigTurkey (Max depth = 37 m), Little Turkey (Max depth

=13 m) and Wishart Lake (Max depth = 4.5 m). Secchi depth, which is used as a sampling depth in the
studies in this thesis, is indicated with the shaded grey bar. Thermally stratified layers aredantifi
epilimnion (light shade), metalimnion (medium shade) and hypolimnion (dark shade). Notably, water
column profiles for June 2019 in Wishart Lake were not availddg 2019datain all three lake sites

was also unavailable bub demonstrate previsuhermaistratification trendsgata from May 2018

have beerprovided.
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Table A.4 Bulk water chemistry datafor Wishart Lake as prepared by Environment and Climate

Change Canada and Natural ResourceSanada(Webster et al., 2021)Water chemistry parameters

at the Turkey Lakes Watershed were monitored by Environment and Climate Change Canada and
Natural Resources Canada including: pH, conductivity (Con.), alkalinity (Alk.), cal¢iQa),
potassium (K), magnesium (Mg), sodium (Na), sulf&&), chloride (Cl), silicon dioxide (Sig),

nitrite and nitrate (N@+ NOsz), ammonium (NH), total organic carbonf©C), total inorganic carbon

(TIC), aluminum (Al), iron (Fe), manganese (Mn), aridc (Zn). At the time of preparation of this

thesis,phosphoruand total nitrogedata was not availabldlutrient, ions and metals are presented
in ppm.

Date 16-Jul- 14-Aug- 24-Oct- 18Feb- 24-May- 24-Jun- 25Jul- 24-Aug-
18 18 18 19 19 19 19 19

pH 6.951 7.047 6.501 6.415 6.654 6.918 6.793 6.725
Con 22,700 23.900 17.270 24.800 17.580 18.850 20.100 21.600
Alk. 0.141 0.239 0.079 0.151 0.083 0.107 0.118 0.118

Ca 3.380 3.822 2.478 3.411 2.547 2.631 2.837 2.930
K 0.213 0.253 0.248 0.234 0.146 0.180 0.213 0.189
Mg 0.377 0.455 0.300 0.378 0.283 0.296 0.328 0.348
Na 0.584 0.690 0.468 0.551 0.452 0.483 0.511 0.535
SO 2.159 2.282 2.021 2.373 2.065 2.130 2.247 2.424
Cl 0.145 0.119 0.156 0.157 0.100 0.110 0.104 0.104

Sio 2.670 2.170 3.600 4.990 3.590 2.760 2.570 2.560
NO2 0.113  -0.001 0.041 0.175 0.215 0.051 -0.001 -0.004

NOs
NHa4 0.020 0.002 0.019 0.088 0.013 0.009 0.004 0.002
TOC 4,993 4.433 6.554 5.071 3.431 4.095 4.214 4.055

TIC 1.777 1.962 1.068 2.373 1.251 1.374 1.586 1.564

Al 0.052 0.042 0.144 0.095 0.088 0.064 0.049 0.033
Fe 0.036 0.040 0.053 0.054 0.032 0.039 0.047 0.038
Mn 0.011 0.011 0.011 0.020 0.008 0.010 0.015 0.015
Zn 0.003 0.002 0.005 0.006 0.004 0.003 0.003 0.002
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Table A.5Bulk water chemistry data for Little Turkey Lake as prepared by Environment and
Climate Change Canada and Natural Resources Canada (Webster et al., 2020ater chemistry
parameters at the Turkey Lakes Watershed weoaitored by Environment and Climate Change
Canada and Natural Resources Canada including: pH, conductivity (Con.), alkalinity (Alk.), calcium
(Ca), potassium (K), magnesium (Mg), sodium (Na), sulfa@}), chloride (Cl), silicon dioxide (S&p

nitrite and nitrate (NQ + NOs), ammonium (NH), total organic carbonf©C), total inorganic carbon
(TIC), aluminum (Al), iron (Fe), manganese (Mn), and zinc (ZAj the time of preparation of this

thesis,phosphoruand total nitrogenata was not availabldlutrient, ions and metals are presented
in ppm.

Date 16-Jul- 14-Aug- 24-Oct- 18Feb 24-May- 24-Jun- 25Jul- 24-Aug-
18 18 18 19 19 19 19 19

pH 6.968 6.953 6.787 6.614 6.657 6.714 6.987 6.886
Con 29.000 28.300 25.400 27.700 28.000 24.300 25.600 26.200
Alk. 0.193 0.186 0.153 0.178 0.164 0.139 0.158 0.170

Ca 4.455 4.769 3.954 3.990 4.096 3.783 3.776 3.832
K 0.213 0.258 0.264 0.251 0.248 0.205 0.228 0.237
Mg 0.414 0.469 0.391 0.399 0.409 0.358 0.356 0.365
Na 0.587 0.660 0.650 0.565 0.578 0.525 0.505 0.531
SO 2.661 2.633 2.418 2.692 2.714 2.455 2.505 2.571
Cl 0.158 0.142 0.304 0.164 0.167 0.126 0.127 0.132

Sio 3.620 3.370 3.420 4.090 4.330 3.880 3.410 3.190
NOz 0.217 0.158 0.050 0.113 0.142 0.185 0.113 0.074

NO3
NH4 0.019 0.019 0.034 0.038 0.034 0.016 0.026 0.031
TOC 3.974 3.517 5.726 5.043 4.462 3.735 3.870 3.922

TIC 2.299 2.436 2.134 2.568 2.427 2.147 2.093 2.078

Al 0.049 0.048 0.090 0.075 0.071 0.073 0.058 0.048
Fe 0.026 0.030 0.064 0.044 0.058 0.041 0.039 0.022
Mn 0.010 0.014 0.024 0.017 0.025 0.012 0.012 0.008
Zn 0.004 0.003 0.004 0.004 0.003 0.005 0.003 0.003

169



Table A.6 Bulk water chemistry data for Wishart Lake as prepared by Environment and

Climate Change Canada and Natural Resources Canada (Webster et al., 2020/ater chemistry
parameters at the Turkey Lakes Watershed were monitored by Environment and Climate Change
Canada and Natural Resources Canadlading: pH, conductivity (Con.), alkalinity (Alk.), calcium
(Ca), potassium (K), magnesium (Mg), sodium (Na), sulfa@y), chloride (Cl), silicon dioxide

(SiO), nitrite and nitrate (N&+ NOs), ammonium (NH), total organic carbon (T.O.C), total

inorganic carbon (T.1.C), aluminum (Al), iron (Fe), manganese (Mn), and zinc £drihe time of
preparation of this thesiphosphorugnd total nitrogedata was not availabldlutrient, ions and
metals are presented in ppm.

Date 16-Jul- 14-Aug- 24-Oct- 18Feb- 24-May- 24-Jun- 25Jul- 24-Aug-
18 18 18 19 19 19 19 19

pH 7.006 7.057 6.924 6.826 6.945 6.873 7.150 6.911
Con 33,500 33.100 31.700 32.800 33.000 31.100 31.300  31.500
Alk. 0.227 0.261 0.210 0.221 0.210 0.199 0.200 0.203

Ca 5.312 5.610 5.088 4.935 4.957 4.956 4.719 4.820
K 0.205 0.246 0.216 0.226 0.227 0.212 0.221 0.243
Mg 0.416 0.460 0.415 0.413 0.415 0.392 0.381 0.385
Na 0.586 0.644 0.559 0.579 0.581 0.562 0.542 0.547
SO 2.923 2.883 2.785 2.852 2.886 2.701 2.719 2.779
Cl 0.143 0.132 0.148 0.154 0.158 0.133 0.130 0.138

Sio 3.660 3.320 3.400 3.760 3.840 3.740 3.550 3.450
NO2 0.238 0.215 0.172 0.216 0.222 0.214 0.195 0.174

NOs
NHa4 0.011 0.009 0.015 0.005 0.002 0.008 0.008 0.013
TOC 3.376 3.246 3.954 3.784 3.416 3.319 3.391 3.368

TIC 2.873 3.053 3.035 3.179 3.072 2.929 2.807 2.812

Al 0.032 0.032 0.043 0.034 0.032 0.039 0.032 0.032
Fe 0.013 0.017 0.034 0.020 0.021 0.022 0.015 0.014
Mn 0.005 0.005 0.014 0.007 0.006 0.008 0.004 0.004
Zn 0.003 0.004 0.003 0.003 0.002 0.005 0.003 0.003
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Table A.7 Library sizes for diurnal samples collected across a muktime point sampling series

(Chapter 3).

Sample Lake Depth Day Sampling Time Library Size
TLW127 Little Turkey Surface Day 1 Morning 18076
TLW130 Little Turkey = Secchi  Day 1 Morning 7567
TLW133 Little Turkey Surface Day 1 Midday 16781
TLW142 Little Turkey Secchi Day 1l Midday 30000
TLW136 Little Turkey Surface Day 1 Afternoon 22768
TLW139 Little Turkey Secchi Day 1l Afternoon 7809
TLW145 Little Turkey Secchi Day?2 Morning 10471
TLW160 Little Turkey Secchi Day?2 Midday 29718
TLW157 Little Turkey Secchi Day 2 Afternoon 13333
TLW94  Wishart Secchi Day 1l Morning 8429
TLW106 Wishart Secchi Day1 Midday 25173
TLW103 Wishart Secchi Day 1l Afternoon 8765
TLW112 Wishart Secchi Day2 Morning 8258
TLW124 Wishart Secchi Day2 Midday 31869
TLW121 Wishart Secchi Day 2 Afternoon 9523

Table A.8 Library sizes for long-term samples collected across aseasonal and spatial depth
profile sampling series (Chapted). Samples marked with a * indicate example samples utilized in
the development of the R packagerlyn (Chapter 2).

Sample Lake Sampling Depth Sampling Date Library Size

TLWA407 Big Turkey Ice 20-Jan 10130
TLW181 Big Turkey | Ice 19-Feb 34969
TLW191 Big Turkey Ice 19-Mar 24334
TLW232 Big Turkey = Secchi 19-May 33248
TLW277 Big Turkey  Secchi 19-Jun 17582
TLW37  Big Turkey  Surface 18-Jul 36611
TLW43  Big Turkey  Secchi+1m 18-Jul 31609
TLW42  Big Turkey = Secchi 18-Jul 45202
TLW325 Big Turkey  Secchi+1 m 19-Jul 25916
TLW322 Big Turkey = Secchi 19-Jul 21642
TLW82  Big Turkey  Surface 18-Aug 40589
TLW88  Big Turkey = Secchi+1m 18-Aug 28478
TLW85  Big Turkey = Secchi 18-Aug 39113
TLW367 Big Turkey = Secchi 19-Aug 19881
TLW171 Big Turkey @ Secchi 18-Oct 28026
TLWA409 Little Turkey Ice 20-Jan 10750
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Table A.8 Continued

Sample
TLW179
TLW189
TLW223
TLW268
TLW28
TLW36
TLW31
TLW313
TLW73
TLW79
TLW76
TLW358
TLW169
TLWA405
TLW177*
TLW187
TLW214
TLW259
TLW19*
TLW22*
TLW22*
TLW304
TLW64
TLW70
TLW67
TLW349*
TLW167*

Lake
Little Turkey
Little Turkey
Little Turkey
Little Turkey
Little Turkey
Little Turkey
Little Turkey
Little Turkey
Little Turkey
Little Turkey
Little Turkey
Little Turkey
Little Turkey
Wishart
Wishart
Wishart
Wishart
Wishart
Wishart
Wishart
Wishart
Wishart
Wishart
Wishart
Wishart
Wishart
Wishart

Sampling Depth  Sampling Date Library Size

Ice

Ice

Secchi
Secchi
Surface
Secchi+1m
Secchi
Secchi
Surface
Secchi+1m
Secchi
Secchi
Secchi

Ice

Ice

Ice

Secchi
Secchi
Surface
Secchi+1m
Secchi
Secchi
Surface
Secchi+1m
Secchi
Secchi
Secchi
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19-Feb
19-Mar
19-May
19-Jun
18-Jul
18-Jul
18-Jul
19-Jul
18-Aug
18-Aug
18-Aug
19-Aug
18-Oct
20-Jan
19-Feb
19-Mar
19-May
19-Jun
18-Jul
18-Jul
18-Jul
19-Jul
18-Aug
18-Aug
18-Aug
19-Aug
18-Oct

17434
17554
10099
21042
40210
40710
32267
35558
39842
44951
35893
21963
23482
38530
19145
10344

9534
22562
17048
25947
22037
18252
33521
22421
21481
11213
29615



Appendix B
Bioinformatic Processing i Example Workflows & mirlyn
Functionality

B1. Example QIIME2 Workflow

Analyses in this thesis were conducted using QIIME2 v. 2019.10 (Bolyen et a). b
following is an example of the workflow conducted in #realyses.

a. Data Import

Sequence files obtained from Metagenom Bio Inc. (Waterloo, ON) were demultiplexed paired
end reads that included two fastq.gz files for the forward and reverse reads of each sample.
These files were in the Casava 1.8 demultiplexeché&br

giime tools import \

-type 6Sampl eData[] PairedEndSequences Wit h(

input - path sequencefiles \

-- input - format CasavaOneEightSingeLanePerSampleDirFmt \

output - path demux - paired - end- sequences.gza

b. Quality Control & ASV Table Generation
Sequence quality control was performed using DADA2 (Callahan et al., 2016). For paired end
read joining, reads must be long enough that they overlap but also removes low quality reads.

giime dada2 denoise - paired \
-- 1 - demultiplexed - seqs demux - paired - end-sequences.gza \
- p-trim -left -f19 \
- p-trim -left -r250 \
-- p-trunc -len -f20 \
-- p-trunc -len -r225 \
-- O-table asv - table.qza \
-- 0- representative - sequences rep -segs.gza \

-- 0-denoising - stats dada2 - denoise - stats.qza

c. Taxonomic Classification
Taxonomic classifications in this thesis were performed using a Naive Bayes probabilistic
classifier trained with the SILVA138 reference database for the 515F and 806R V4 16S

rRNA primers.
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giime feature - classifier classify - sklearn '\

d.

-- 1 - classifier SILVA13 8 classifier.qza \
-- i-readsrep -segs.gza \

-- 0- classification tax - file.qza

Downstream Analyses

While QIIME2 hosts a variety of functions for taxonomic community composition and
diversity analyses, the analyses conducted throughout this thesis was périging R.

B2. Example R Workflow Usingmirlyn

a.

Data Import

QIIME2R (Bisanz, 2013yvas used to import .gza files into R aplaylsoeqMcMurdie

and Holmes, 2013)bjects. This generated phylosalgject was then used for community
diversity analyses usinguirlyn, an R package developed in Chapter 2 including various
functions for library normalization and diversity analyses.

library(mirlyn)

library(phyloseq)

library(giime2R)

phyloseq_object <-gza_t o _phyloseq(" asv -table.qza",

"rooted - tree.gza"," tax - file .gza",

b.

metadata .txt")

Data Handling

Amplicon sequencing datasets are large including a high number of unique amplicon
sequence variants, sample metadata and taxonomic classification for amplicon sequence
variants. To ease in the handling of this data, functions have been created to create
compiled tables including sample metadata, ASV abundances and taxonomic
classification. These data frames can be exported as a CSV filenrgagsv()

1. Assigning ASV Identifiers to Sequence Variants
During the creation of the ASV table in QIIME2, eadtique sequence is assigned an
identifier consisting of a string of characters (e.q.,
88b44c11059bcf2950ca0ac50f3eb08f). To improve readability, atbe rename()
function codes these character string identifiers to a new identifier in the form
A ASV# # #l@this s&®h is not mandatory, it allows for easy reference to specific
ASVs of interest

asv_rename(example)

2. Generation of Data Frame fromphyloseqObject
Data is initially imported into R asghylosedbject. Thephylosembiject is critical for
subsequently performing diversity analysis. However, for plotting options or
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subsequent export as a CSV file, thhyloseq_to_df(junction will convert the
phylosembject to a data frame containing the ASV counts, taxonomic fikzten
and metadata.

example_df < - phyloseq_to_df(example)

3. Generation of Compiled ASV Table
The data frame generated uspiy/loseq_to_df(@an be further organized to focus on
the read counts of each ASV across the different samplegydthasv_tabl@ also

includes the taxonomic classification of the ASV butdoes notinclude sample metadata.
example_df asv< - get asv_table(example_df)

a. Taxonomic Composition
1. Visualization
mirlyn provides two visualization options for taxonomic communities includtagked
bar plots and heatmaps. Heatmaps are optimal to use when interested in exploring the
trends in relative abundances of one taxonomic group (e.g., Cyanobacteria). Alternatively,
the stacked bar charts can be used to identify overall compositiomwf aities.

# Stacked Barcharts at the Phylum Rank

cols< - c("black", "darkgoldenrodl”, "dodgerblue”, "deeppink4",
"chartreuse3”, "burlywood4", "navy", "blueviolet®, "tan2",
"lavenderblush3”, "cyan4")

example_barchart < - bartax( exampl e, ASampl eo, taxra
APhyl umo, cols = col s)

# Heatmap of Cyanobacterial Abundances in the Bacterial

Community
example_df phylum < - example_df %>% group_by(Sample, Id,
Phylum) %>% summarise(abaundance = (sum(abundance)) %>%

mutate(Proportion = abundance/sum(abundance)*100)

pl ot _heat (example_df phyl um, taxl evel = AP
ACyanobacteri ao, XxXvar = Asampl eo, yvar =
AProportiono) +scae_fill gradient (Il ow = A w
Ami dnt glhue o)

2. Compositional Significance Testing

Amplicon sequencing data is inherently compositional (Gloor et al.,, 2016). The
composition of these communities is reported in relative abundance but raises the question
of when is a group statistically abundanthin the community. Theandomseqsig()
function will identify whether a taxonomic group of interest is significantly dominantin

the community. This can be used to identify conditions where a taxonomic group of interest
(e.g., Cyanobacteria) are in sige#ntly higher abundances.
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# Calculate significance of Phylum: Cyanobacteria
compsig_example < - randomseqsig(example, taxlevel = "Phylum"”,
group = "Cyanobacteria”, nshuff = 1000)

b. Diversity Analyses

Prior to conducting diversity analysis, libraries must be normalized to account for variation in
library sizes. A variety of techniques are available each with their own benefits and limitations
and researchers are encouraged to evaluate the effectie¢tiesse techniques for their data.
However, for this researcimirlyn utilizes repeated iterations of rarefying, the process of
subsampling to a user specified library size.

1. Library Normalization

To identify appropriate library sizes to rarefy to, a raction curve can be generated to
provide an overview of the observed ASV in samples corresponding to different rarefied
library sizes. Theoretically, samples that have a plateau in the curve have reached maximal
observed diversity. This visualization shdble used to select an appropriate library size
which encompasses maximal diversity while being inclusive of samples.

# Creation of rarefaction curve data frame

Rarefy_whole_rep_example < - rarefy_whole_rep(example,
rep = 100)

#Visualization of rarefacti on curve

Rarecurve_ex < - rarecurve(rarefy_whole_rep_ex,
sample = A$gampl eo

2. Multiple Iterations of Rarefying Libraries

After generating rarefaction curves, users may select an appropriate rarefied library size
fortheiranalysis. Users should aim to selectalibrary size that represents maximal diversity
and is inclusive of all samples. In the case where users must nealledision between
losing samples or drastically reducing the represented diversity, users may opt to conduct
analyses at the lower library size inclusive of all samples at the loss of diversity in some
samples in addition to a larger rarefied library sitgch results in exclusion of small
library size samples. Depending on the data structure, users may choose to include a
different number of repeated iterations. For example, if the repeated iterations do not result
in highly variable outputs in the divaty analyses, the number of iterations may be
reduced. However, if large variation is present, users should aim to include a larger number
of iterations to allow for better characterization of variation introduced through random
subsampling. The mirl_obgewill be used in the subsequent analyses.

# Creation of mirl object T Repeatedly rarefy 100 times
mirl_object < - mirl(example, libsize = 10000, rep = 100,
set.seed = 120)
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3. Alpha Diversity

mirlyn contains two visualization options for alpteversity analyses. Both implement the
use of a diversity metric (e.g., Shannon diversity index). @lphadivDF()function
utilizes themirl_objectgenerated in the previous step and is only applicable thikesity
metric at the specified library size used witirl(). Thealphacone(function generates a
distribution of the diversity metric across different rarefied library sizes providing users
with a comprehensive view of the diversity metric as a fonatif rarefied library size.

# Alphawich Functions
# Generates dataframe of alpha - diversity metric from mirl_object
alphadiv_df < - alphadivDF(mirl_object)

# Generates visualization from alphadiv_df. Substitute xvar for
your own metadata column.
alphawichVis(example, xvar = "Sample")

#Alphacone Functions
# Load example data from mirlyn.
data(example)

# Generates dataframe of alpha - diversity metric across all
library sizes.

alphacone_example < - alphacone(example, r ep = 100)

# Generates distribution plot of alpha - diversity metric across
library sizes.

alphaconeVis(alphacone_example, "Sample")

4. Beta-Diversity

Currently, mirlyn only supports the use of PCA for bdiaersity analyses. Future
ordination techniques such as PCoA and NMDS may be implemented in future versions.
A Hellinger transformation is recommended to apply to sequence count data prior to
conducing PCA to account for the ara@ffect regularly seen in ecological data. The beta
diversity functions utilize thenirl_objectgenerated previously.

# Generation of PCA object
betamatPCA_object< - betamatPCA(mirl_object)

# Ordination Visualization
betamatPCAvis(betamatPCA_object, groups = c("A", "B", "C",
"D","E","F"), reps = 10, colours = c("#000000", "#E69F00",
"#0072B2", "#009E73", "#FOE442", "#D55E00"))
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Table B.1 Functions from other R packages used in irlyn. mirlynis an R package developed for
library normalization and diversity analyses of amplicon sequencing and is available at

www. github.com/escamero/mirlyn

mirlyn function Description  Functions used from Citations
other packages
bartax() Generate microbiome::transform() Leo Lahti et al.microbiome

taxonomic generate compositional R packageURL:
composition data from abundance  http://microbiome.github.io
barcharts  data.

from
taxonomic phyloseq:tax_glom():  PaulJ. McMurdie and Suse

abundance combine compositional Holmes (2013). phyloseq

data. data by desired An R package for
taxonomic level. reproducible interactive
ggplot2::ggplot(): analysis and graphics of
plotting engine for all microbiome census data.
visualization. PLoS ONE 8(4):e61217.
alphawhichDF) Calculate vegan::diversity(): used Jari Oksanen, F. Guillaume
alpha for alpha diversity Blanchet, Michael Friendly,
diversity calculation. Roeland Kindt, Pierre
values from Legendre, Dan McGlinn,
sequence Peter R. Minchin, R. B.
count data. O'Hara, Gavin L.

Simpson, Peter Solymos,
M. Henry H. Stevens,
Eduard Szoecs and Helene
Wagner (2019). vegan:
Communiy Ecology
PackageR package versior
2.56.

https://CRAN.R
project.org/package=vegar
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Table B.1 Continued

mirlyn Description = Functions used from Citations
function other packages
alphacone() Calculate phyloseq::rarefy_even Paul J. McMurdie and Susan
alpha depth(): rarefy Holmes (2013). phyloseq: An |
diversity taxonomic abundance package for reproducible
values at data from multiple interactive analgis and graphic:
different samplesto an equal of microbiome census data.
increments of depth. PLoS ONE 8(4):e61217.
library vegan::diversity(): usec Jari Oksanen, F. Guillaume
rarefaction  for alpha diversity Blanchet, Michael Friendly,
for sequence calculation. Roeland Kindt, Pierre Legendr
data. Dan McGlinn, Peter R.
Minchin, R. B.O'Hara, Gavin
L

Simpson, Peter Solymos, M.
Henry H. Stevens, Eduard
Szoecs and Helene Wagner
(2019). vegan: Community
Ecology Packager package
version 2.56.

https://CRAN.R
project.org/package=vegan

betamatPCA( Principle vegan::vegdist(): Jari Oksanen, F. Guillaume

) component calculate dissimilarity Blanchet, Michael Friendly,
analysis of  indices from taxonomic Roeland Kindt, Pierre Legergjr
beta diversity abundance data. Dan McGlinn, Peter R.
values vegan::decostand(): Minchin, R. B. O'Hara, Gavin
calculated  gnply desired :
from standardization to Simpson, Peter Solymos, M.

sequence  iaxonomic abundance Henry H. Stevens, Eduard
countdata. (atg prior to calculatior Szoecs and Helene Wagner
of dissimilarity indices. (2019). vegan: Community
Ecology PackageR package
version 2.56.
https://CRAN.R
project.org/package=vegan

stats::prcomp(): R Core Team (2020). R: A
principle component language and environment for
analysis. statistical computing. R
betamatPCA( Foundation for Statistical
) Computing, Vienna, Austria.
URL
https://www.Rproject.org/.
mirl() Repeated phyloseq::rarefy_even Paul J. McMurdie and Susan
rarefaction of depth(): rarefy Holmes (2013). phyloseq: An |
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Table B.1 Continued

mirlyn Description = Functions used from Citations
function other packages
sequence taxonomic abundance package for reproducible
countdata. data from multiple interactive analysis and graphi
samplesto an equal  of microbiome census data.
depth. PLoS ONE 8(4):e61217.
rarefy_whole Repeated phyloseq::rarefy_even Paul J. McMurdie and Susan
_rep() rarefaction of depth(): rarefy Holmes (2013). phyloseq: An |
taxonomic taxonomic abundance package for reproducible
abundance data from multiple interactive analysis and graphi
data at samples to an equal of microbiome census data.
incremental depth. PLoS ONE 8(4):e61217.
library sizes.
rarecurve()  Visualize ggplot2::ggplot(): H. Wickham. ggplot2: Elegant
observed plotting engine for all = Graphics for Data Analysis.
ASV count  visualization. SpringerVerlag New York,
from 2016.

rarefy_whole
_rep() output.

alphawhichVi Visualize ggplot2::ggplot(): H. Wickham. ggplot2: Elegant
s() alpha plotting engine for all  Graphics for Data Analysis.
diversity visualization. SpringefrVerlag New York,
results from 2016.
alphawhichD
F(.
betamatPCA\ Plot principle ggplot2::ggplot(): H. Wickham. ggplot2: Elegant
is() component  plotting engine forall = Graphics for Data Analysis.
analysis from visualization. SpringerVerlag New York,
betamatPCA\ betamatPCA( 2016.
is() ). factoextra::fviz_pca_in Alboukadel Kassambara and
d(): wrapper for Fabian Mundt (2020).
ggplot2 visualization o factoextra: Extract and
PCA data. Visualize the Results of

Multivariate Data Analyse®R
package version
1.0.7.https://CRAN.R
project.org/package=factoextri
phyloseqtodf( Creation of a tidyr::gather(): gathers Hadley Wickham and Lionel

) dataframe columns for data fram« Henry (2020). tidyr: Tidy
from a reorganization Messy DataR package versior
phyloseq 1.1.0.https://CRAN.R
object project.org/package=tidyr
including
taxonomy,
ASV read
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Table B.1 Continued

mirlyn Description = Functions used from
function other packages
counts and
metadata.

get_asv_table Generatesa dplyr:mutate_if()

0 compiled apply transformation tc
ASV table variables
with counts  dplyr::distinct()
and subsets unique rows
taxonomic from dataframe.
classification
of individual
amplicon
seguence
variants.

randomsegsit ldentification reshape2::melt()

0 of whethera generates molten
taxonomic dataframe.
groupis
significantly
dominantin
the
community
using data
shuffling.

plot_heat() Generates  ggplot2::ggplot():
heat maps plotting engine for all
visualizing visualization.
the relative
abundance of
a taxonomic
group of
interest from
a dataframe.

asv_rename( Assigns readr::write_tsv()
uniqgue ASV  generates tab delimite«
| . D. 6 s filefromdataframe
seguence object.

variants.
fasta_rename Assigns Biostrings::readDNASt
0 correspondin ringSet() reads
g unique FASTA format file.
ASV
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Table B.1 Continued

mirlyn
function

fullbartax()

Description

identifiers to
a FASTA
file.

Generates
taxonomic
composition
bar charts for
specified
taxonomic
levels.

Functions used from Citations
other packages
Biostrings:write XStrin  strings. R package version
gSet() generates 2.58.0.
FASTA file.
readr::read_tsv(yeads https://bioconductor.org/packa
tab delimited file into  es/Biostrings

data frame.

ggplot2::ggplot(): H. Wickham. ggplot2: Elegant
plotting engine forall = Graphics for Data Analysis.
visualization. SpringerVerlag New York,

2016.
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Appendix C

Supplementary Materials for Chapter 3

Table C.1 Relative abundances of major bacterial phyla rounded to two decimal points across a

diurnal multi -time point sampling seriesPhyla preserttless than 1% abundanaeross all samples

were excludedrom thistable

Classified Phylum

Actinobacteriota

Bacteroidota

Bdellovibrionota

Cyanobacteria

Myxococcota

Planctomycetota

Proteobacteria

Day 1

Little Turkey

Secchi
16.20
11.02
11.63
12.23
17.27
13.65
0.26
0.78
1.41
9.91
10.74
14.62
0.21
1.45
0.56
4.31
4.19
6.13
49.42
40.83
38.94

Surface

17.94
17.03
13.95
13.95
14.89
16.94
0.077
0.16
0.18
6.67
9.30
6.97
0.11
0.23
0.079
3.54
4.45
3.12
49.54
47.16
50.79

Wishart

Secc
7.79
9.87
15.74
14.9
12.43
9.22
0.94
1.12
1.07
4.39
5.47
7.31
0.87
0.85
0.55
2.07
2.34
4.43
50.32
54.34
49.86

hi
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Day2
Little Turkey = Wishart
Secchi Secchi

22.80 8.40
13.67 10.69
16.3 8.42
9.71 13.42
6.86 12.01
6.82 12.96
0.98 0.92
0.79 0.78
0.71 1.61
13.42 10.34
16.28 8.47
17.53 6.46
0.38 0.54
0.88 0.66
0.12 0.63
5.76 6.10
5.93 3.41
6.58 3.03
40.70 45.25
41.40 51.18
42.20 53.49

Sampling Time

Morning
Midday
Afternoon
Morning
Midday
Afternoon
Morning
Midday
Afternoon
Morning
Midday
Afternoon
Morning
Midday
Afternoon
Morning
Midday
Afternoon
Morning
Midday
Afternoon



Table C.1 Continued

Classified Phylum Day 1
Little Turkey | Wishart
Secchi Surface Secchi
Verrucomicrobiote 6.10  7.19 17.37
12.85 5.31 11.36
12.27 6.90 9.40
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Day 2

Little Turkey = Wishart

Secchi
5.55
12.77
8.97

Secchi
12.92
11.03
11.00

Sampling Time

Morning
Midday
Afternoon



Day 1 Day 2
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Figure C.1 Stacked bar charts depicting the relative abundances of major bacterial phyla
identified from amplicon sequencing of the V4 region of the 16S rRNA gene across a mtfitine
point sampling series in a nonstratified lake (Wishart) and a mid-sized stratified lake (Little

Turkey).
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Figure C. 2 Stacked bar chartsdepicting the relative abundances of major bacterial phyla
identified from amplicon sequencing of thevV4 region of the 16S rRNA gene across a muitime

point sampling series between two sampling depths in a stratified lake (Little Turkey).

186



Table C.2 Relative abundances otyanobacterial familiesrounded to two decimal pants. Phyla
presentt less than 1% abundance were excludenh this table

Family Day 1 Day2 Sampling Time
Little Turkey Wishart Little Turkey = Wishart

Sechi Surface Secchi Secchi Secchi
Aphanizomenonaceae 1.33 1.82 - - - Morning

- 1.09 - - - Midday

- 2.21 - - - Afternoon
Chroococcaceae 12.00 7.13 - 2.85 1.41 Morning

220 9.35 1.09 3.93 1.04 Midday

4.99 8.58 - 5.52 1.79 Afternoon
Coelosphaeriaceae  2.93 1.24 1.35 3.20 1.29 Morning

236 192 - 2.32 - Midday

4.29 3.34 - 2.82 - Afternoon
Cyanothecaceae 213 1.08 - 1.42 - Morning

1.24 - - 1.61 - Midday

1.49 - - 1.71 - Afternoon
Merismopediaceae  1.07 1.41 - - - Morning

- 1.09 - - - Midday

- - - 1.11 - Afternoon
Microcystaceae 15.33 16.25 1.08 7.62 - Morning

4.41 13.26 4.01 1.55 Midday

5.52 10.66 1.09 5.18 1.79 Afternoon
Pseudanabaenaceae - - 4.32 - 2.58 Morning

- - 14.37 - 1.85 Midday

- - 2.34 - 8.46 Afternoon
Synechococcaceae @ 61.87 66.42 87.57 82.35 87.70 Morning

88.05 70.47 78.74  85.86 87.82 Midday

81.44 71.37 87.52 81.60 82.11 Afternoon
Unknown 3.07 4.64 5.14 1.92 6.09 Morning

1.02 2.11 3.48 1.57 5.70 Midday

1.58  2.59 8.27 1.71 5.85 Afternoon
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Day 1 Day 2

100%
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Figure C.3 Stacked bar chartsdepicting the relative abundances of cyanobacterial families
comprising the cyanobacterial communities identified from amplicon sequencing of the V4
region of the 16S rRNA gene across a multime point sampling series in a norstratified lake
(Wishart) and amid-sized stratified lake (Little Turkey).
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Figure C.4 Stacked bar chartsdepicting the relative abundances of cyanobacterial families
comprising the cyanobacterial communities identified from amplicon sequencing of the V4
region of the 16S rRNA gene across a multime point sampling series between two sampling

depthsin a stratified lake (Little Turkey).
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Figure C.5 Alpha and betadiversity analyses of bacterial communities across a diurnal sgriing
series in a stratified and nonstratified lake. Amplicon sequence variants classified to the phylum
Cyanobacteria were filtered to characterize diversity within cyanobacterial communitiesThe
Shannon Index was calculated on rarefied libraries ttuateathe effects of (A) sampling time and
lake, (B) sampling time and depth and (C) The BCaytis dissimilarity metric was used to explore
similarities in communities between lake site (Little Turkey = LT, Wishart = W)
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Figure C.6 Phylogenetic treeindicating the taxonomic affiliation of amplicon sequence variants
classified as phototrophic cyanobacterianferred using the General Time Reversible

substitution model with Gamma invariant sites included.1000 boot strap replicates were

performed teestimatesupport for clades. Reference sequences for common freshwater cyanobacteria
were included to confirm the taxonomic classification of the N&ages classifierGenus and

species names were not modiffedm the reference entries in NCBI and may not reflect current
accepted nomenclature. For the purpose of this research, taxonomic classifications were only

examined at higher taxonomic levels of order and family.
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444418l
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e
=1

Proportion
=
L

HEUSIA

Secchi-Day 1 Secchi-Day 2 Secchi-Day 1 Secchi-Day 2 Secchi-Day1 Secchi-Day 2

Sampling Depth & Day

Figure C.7 Violin plots visualizing the distribution of randomized total phylum counts and the
specific relative abundance of cyanobacteria relative to the #5ercentile across sampling times

at Secchi depth.The observed cyanobacterial values are visualizedtigtlsolid black circle, and the
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95h percentile with the white circle. Black dots present above the white circle represents&hment

of cyanobacteria present in the bacterial community.

Morning Midday Afternoon

0.44

Propaortion
Aainl 8w

0.1

0.0+

Surface - Day1 Secchi-Day1 Secchi-Day2 Surface - Day 1 Secchi-Day1 Secchi-Day 2 Surface - Day 1 Secchi-Day 1 Secchi-Day2
Sampling Depth & Day

Figure C.8 Violin plots visualizing the distribution of randomized total phylum counts and the

specific relative abundance of cyanobacteria relative to the 99ercentile across sampling times

at Secchi depth andhe water surfacein Little Turkey Lake. The observe cyanobacterial values

are visualized with the solid black circle, and th& pércentile with the white circle. Black dots present
above the white circle represents an enriched abundance of cyanobacteria present in the bacterial

community.
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Table C.3 Probability values for cyanobacterial enrichment within the randomized total phylum countgper sample. The mean and standard

deviation of the randomized counts were used to calculat®i®s. From the-gcores, probability values were obtained and adjusted with a

Bonferroni correction.

Lake

Little Turkey
Little Turkey
Little Turkey
Little Turkey
Little Turkey
Little Turkey
Wishart
Wishart
Wishart
Wishart
Wishart
Wishart

Little Turkey
(Surface)
Little Turkey
(Surface)
Little Turkey
(Surface)

Sampling

Time
Morning
Morning
Midday
Midday
Afternoon
Afternoon
Morning
Morning
Midday
Midday
Afternoon
Afternoon
Morning

Midday

Afternoon

Sampling
Day

Day 1
Day2
Day 1
Day 2
Day 2
Dayl
Day 1
Day 2
Day 1
Day 2
Day 1
Day 2
Day 1

Day 1

Day 1

Mean

0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.067

0.067

0.067

Standard
Deviation

0.04
0.04
0.03
0.03
0.03
0.03
0.03
0.03
0.02
0.03
0.03
0.02
0.059

0.053

0.049

Observed | p-value

0.10
0.13
0.11
0.16
0.18
0.15
0.04
0.10
0.05
0.08
0.07
0.06
0.067

0.094

0.07

0.13
0.02
0.02
0.00
0.00
0.00
0.40
0.02
0.44
0.10
0.20
0.29
0.50

0.31

0.48

Adjusted p-

value

1.00
0.28
0.28
0.00
0.00
0.01
1.00
0.25
1.00
1.00
1.00
1.00
1.00

1

1



Table C.4 Relative abundances of ASVs in the cyanobacterial community across a diurnal mulime point sampling series in a stratified
lake (Little Turkey = LT) and non -stratified lake (Wishart = W). Samples in Little Turkey Lake were collected at surface (Supandhi
depth (Se). Samples in Wishart Lake were only collected at Secchi depth. Sampling was performed across a multi tinydipgisegamwith
sampling at 8:3®:30 A.M. (Mo), 12:301:30 P.M. (Mid), and 4:3%:30 P.M. (Aft).

ASV ID o 4 o o T Y
= = = = = = — N
= s £ &8 5 & &8 s ¥ 5 T8 g2 § % ¢
5 5 3 B ¢ ¢ o o ¢ = = T = = <
? ® L 0 9 2 0 @ 83 2 z z 3 =
5 5 55 B 55 55
Chroococcales

ASV884 0.41 1.02 0.88 1.47 0.40 0.61 0.99 0.85 0.68 0.00 0.00 0.00 0.00 0.00 0.00
ASV887 6.02 7.76 7.34 10.53 1.02 2.79 1.84 1.79 3.71 0.00 0.00 0.00 0.00 0.00 0.00
ASV890 0.00 0.70 0.44 0.00 1.27 192 184 1.71 205 135 0.58 0.00 1.29 0.56 0.00
ASV893 1.24 121 288 293 1.08 236 1.35 0.60 0.77 0.00 0.00 0.00 0.00 0.00 0.00
ASV904 1.07 0.32 0.00 0.00 0.00 0.00 0.64 0.00 0.00 0.00 0.00 0.78 0.00 0.30 0.00
ASV905 0.00 0.00 0.25 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ASV906 0.33 0.76 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ASV908 0.00 0.00 0.00 1.07 0.00 0.00 0.00 0.70 1.112 0.00 0.00 0.00 0.00 0.00 0.00
ASV910 0.66 0.51 0.31 0.00 0.77 1.57 0.00 1.28 1.11 0.00 1.09 0.00 1.41 1.04 1.79
ASV913 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.85 0.00
ASV914 3.30 3.43 3.95 1.20 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.09 0.00 0.00 0.00
ASV915 0.00 0.00 0.00 0.00 0.00 1.48 0.00 0.31 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ASV916 0.00 0.00 0.00 0.00 0.00 0.00 1.42 1.30 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ASV917 1.07 0.70 0.88 2.13 1.24 0.00 0.00 0.00 1.70 0.00 0.80 0.00 0.00 0.59 0.00
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Table C.4 Continued

ASV ID

ASV9I19

-

Mo

5
7
=
—l
12.87

Gloeobacterales

ASV929 0.00
ASV930 0.00
ASV931 0.00
Nostocales
ASV819 0.00
ASV822 0.00
ASV824 1.82
Oscillatoriales
ASV831 0.00
ASV880 0.00
Synechococcales
ASV806 0.00
ASV829 0.00
ASV832 0.00
ASV838 0.00
ASV839 0.00
ASV842 0.00

© LT-Su-Mid1

0.00
0.00
0.00

0.00
0.00
1.08

0.00
0.00

0.00
0.00
0.00
0.00
0.00
0.00

LT -Su-Aftl

o
o))
a1

0.00
0.00
0.00

0.00
0.00
2.19

0.13
0.00

0.00
0.00
0.00
0.00
0.00
0.00

f; LT -SeMorl

=
w

0.00
0.00
0.27

1.33
0.00
0.00

0.00
0.00

0.00
0.00
0.00
0.00
0.00
0.00

B LT-SeMidl

0.00
0.00
0.00

0.00
0.71
0.00

0.00
0.00

0.00
0.00
0.00
0.00
4.64
0.00

LT -SeAftl

o
a1
o

0.00
0.00
0.00

0.00
0.00
0.70

0.00
0.00

0.00
0.17
0.00
0.00
0.79
0.00

~NLT-SeMor2

0.00
0.00
0.00

0.00
0.00
0.00

0.00
0.00

0.00
0.00
0.00
0.00
0.00
0.00

» LT-SeMid2

0.00
0.00
0.00

0.00
0.00
0.00

0.00
0.00

0.00
0.00
0.00
0.00
5.53
0.00

196

o LT-SeAft2

0.00
0.00
0.00

0.17
0.00
0.00

0.00
0.17

0.00
0.00
0.00
0.00
1.70
0.00

~ W-Morl

0.54
0.00
0.00

0.00
0.00
0.00

0.00
0.00

4.32
0.00
0.00
0.00
1.89
0.00

W-Midl

0.00
0.22
0.00

0.00
0.00
0.00

0.00
0.00

14.34
0.00
0.00
2.61
3.55
2.61

O W-Aftl

0.00
0.00
0.00

0.00
0.00
0.00

0.00
0.00

2.34
0.00
0.00
0.00
2.81
2.65

W-Mor2

o
o
S)

0.94
0.00
0.00

0.00
0.00
0.00

0.00
0.00

2.58
0.00
0.00
0.00
1.41
2.81

o W-Mid2

0.22
0.15
0.00

0.00
0.22
0.00

0.00
0.00

1.85
0.00
0.00
4.18
3.44
1.70

= W-Aft2

0.00
0.00
0.00

0.00
0.00
0.00

0.00
0.00

8.13
0.00
0.33
0.00
1.79
5.53



Table C.4 Continued

ASV ID

ASV843
ASV846
ASV848
ASV849
ASV850
ASV853
ASV855
ASV857
ASV858
ASV859
ASV865
ASV866
ASV869
ASV897
ASV898
ASV899
ASV921

LT-Su-Mol

0.00
5.45
42.16
0.00
0.00
0.00
13.28
0.00
0.00
0.00
1.32
0.00
0.00
0.00
0.00
3.88
0.00

Caenarcaniphilales

ASV803

0.00

LT -Su-Mid1

0.00
4.64

38.33

0.00
0.00
0.00

18.31

0.00
0.00
0.00
3.81
1.65
0.00
0.00
2.35
0.83
0.00

0.45

LT -Su-Aftl

0.00
5.58
42.45
0.00
0.00
0.00
16.18
0.00
0.00
0.00
4.01
0.00
0.00
0.00
0.75
2.01
0.00

0.13

LT -SeMorl

0.00
9.73
31.87
0.00
0.00
0.00
10.80
0.00
0.00
0.00
4.93
0.00
0.00
0.00
0.00
4.53
0.00

0.00

LT-SeMidl

0.00
25.47
25.32

0.00

5.51

0.00

3.16

0.00

0.00

0.00

9.25
12.75

0.00

0.00

0.00

1.67

0.00

0.25

LT -SeAftl

0.00
20.96
39.04

0.00

0.00

0.00

0.00

0.00

0.00

0.00

7.95
10.13

0.00

0.00

1.22

0.96

0.00

0.00

LT -SeMor2

o
o
o

19.42
36.57
0.00
0.00
0.00
9.43
0.00
0.00
0.00
8.22
6.24
0.00
0.00
2.13
0.00
0.00

0.00
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LT-SeMid2

o
o
o

26.18
26.66
0.00
3.26
0.00
3.90
0.00
0.00
0.00
6.83
12.13
0.00
0.00
0.00
1.22
0.00

0.04

LT -SeAft2

0.00
23.43

W-Morl

5.95
0.00

31.66 54.86

0.00
0.00
0.00
5.54
0.00
0.00
0.00
7.16
9.80
0.00
0.55
0.00
1.41
0.00

0.00

0.00
0.00
4.59
0.00
0.00
7.03
0.00
0.00
0.00
8.92
0.00
0.00
4.32
0.00

0.00

W-Mid1l

6.01
5.94
26.07
0.00
3.98
2.61
7.24
0.00
3.04
2.68
0.00
3.40
5.43
0.00
0.00
3.40
0.00

0.00

W-Aftl

9.36
0.00

W-Mor2

7.14
6.67

41.03 39.34

0.00
0.00
3.59
8.89
0.00
4.06
2.81
0.00
4.84
4.84
0.00
0.00
2.65
0.00

0.00

0.00
0.00
3.98
10.07
1.64
2.58
0.00
0.00
3.63
4.22
0.00
3.63
0.00
0.59

0.00

W-Mid2

6.37
6.11
30.32
2.92
2.92
3.41
11.18
0.78
1.78
1.63
1.44
3.11
3.74
0.00
0.00
2.78
0.00

0.00

W-Aft2

8.62
0.00
42.11
0.00
0.00
6.18
0.00
4.07
0.00
0.00
0.00
3.74
5.69
0.00
0.00
4.39
0.00

0.00



Table C.4 Continued

ASV ID - — — .

o =] P )
= = < =
¢ 5 9 G
b i 55

Gastranaerophilales

ASV933 0.00 0.00 0.00 o0.00

Vampirovibrionales

ASV800 0.50 0.32 0.44 0.00

Unknown

ASV909 462 2.10 257 3.07

LT-SeMidl
LT -SeAftl

0.00 0.00

0.06 0.26

1.02 1.57

LT-SeMor2

LT -SeMid2

LT -SeAft2
W-Morl

0.00 0.00 0.00 0.00

0.43 0.14 0.43 0.00

1.91 157 170 5.14
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W-Mid1l

W-Aftl
W-Mor2
W-Mid2

W-Aft2

0.22 0.00 0.00 0.00 0.00

0.00 0.00 0.00 0.00 o0.00

3.48 8.27 6.09 5.70 5.85



Supplementary Materials for Chapter 4

Appendix D

Table D.1 Relative abundances of major bacterial phyla rounded to two decimal points across a

depth profile in the summer of 2018 Phyla preserdtless than 1% abundanaeross all samples

were excludedrom this table

Classified

Phylum

Actinobacteria

Armatimonadota

Bacteroidetota

Bdellovibrionota

Surface Secchi

14.67

11.92

5.81
1.09

2.15

1.30
6.54

6.90

11.68
1.00

0.11

1.56

July 2018

7.38

5.07

3.49
0.40

3.81

1.35
12.23

16.60

8.22
1.27

0.70

2.15

1m
7.00

2.49

7.76
0.041

4.84

1.32
8.46

17.02

5.33
1.79

0.47

3.27

7.17

5.07

8.73
0.61

0.36

0.18
12.23

21.79

33.44
0.44

0.39

0.092

August 2018

Secchi + Surface Secchi

9.01

8.10

7.72
0.44

0.65

0.14
20.01

30.06

14.02
0.44

0.46

0.31

Secchi +

1m
9.61

16.35

11.02
0.16

1.73

0.25
18.42

10.44

23.99
0.19

1.04

0.28

Lake

Big
Turkey
Little
Turkey
Wishart
Big
Turkey
Little
Turkey
Wishart
Big
Turkey
Little
Turkey
Wishart
Big
Turkey
Little
Turkey
Wishart



Table D.1 Continued
Classified

Phylum

Surface Secchi

Chloroflexi 0.044

0.007

1.89
Cyanobacteria 27.27

14.33

17.44

Firmicutes 0.20

10.28

0.076

Myxococcota  0.10

0.19

0.49

0.50

0.034

1.28
26.96

23.55

18.46
0.022

0.44

0.041
0.83

0.022

0.88

July 2018

Secchi +

Im

0.76

0.064

1.14
45.44

13.85

15.87
0

0.15

0.24
0.47

1.21

200

Surface Secchi

0.10

0.038

0.16
11.51

6.78

4.53
0.025

0.010

0.021
0.12

0.15

0.10

0.072

0.21

0.35
11.78

8.54

3.84
0.015

0.037
0.22

0.21

0.098

August 2018

Secchi +

1m
0.077

0.73

0.42
12.78

12.60

4.77

0.013
0.063

0.031

0.20

Lake

Big
Turkey
Little
Turkey
Wishart
Big
Turkey
Little
Turkey
Wishart
Big
Turkey
Little
Turkey
Wishart
Big
Turkey
Little
Turkey
Wishart



Table D.2 Relative abundances of major bacterial phyla rounded to two decimal points across a
multi -seasonal profile Phyla preserdtless than 1% abundanaeross all samplesere excluded
from this table

ClassifiedPhylum Big Turkey Little Turkey = Wishart Sampling Month

Acidobacteriota  0.071 0 0.40 18-Jul
0.0128 0 0 18-Aug
0.085 0.13 0.054  18-Oct
0.49 0.025 0.073 19-Feb
1.05 0.83 0.50 19-Mar
0.27 0.83 0 19-May
0.028 0 0.022 19-Jun
0 0 0.22 19-Jul
0.010 0.0091 0 19-Aug
0 0.25 0.37 20-Jan
Actinobacteiota  7.38 5.07 3.49 18-Jul
9.01 4.24 7.72 18-Aug
14.03 7.55 6.31 18-Oct
10.65 5.17 6.34 19-Feb
9.90 4.41 2.36 19-Mar
13.46 10.96 5.43 19-May
5.99 9.66 7.06 19-Jun
17.36 20.63 6.67 19-Jul
11.33 10.52 3.53 19-Aug
4.72 5.01 5.97 20-Jan
Armatimonadota 0.40 3.81 1.35 18-Jul
0.44 0.65 0.25 18-Aug
0.14 0.064 0.054 18-Oct
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Table D.2 Continued
Classified Phylum Big Turkey Little Turkey = Wishart Sampling Month

Armatimonadota 0.21 0.14 0.084  19Feb
0.21 0.17 0 19-Mar
0.21 0.48 0 19-May
0.30 0.085 0.60 19-Jun
0.24 0.11 0.15 19-Jul
0.31 0.23 0.054  19-Aug
0.32 0.54 0.062 20-Jan

Bacteroidota 12.23 16.60 8.22 18-Jul
21.16 30.06 14.02  18-Aug
7.16 8.81 8.80 18-Oct
12.94 18.15 9.41 19-Feb
16.01 12.94 14.05 19-Mar
7.23 4.95 3.85 19-May
8.75 27.67 2.96 19-Jun
2.19 0.80 12.16  19-Jul
5.73 9.19 8.09 19-Aug
26.27 18.10 18.21  20-Jan

Bdellovibrionota 1.27 0.70 2.15 18-Jul
0.44 0.45 0.31 18-Aug
0.24 0.034 0.064  18Oct
0.22 0.33 0.037  19Feb
0.55 0.13 0.019 19-Mar
0.24 0.11 0 19-May
0.12 0.052 0.47 19-Jun
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Table D.2 Continued
Classified Phylum  Big Turkey Little Turkey = Wishart Sampling Month

Bdellovibrionota 0.070 0.0056 0.45 19-Jul
0.34 0.20 0.71 19-Aug
0.089 0.21 0.62 20-Jan
Chloroflexi 0.50 0.034 1.28 18-Jul
0.35 0.21 0.35 18-Aug
0.48 0.35 0.37 18-Oct
0.54 0.08 0.031 19-Feb
0.46 0.017 0.029 19-Mar
0.50 0.15 0 19-May
0.76 0.23 0.23 19-Jun
0.23 0.076 0.33 19-Jul
0.12 0.087 1.17 19-Aug
0.089 0.26 0.10 20-Jan
Cyanobacteria 26.99 23.57 18.46 18-Jul
11.81 8.54 3.84 18-Aug
10.10 1.20 0.90 18-Oct
0.17 N/A 0.01 19-Feb
0.18 0 0 19-Mar
11.07 0.77 1.51 19-May
56.31 22.04 21.14 19-Jun
36.60 34.23 20.46  19-Jul
30.35 23.99 14.37  19-Aug
0 0.0.065 0.11 20-Jan
Firmicutes 0.022 0.44 0.041 18-Jul
0.015 0 0.037  18-Aug
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Table D.2 Continued
Classified Phylum Big Turkey = Little Turkey

Firmicutes

Myxococcota

Planctomycetota

0.057
0.054
0.062
0.057
0
0.092
0.050
3.76
0.83
0.22
0.31
0.15
0.21
0.060
0.11
0.83
0.11
0.030
3.37
3.44
6.58
7.10
9.75
15.64
1.96

0.16
0.14
0

0
0.0095
0.053
0.027
0.13
0.0.22
0.021
0.0.34
0.057
0.16
0.079

0.022

0.16
0.80
2.06
2.51
5.77
2.71
6.06
0.69

204

Wishart
0

0

0

1.10
0.031
0.027

0.32
0.88
0.098
0.12
0.031
0.19
0.21
0.13
0.87
1.17
0.18
4.79
1.38
1.09
0.76
0.058
3.40
1.25

Sampling Month

18-Oct
19-Feb
19-Mar
19-May
19-Jun
19-Jul
19-Aug
20-Jan
18-Jul
18-Aug
18-Oct
19-Feb
19-Mar
19-May
19-Jun
19-Jul
19-Aug
20-Jan
18-Jul
18-Aug
18-Oct
19-Feb
19-Mar
19-May
19-Jun



Table D.2 Continued

Classified Phylum Big Turkey Little Turkey = Wishart

Planctomycetota 4.09
7.59
1.21
Proteobacteria 38.11
46.28
41.55
53.55
46.31
48.20
24.11
16.64
37.27
53.44
Unknown 0.35
0.030
1.09
0.12
0.15
0.32
0.16
0.22
0.061
0.80
Verrucomicrobiota 8.02
6.87

5.68
6.30
2.12
41.83
46.23
70.31
56.49
67.84
74.28
36.95
24.04
32.49
46.05
0.11
0.039
0.66
0.14
0.24
0.49
1.74
0
0.096
0.24
7.03
7.27
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4.84
2.28
0.33
48.29
65.63
76.33
76.52
82.08
82.90
62.78
47.70
51.78
69.35
0.24
0.22
0.92
0.063
0
0.59
1.72
0.45
0.31
0.53
9.03
5.65

Sampling Month
19-Jul
19-Aug
20-Jan
18-Jul
18-Aug
18-Oct
19-Feb
19-Mar
19-May
19-Jun
19-Jul
19-Aug
20-Jan
18-Jul
18-Aug
18-Oct
19-Feb
19-Mar
19-May
19-Jun
19-Jul
19-Aug
20-Jan
18-Jul
18-Aug



Table D.2 Continued
Classified Phylum Big Turkey
Verrucomicrobiota 17.41
12.68
14.02
2.65
1.40
22.16
6.23
9.19

Little Turkey = Wishart

8.12
12.68
10.29
1.15
0.88
13.96
16.75
26.56

206

4.87
6.38
0.66
1.14
1.44
5.77
16.27
3.27

Sampling Month

18-Oct
19-Feb
19-Mar
19-May
19-Jun
19-Jul
19-Aug
20-Jan
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Classified Family

. =1% Abundance
Aphanizomenonaceae

. Caenarcaniphilales

. Chroococcaceae
Coelosphaeriaceae

. Microcystaceae
Mostocaceae

. Obscuribacteraceae

. Sericytochromatia

. Synechococcaceae

. Unknown

75%

50% -

Relative Abundance
Aavinl

25%

0% -
100%

75%

HELSIA,

50% -

25%

0% -

18-Aug 18-Jul 18-Oct 19-Aug 19-Feb 158-Jul 19-Jun 19-Mar 19-May 20-Jan
Sampling Month

Figure D.1 Stacked bar chartsdepicting the relative abundances of cyanobacterial families
composing the cyanobacterial communities identified from amplicon sequencing of the V4 region
of the 16S rRNA gene across a seasonal sampling serin a shallow lake (Wishart), midsized
lake (Little Turkey) and deep lake (Big Turkey). Notably, cyanobacteria were presantess than
1% abundanci the bacterial communitieliring icecovered monthsSampling months with no bar

signify the absence of cyanobacterial sequences.
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Figure D.2 Violin plots visualizing the distribution of randomized total phylum counts and the

specific relative abundance of cyanobacteria relate to the 95" percentile across sampling

months in a multi-seasonal period in Big Turkey, Little Turkey and Wishart Lake. The observed
cyanobacterial values are visualized with the solid black circle, and thee®&entile with the white

circle. Blackdots present above the white circle represents an enriched abundance of cyanobacteria

present in the bacterial community.
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Figure D.3 Violin plots visualizing the distribution of randomized total phylum counts and the
specific relative abundance of cyanobacteria relative to the $%ercentile across sampling depths

in Big Turkey, Little Turkey and Wishart Lake. The observed cyanobadurvalues are visualized
with the solid black circle, and the 9percentile with the white circle. Black dots present above the

white circle represents an enriched abundance of cyanobacteria present in the bacterial community
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Table D.3 Probability values for cyanobacterial enrichment within the randomized total

phylum counts per sample across a seasonal series. The mean and standard deviation of the
randomized counts were used to calculatec@res. From the-Zcores, probability values were
obtained and adjusted with a Bonferroni correction.

Lake Sampling = Mean Standard Observed  p- Adjusted
Date Deviation value  p-value

Big Turkey 20-Jan 0.04 0.03 0.00 0.08 1.00
Big Turkey 19Feb 0.04 0.02 0.00 0.03 0.96
Big Turkey 19Mar 0.04 0.02 0.00 0.03 1.00
Big Turkey 19May 0.04 0.02 0.11 0.00 0.03
Big Turkey 19Jun 0.04 0.05 0.56 0.00 0.00
Big Turkey 18Jul  0.04 0.03 0.27 0.00 0.00
Big Turkey 19Jul  0.04 0.04 0.37 0.00 0.00
Big Turkey 18Aug 0.04 0.03 0.12 0.00 0.10
Big Turkey 19Aug 0.04 0.03 0.30 0.00 0.00
Big Turkey 180ct 0.04 0.02 0.10 0.00 0.03
Little 20-Jan 0.04 0.02 0.00 0.05 1.00
Turkey

Little 19Feb 0.04 0.03 0.00 0.07 1.00
Turkey

Little 19Mar 0.04 0.03 0.00 0.10 1.00
Turkey

Little 19May 0.04 0.04 0.01 0.19 1.00
Turkey

Little 19Jun 0.04 0.04 0.22 0.00 0.00
Turkey

Little 18Jul  0.04 0.04 0.24 0.00 0.00
Turkey

Little 19-Jul  0.04 0.04 0.34 0.00 0.00
Turkey

Little 18Aug 0.04 0.03 0.09 0.08 1.00
Turkey

Little 19Aug 0.04 0.03 0.24 0.00 0.00
Turkey

Little 180ct 0.04 0.03 0.01 0.18 1.00
Turkey

Wishart 20-Jan 0.04 0.03 0.00 0.07 1.00
Wishart 19Feb 0.04 0.04 0.00 0.14 1.00
Wishart 19Mar 0.04 0.06 0.00 0.24 1.00
Wishart 19May 0.04 0.05 0.02 0.30 1.00
Wishart 19Jun 0.04 0.03 0.21 0.00 0.00
Wishart 18Jul  0.04 0.02 0.18 0.00 0.00
Wishart 19Jul  0.04 0.03 0.20 0.00 0.00
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Table D.3 Continued

Lake Sampling Mean
Date
Wishart 18-Aug 0.04
Wishart 19-Aug 0.04
Wishart 18-Oct 0.04

Standard
Deviation
0.05

0.03
0.03

211

Observed p-
value
0.04 0.49

0.14 0.00
0.01 0.17

Adjusted
p-value
1.00

0.01
1.00



Table D.4 Probability values for cyanobacterial enrichment within the randomized total phylum countger sample across a depth profile. The
mean and standard deviation of the randomized counts were used tateaksdores. From the-Zcores, probability values were obtained and
adjusted with a Bonferroni correction.

Lake Month = Depth Mean Standard Deviation Observed p-value Adjusted p-value
Big Turkey  August Surface 0.05 0.03 0.12 0.02 0.31
Big Turkey  August Secchi  0.05 0.03 0.12 0.01 0.22
Big Turkey  August Deep 0.05 0.04 0.13 0.03 0.45
Big Turkey  July Surface 0.05 0.05 0.27 0.00 0.00
Big Turkey  July Secchi  0.05 0.03 0.27 0.00 0.00
Big Turkey  July Deep 0.05 0.06 0.45 0.00 0.00
Little Turkey August Surface 0.05 0.03 0.07 0.30 1.00
Little Turkey August Secchi  0.05 0.03 0.09 0.15 1.00
Little Turkey August Deep 0.05 0.04 0.13 0.02 0.45
Little Turkey July Surface 0.05 0.04 0.14 0.02 0.30
Little Turkey July Secchi  0.05 0.04 0.24 0.00 0.00
Little Turkey July Deep 0.05 0.05 0.14 0.03 0.53
Wishart August Surface 0.05 0.05 0.05 0.46 1.00
Wishart August Secchi  0.05 0.06 0.04 0.42 1.00
Wishart August Deep 0.05 0.03 0.05 0.47 1.00
Wishart July Surface 0.05 0.03 0.17 0.00 0.00
Wishart July Secchi  0.05 0.02 0.18 0.00 0.00
Wishart July Deep 0.05 0.02 0.16 0.00 0.00
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% Bootstrap Support

® 90-100
m 80-89
A 70-79

Synechococcaceae Clade

ASV834
ASV838
ASV842
ASV846
ASV850
ASV854
ASV858
ASV862
ASV866
ASV8T0
ASV8T74
ASV8T9
ASV923

ASV835
ASV839
ASV843
ASV847
ASV851
ASV855
ASV859
ASVE63
ASV8e67
ASVET71
ASV875
ASVE88
ASV924

Nostocales Clade

ASV814 ASV815
ASV817 ASV818
ASV820 ASV821
ASV823 ASV824

ASVB36 ASV837
ASVE40 ASV841
ASVE844  ASV845
ASV848 ASV849
ASV852 ASV853
ASV856 ASV857
ASVE60 ASV861
ASVE64 ASV865
ASVE68 ASV869
ASVB72 ASV8T3
ASVB76 ASV8T8
ASVO21 ASV922

ASV816
ASVE19
ASV822
ASV825

_ Aphanizomenan gracile strain LMECYAAD (AY354194.1)
Aphanizomenon gracile 1tu26s16 (AJ630445.1)
\Anabaena fios-aquae strain 37 (AJ293102.1)

~ASVE22

ASVE21
Anabaena crassa 1ES3351 (DQ264175.1)

IASV820
{—— Anabaena spiroides TRO3751 (DQ264162 1)
Aphanizomenon flos-aquae 1tu37s13 (AJ630442.1)

| Ll _Anabaena smithii 1tu39s8 (AJ630436.1)
Anabaena planctonica 1ES3652 (DQ264159.1)
ASVB14

L ASV823
Fischerella sp. strain 1711 (AJ544076.1)

Fischerella muscicola SAG 1427-1 PCC 73103 (AB075985 1)
Fischerella thermalis PCC 7521 (AB075987 1)

tschenkol 0tud7s7 (AJG630446.1)

[ Dolichospermum fios-aguae 2-Castkovec2/11 (KT290337.1)
| Dolichospermum viguieri SAG 27.79 (KT290327.1)
Anabaena augstumalis SCMIDKE JAHNKE/4a (AJ630458.1)

{ﬂnabaena cylindrica PCC 7122 (KT290325.1)
\Anabaena inaequalis CCAP 1446/1A (KT290324 1)

ASVI23
ASV922
ASVI21




IADVEDY
ASV858

ASV856

IASVE48
ASVE50
ASVE52

=

ASVE31
ASVE26
ASVE12
ASVE13
Aphanocapsa muscicola BN-04 (FR798920.1)
Synech /i tus var. vestitus CCALA 187 (MK907679.1)
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Figure D.4 Phylogenetic treeindicating the taxonomic affiliation of amplicon sequence
variants classified as phototrophic cyanobacteria inferredising the General Time Reversible
substitution model with Gamma invariant sites included.1000 boot strap replicates were
performed to estimate support for clades. Referenceqsences for common freshwater
cyanobacteria were included to confirm the taxonomic classification of the-Bapes classifier.

Genus and species names were not modified from the reference entriesin NCBI and may not reflect
current accepted nomenclatuFer the purpose of this research, taxonomic classifications were

only examined at higher taxonomic levels of order and family.
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Figure D.5 Alpha diversity analysis of bacterial communities collected across a muiti
seasonal priod in Big Turkey, Little Turkey and Wishart Lake. The Shannon Index was
calculated on libraries that were repeatedly rarefied to a normalized size of 9,534 reads to identify
seasonal variation in bacterial community diversaiues
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Figure D.6 Beta-diversity analysis onbacterial community similarity of seasonal samplesin
Big Turkey (BT), Little Turkey (LT) and Wishart (W) Lake. Sequence libraries were
repeatedly rarefied to a normalized library size 684, Rarefied libraries were transformed
using a HellingetransformationThe Bray-Curtis dissimilarity metric was calculated
transformed datand visualized using a PCA ordinatitmidentify seasonal trends in bacterial

community structure
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Figure D.8 Beta-diversity analysison bacterial community similarity of seasonal samplesin
Big Turkey (BT), Little Turkey (LT) and Wishart (W) Lake. Sequence libraries were
repeatedly rarefied to a normalized library size of 17,048. Rarefied libraries were transformed
using a Hellinger transformation. The Bragurtis metric was calculated on transformed data and

visualized using a PCA ordination to identify spatial trendsaicterial community structure
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Table D.5 Relative abundances of ASVs in the @nobacterial community across a depth profile in a deep, stratified lake (Big Turkey = BT)
mid-sized, stratified lake (Little Turkey = LT) and non-stratified lake (Wishart = W) in the summer 0f 2018 Samples were collected at surface
(Su), Secchi depth € and 1 meter below Secchi depth (D).

ASV ID o o ©  ®© o
5 d)oo% 50 d® 10 5 d)oo% L0 g .o S :3' b L0 ¢ . 0
Do P 2 PP OFRF P Vo R PP AJRET 2 3 3 AT oIQF
53 k5T B2 EZ2EIH3H3C K2HIEZF S o 22332
m - = =z =
Chroococcales
ASV883 0 0 0 0 0 0 0 0 0.04 0 0 0 0 0 0 0 0 0
ASV884 0.2 0 0 06 097 0.27 0 0 0 1.18 0.16 0.09 0 0 0 0O O 0
ASV885 0 0 0 0.24 0.17 0 0 0 0 0 0 0 0 0 0 0 0 0
ASV887 0.45 0 0 0.39 0.48 0 0.43 0.12 0.07 5.27 0.72 0.62 0 0 0 0 O 0
ASV910 0.37 0.34 0.04 0.39 0.26 0 0.24 0.09 0.12 147 0.62 0.37 044 037 0.44 059 0 0.65
ASV889 0 0 0 0 0 0 0 0.36 0 0 0 0 0 0 0 0 O 0
ASV890 045 0.96 0.29 0.68 1.15 093 1.11 1.32 0.35 1.84 0.78 0.76 2.15 2.07 262 112 0 094
ASV892 0 0 0 0 0 0.05 0 0 0 0 0 0 0 0 0 0 O 0
ASV893 0.21 0.79 0.22 0.24 0 03 236 114 021 133 15 1.32 0 0 0 0 O 0
ASV894 0 0 0 0 0 0 0 0 0 0 0 0 0 0.12 0 0 O 0
ASV895 0 0 0 0 0 0 0 0 0 0 0 0 0 0.17 0 0 0 0
ASV903 0 0 0 0.06 0 0 0 0 0 0 0 0 0 0 0 0 O 0
ASV904 0 0.22 0 0 0 0 0 0 0 0 1.17 0 0 0 0 04 0 037
ASV906 0 0 0 137 0 0 0 0 0 0 0 0O 158 0.61 0.66 0O O 0
ASV907 0 0 0 0 0 0 0 0 0 0 0 1.18 0 0 0 0 0 0
ASV908 0 0 0 0 0 0 0 0.26 0.41 1.47 0 0 0 0 0 0 O 0
ASV91ll 0 0 0 0 0 0 0 0 0 0 0 0 0 0.17 0 0 O 0
ASV912 0.14 0.03 0 0 0 0 0.38 0 0 0 0 0 551 0 0.46 0 O 0
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Table D.5 Continued
ASV ID

35 83

5> B3
ASV913 0 0
ASV914 0 0
ASV915 0.15 0
ASV916 0.31 0
ASV9I17 0 0
ASV918 0 0
ASV919 4.67 0.86

ASV920 0 0
Chroococcidiopsidales
ASV828 0 0.02
Cyanobacteriales
ASV901 0 0
ASV896 0 0
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ASV824 0 0
ASV815 0.58 0
ASV820 0.2 0
ASV822 0.6 0
ASV825 0 0

Oscillatoriales

BT-D-

= Jul18

O OO O o o o

o O

O O O o o

BT-S&
Augl8

o

0.75

o O O o

BT-Se
Augl8

o O

O O O o o

BT-D-
Augl8

o O o o

0.52

4.95

o

O O O o o

LT -Suw-
Jull8

o O O o

0.35

4.25

0
0.45
0
0.23
0

LT -Se
Jul18

O O O O O O

7.05

0
0.17
0
0.26
0

0.66

1.65

221

o

0.37

o O O o

LT-Se
Aug18

o O o o

0.69

5.58

o O

o O O O o

LT -D-
o o Aug 18

o o

O O O O o

W-Suw
Jull8

o O

O O O O o

W-Se
Jull8

o
o)
o

o O O O O

0.98

0.22
0.3

0.15
0.61

o O O o

0.12

Jull8

W-D-
o oo o

©
\‘
O

0.73

0.22
0.05

O O O O o

W-Su
o o o o Augls

0.73

0.46

1.19

O O O O o

W-Se

O o oo oo o o Augl8

O O O O o

Augl8

W-D-

O O O O O O O

0.47

O O O O o



Table D.5 Continued

ASV ID
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Synechococcale:
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Table D.5 Continued

ASV ID
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Table D.5 Continued
ASV ID
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Table D.6 Relative abundances of ASVs in the cyanobacterial community in Big Turkey Lake across a mukeasonal period.

ASV ID Jul-18 Aug-18 Oct-18 Feb-19 Mar-19 May-19 Jun-19 Jul-19 Aug-19 Jan-20
Chroococcales
ASV884 0.00 0.97 0.00 0.00 0.00 0.00 0.00 0.00 0.00 N/A
ASV885 0.00 0.17  0.00 0.00 0.00 0.00 0.00 0.00 0.00 N/A
ASV886 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.45 N/A
ASV887 0.00 0.48 0.00 0.00 0.00 0.00 0.00 0.49 2.62 N/A
ASV890 0.96 1.15 0.46 0.00 0.00 0.00 0.00 0.27 2.90 N/A
ASV891 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.24 0.40 N/A
ASV893 0.79 0.00 0.74 0.00 0.00 0.00 0.00 0.00 0.86 N/A
ASV903 0.00 0.00 0.214 0.00 0.00 0.00 0.00 0.00 0.00 N/A
ASV904 0.22 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 N/A
ASV906 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.83 1.74 N/A
ASV908 0.00 0.00 1.27 0.00 0.00 0.00 0.00 1.97 6.71 N/A
ASV910 0.34 0.26 0.32 0.00 0.00 0.00 0.00 0.00 0.28 N/A
ASV912 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 N/A
ASV914 0.00 0.30 0.35 0.00 0.00 0.00 0.00 0.00 0.00 N/A
ASV915 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.21 0.43 N/A
ASV916 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.90 1.18 N/A
ASV917 0.00 0.63 1.31 0.00 0.00 0.00 0.00 0.00 0.00 N/A
ASV919 0.86 10.03 4.13 0.00 0.00 0.22 053 6.78 11.54 N/A
Chroococcidiopsidales
ASV828 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 N/A
Cyanobacteriales
ASV882 0.00 0.00 0.00 0.00 0.00 0.00 0.03 0.00 0.00 N/A
Nostocales
ASV819 0.00 0.00 0.88 0.00 0.00 0.00 0.00 0.00 0.00 N/A
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Table D.6 Continued

ASV ID Jul-18 Aug-18 Oct-18 Feb-19 Mar-19 May-19 Jun-19 Jul-19 Aug-19 Jan-20
ASV822 0.00 0.00 0.35 0.00 0.00 0.00 0.00 0.09 0.00 N/A
ASV824 0.00 0.00 0.49 0.00 0.00 0.00 0.00 0.00 0.28 N/A
Synechococcales
ASV2802 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03 N/A
ASV834 0.00 0.00 0.00 0.00 0.00 0.11 0.00 0.00 0.00 N/A
ASV836 0.00 0.00 0.00 0.00 0.00 0.00 0.14 0.00 0.00 N/A
ASV837 4.64 0.00 1.77 0.00 0.00 4.70 3.25 1.26 0.00 N/A
ASV839 1.92 422 2.15 0.00 0.00 0.00 0.90 2.88 1.11 N/A
ASV840 0.40 448 3.14 0.00 0.00 0.00 0.00 0.24 0.36 N/A
ASV841 4.59 3.68 7.10 25.86 38.64 7.42 1524 12.73 0.71 N/A
ASV842 0.00 0.00 0.42 0.00 0.00 0.00 0.00 0.00 0.00 N/A
ASV844 33.00 3.16 1151 51.72 56.82 18.66 27.49 9.91 0.00 N/A
ASV845 3.02 0.00 4.98 0.00 0.00 3.72 9.83 4.09 0.00 N/A
ASV846 34.92 4275 16.60 0.00 0.00 5.81 21.78 26.98 23.29 N/A
ASV848 2.44 8.42 9.36 0.00 0.00 0.00 3.45 7.08 9.18 N/A
ASV850 1.84 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 N/A
ASV852 0.00 0.00 0.00 0.00 0.00 0.84 0.00 0.00 0.00 N/A
ASV853 1.03 249 0.85 0.00 0.00 0.00 0.00 0.00 1.06 N/A
ASV855 0.00 3.81 0.00 0.00 0.00 0.00 0.00 3.37 9.50 N/A
ASV859 0.00 0.00 0.00 0.00 0.00 0.00 0.60 0.00 0.00 N/A
ASV860 0.97 0.00 5.23 0.00 0.00 8.56 0.87 0.51 0.00 N/A
ASV861 0.00 0.00 0.00 0.00 0.00 2.01 0.00 0.00 0.00 N/A
ASV864 3.17 0.00 5.61 0.00 0.00 1.66 8.80 3.45 0.41 N/A
ASV865 1.98 7.58 3.14 0.00 0.00 0.00 0.53 4.79 3.68 N/A
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Table D.6 Continued
ASV ID

ASV866

ASV867

ASV869

ASV871

ASV872

ASV873

ASV874

ASV875

ASV878

ASV897

ASV898

ASV899

ASV900

ASV924

ASV928

Caenarcaniphilales

ASV803

ASV804

Obscuribacterales

ASV935

ASV937

ASV939

Vampirovibrionales

ASV801

ASV802

1.77
0.35
0.00
0.16
0.00
0.00
0.00
0.00
0.00
0.19
0.00
0.00
0.00
0.00
0.00

0.00
0.00

0.04
0.00
0.00

0.10
0.00

3.07
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.58
0.00
0.00
0.00
0.00
0.06

0.13
0.00

0.00
0.00
0.06

0.00
0.00

6.85
7.73
0.00
0.32
0.18
0.00
0.00
0.00
0.00
1.91
0.00
0.00
0.00
0.00
0.00

0.00
0.07

0.00
0.00
0.00

0.00
0.00

22.41
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

0.00
0.00

0.00
0.00
0.00

0.00
0.00

0.00
0.00
0.00
0.00
0.00
0.00
0.00
4.55
0.00
0.00
0.00
0.00
0.00
0.00
0.00

0.00
0.00

0.00
0.00
0.00

0.00
0.00
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9.10
36.92
0.00
0.22
0.00
0.00
0.00
0.00
0.05
0.00
0.00
0.00
0.00
0.00
0.00

0.00
0.00

0.00
0.00
0.00

0.00
0.00

4.67
0.99
0.00
0.91
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

0.00
0.00

0.00
0.00
0.00

0.00
0.00

6.05
0.47
0.61
0.37
0.00
0.04
0.03
0.00
0.00
2.01
0.00
1.11
0.00
0.00
0.00

0.00
0.00

0.00
0.00
0.00

0.00
0.00

Jul-18 Aug-18 Oct-18 Feb-19 Mar-19 May-19 Jun-19 Jul-19 Aug-19

2.09
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
13.53
3.83
0.00
0.18
0.03
0.00

0.00
0.00

0.00
0.18
0.00

0.15
0.50

Jan-20
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

N/A
N/A

N/A
N/A
N/A

N/A
N/A



Table D.6 Continued

ASV ID Jul-18 Aug-18 Oct-18 Feb-19 Mar-19 May-19 Jun-19 Jul-19 Aug-19 Jan-20
ASV932 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.07 N/A
Unknown
ASV909 0.25 1.49 0.64 0.00 0.00 0.00 0.00 0.27 0.71 N/A

Table D.7 Relative abundances of ASVs in the cyanobacterial community inttle Turkey Lake across a multiseasonal period.

ASV ID Jul-18 Aug-18 Oct-18 Feb-19 Mar-19 May-19 Jun-19 Jul-19 Aug-19 Jan-20
Chroococcales

ASV884 0.00 0.16  0.00 N/A N/A 0.00 0.00 0.00 0.00 0.00
ASV887 0.12 0.72  0.00 N/A N/A 0.00 0.00 0.12 0.09 0.00
ASV889 0.36 0.00 0.00 N/A N/A 0.00 0.00 0.00 0.00 0.00
ASV890 1.32 0.78 0.00 N/A N/A 0.00 0.35 0.47 2.32 0.00
ASV893 1.14 1.50 0.00 N/A N/A 0.00 0.00 0.00 4.02 42.86
ASV904 0.00 1.17 0.00 N/A N/A 0.00 0.00 0.00 0.00 0.00
ASV908 0.26 0.00 0.00 N/A N/A 0.00 0.00 1.65 1.10 0.00
ASV910 0.09 0.62 0.00 N/A N/A 0.00 0.15 0.39 0.00 0.00
ASV915 0.00 0.00 0.00 N/A N/A 0.00 0.13 0.00 0.00 0.00
ASV916 0.00 0.00 0.00 N/A N/A 0.00 0.00 0.35 0.00 0.00
ASV917 0.00 0.69 0.00 N/A N/A 0.00 0.00 0.00 0.00 0.00
ASV919 7.05 5.58 0.00 N/A N/A 0.00 3.13 7.1 4.33 0.00
Nostocales

ASV815 0.17 0.00 0.00 N/A N/A 0.00 0.19 0.00 0.00 0.00
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Table D.7 Continued
ASV ID
ASV821
ASV822
ASV823
Synechococcales
ASV806
ASV839
ASV842
ASV843
ASV844
ASV846
ASV848
ASV849
ASV850
ASV851
ASV853
ASV854
ASV855
ASV859
ASV865
ASV866
ASV868
ASV869
ASV879
ASV888
ASV897

0.00
0.26
0.00

0.04
0.62
0.12
0.00
0.00
34.55
25.20
0.00
3.31
3.01
0.00
0.00
1.20
0.00
13.89
3.18
0.00
0.63
0.00
0.00
0.79

0.00
0.00
0.00

0.00
131
0.29
0.00
0.00
24.18
25.48
0.00
5.97
1.76
0.00
0.00
0.00
0.00
20.10
7.18
0.00
0.00
0.00
0.00
0.00

Jul-18 Aug-18 Oct-18

1.78
0.00
0.00

0.00
0.00
0.00
0.00
11.03
22.42
0.00
0.00
0.00
0.00
0.00
0.00
0.00
15.66
0.00
44.13
0.00
0.00
0.00
0.00
0.00

Feb-19 Mar-19 May-19 Jun-19 Jul-19 Aug-19 Jan-20

N/A
N/A
N/A

N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

N/A
N/A
N/A

N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
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0.00
0.00
0.00

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
7.69
0.00
92.31
0.00
0.00
0.00
0.00
0.00

0.00
1.01
0.00

0.00
3.56
0.00
2.54
0.00
26.09
17.34
0.00
0.00
0.93
0.00
0.00
3.43
0.32
24.67
15.25
0.00
0.00
0.00
0.00
0.17

0.00
0.00
0.00

0.00
2.79
0.00
1.39
0.00
10.23
23.53
3.65
0.00
0.00
0.19
0.03
24.27
0.58
14.05
2.85
1.89
0.98
0.11
0.00
1.18

0.00
0.11
0.11

0.00
1.77
0.00
0.00
0.00
16.21
26.15
0.00
0.00
0.00
4.48
0.00
17.31
0.00
9.05
0.00
6.32
0.00
0.00
0.06
2.96

0.00
0.00
0.00

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00



Table D.7 Continued

ASV ID Jul-18 Aug-18 Oct-18 Feb-19 Mar-19 May-19 Jun-19 Jul-19 Aug-19 Jan-20
ASV898 0.00 0.00 0.00 N/A N/A 0.00 0.00 0.00 2.62 0.00
ASV899 0.72 1.70  0.00 N/A N/A 0.00 0.26 1.45 0.53 0.00
Obscuribacterales

ASV3420 0.00 0.00 0.00 N/A N/A 0.00 0.00 0.00 0.00 57.14
Vampirovibrionales

ASV801 0.08 0.00 0.00 N/A N/A 0.00 0.00 0.00 0.00 0.00
Unknown

ASV909 1.89 0.82  4.27 N/A N/A 0.00 0.47 0.34 0.46 0.00

Table D.8 Relative abundances of ASVs in the cyanobacterial community Wishart Lake across a multiseasonal period.

ASVID Jul-18 Aug-18 Oct-18 Feb-19 Mar-19 May-19 Jun-19 Jul-19 Aug-19 Jan-20

Chroococcales

ASV890  2.07 0.00 0.00 0.00 N/A 0.00 0.31 0.00 0.00 0.00
ASV894  0.12 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00
ASV895  0.17 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00
ASV904  0.00 0.00 0.00 0.00 N/A 0.00 0.00 0.19 0.81 0.00
ASV906  0.61 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00
ASV910 0.37 0.00 0.00 0.00 N/A 0.00 0.69 1.39 1.18 0.00
ASV911  0.17 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00
ASV912  0.00 0.00 1.49 0.00 N/A 0.00 0.00 0.00 0.00 0.00
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Table D.8 Continued

ASV ID Jul-18 Aug-18 Oct-18 Feb-19
ASV913 0.66 0.00 0.00 0.00
ASV919 0.98 0.00 0.00 0.00
Cyanobacteriales

ASV896 0.30 0.00 0.00 0.00
ASV901 0.22 0.00 0.00 0.00
Gloeobacterales

ASV929 0.15 0.73 0.00 0.00
ASV930 0.61 0.00 0.00 0.00
Nostocales

ASV816 0.00 0.00 0.00 0.00
ASV817 0.00 0.00 0.75 0.00
ASV822 0.00 0.00 0.00 0.00
ASV825 0.12 0.00 0.00 0.00
Synechococcales

ASV806 0.00 0.00 0.00 0.00
ASV807 0.05 0.00 0.00 0.00
ASV809 0.71 0.00 0.00 0.00
ASV810 0.17 0.00 0.00 0.00
ASV813 0.07 0.00 0.00 0.00
ASV835 0.07 0.00 0.00 0.00

Mar-19 May-19 Jun-19

N/A
N/A

N/A
N/A

N/A
N/A

N/A
N/A
N/A
N/A

N/A
N/A
N/A
N/A
N/A
N/A

0.00
0.00

0.00
0.00

0.00
0.00

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00
0.00
0.00
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0.00
0.00

0.00
0.00

0.00
0.00

0.06
0.00
0.65
0.00

0.00
0.00
0.00
0.00
0.00
0.00

Jul-19 Aug-19 Jan-20

0.00
0.00

0.00
0.00

0.08
0.00

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00
0.00
0.00

0.00
0.81

0.00
0.00

0.31
0.00

0.00
0.00
0.00
0.00

0.50
0.00
0.00
0.00
0.00
0.00

4.65
0.00

0.00
0.00

0.00
0.00

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00
0.00
0.00



Table D.8 Continued

ASV ID Jul-18 Aug-18 Oct-18 Feb-19
ASV838 2.36 2.67 0.00 0.00
ASV839 7.97 5.34 0.00 0.00
ASV842 2.29 0.00 0.00 0.00
ASV843 1.08 6.80 0.00 0.00
ASV844 0.00 0.00 9.70 0.00
ASV846 7.70 8.98 0.00 0.00
ASV848  30.19 35.56 30.97 0.00
ASV849 3.25 0.00 0.00 0.00
ASV850 5.53 0.00 0.00 0.00
ASV853 0.61 2.31 0.00 0.00
ASV855 5.83 11.65 0.00 0.00
ASV856 0.47 0.00 0.00 0.00
ASV857 0.64 0.00 0.00 0.00
ASV858 0.49 5.95 0.00 0.00
ASV859 0.98 1.70 16.79 0.00
ASV862 1.60 0.00 0.00 0.00
ASV865 0.61 0.00 0.00 0.00
ASV866 9.81 5.46 32.09 0.00
ASV869 2.14 4.25 0.00 0.00
ASV870 0.17 0.00 0.00 0.00

Mar-19 May-19 Jun-19 Jul-19 Aug-19 Jan-20

N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

0.00 0.00
0.00 4.88
0.00 0.27
0.00 18.78
0.00 0.00
0.00 7.61
29.17 27.02
0.00 0.00
0.00 2.03
0.00 0.00
0.00 0.00
0.00 0.00
0.00 0.00
0.00 0.00
23.61  8.07
0.00 0.00
0.00 5.89
44.44 19.29
0.00 2.79
0.00 0.00
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0.00
0.43
0.96
1.34
0.27
21.47
23.72
3.03
16.95
3.03
8.57
0.00
0.00
0.56
5.81
0.00
0.00
3.99
5.44
0.00

1.92
1.74
2.17
2.61
0.00
21.29
48.85
0.00
4.90
0.00
0.00
0.00
0.00
0.00
5.15
0.00
0.00
1.06
2.36
0.00

0.00
0.00
0.00
0.00
0.00
0.00
25.58
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00



Table D.8 Continued

ASV ID Jul-18 Aug-18 Oct-18 Feb-19
ASV876 0.00 0.00 0.00 0.00
ASV898 0.00 0.00 0.00 0.00
ASV899 6.88 2.55 0.00 0.00
ASV922 0.17 0.00 0.00 0.00
ASV924 0.12 0.00 0.00 0.00
ASV925 0.05 0.00 0.00 0.00
ASV926 0.00 0.00 0.00 0.00
ASV927 0.52 0.00 0.00 0.00
Caenarcaniphilales

ASV3419 0.00 0.00 0.00 0.00
Obscuribacterales

ASV3421 0.00 0.00 0.00 0.00
ASV3422  0.00 0.00 0.00 0.00
ASV934 0.00 0.00 0.00 100.00
ASV936 0.00 0.00 0.00 0.00
Sericytochromatia

ASV3373  0.00 0.00 0.00 0.00
ASV3374  0.00 0.00 0.00 0.00
Unknown

ASV826 0.00 0.00 0.00 0.00

Mar-19 May-19 Jun-19

N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

N/A

N/A

N/A

N/A

N/A

N/A
N/A

N/A

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

0.00

0.00

0.00

0.00

2.78

0.00
0.00

0.00
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0.00
0.00
0.52
0.00
0.00
0.00
0.00
0.00

0.00

0.00

0.00

0.00

0.00

0.00
0.00

0.04

Jul-19 Aug-19 Jan-20

0.05
0.00
0.43
0.00
0.00
0.00
0.00
0.00

0.00

0.00

0.00

0.00

0.00

0.00
0.00

0.00

0.00
0.74
0.00
0.00
0.00
0.00
0.19
0.00

0.00

0.00

0.00

0.00

0.00

0.00
0.00

0.00

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

11.63

18.60

20.93

0.00

0.00

13.95
4.65

0.00



Table D.8 Continued
ASV ID Jul-18 Aug-18 Oct-18 Feb-19 Mar-19 May-19 Jun-19 Jul-19 Aug-19 Jan-20
ASV909 0.89 6.07 8.21 0.00 N/A 0.00 1.07 2.30 3.41 0.00
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