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Abstract  

Cyanobacteria, a group of photosynthetic bacteria, threaten water quality and drinking 

water resources globally through the production of potent toxins and the formation of dense 

surface blooms. These bloom events are increasing in intensity, frequency, and duration due 

to warming climates and anthropogenic land use and require monitoring programs for water 

quality management.  However, cyanobacteria vary both spatially and temporally and if 

sampling efforts do not reflect this variation, potentially toxic organisms may be undetected 

or underestimated. This thesis explores the spatiotemporal trends of cyanobacterial 

communities in a series of interconnected, oligotrophic lakes in a northern temperate 

watershed (Turkey Lakes Watershed; North Part, ON) using next-generation sequencing 

(NGS).   

Next-generation sequencing of marker genes allows for rapid characterization of 

environmental communities and has become increasingly accessible, allowing for 

interdisciplinary applications. Optimal approaches in data handling and analysis are debated 

due to key challenges arising due to the data structure. Amplicon sequencing samples will 

vary in library sizesðthe total number of readsðbut this variation is not biologically 

meaningful and library sizes must be normalized to account for these differences. Rarefying, 

the process of subsampling to a normalized size, is frequently used to account for this 

variation but has been highly criticized due to the omission of valid data. To address the 

concerns of data omission, repeated iterations of rarefying were evaluated as a normalization 

technique in diversity analyses (Chapter 2). Repeatedly rarefying was demonstrated to 

characterize variation introduced through subsampling for applications in diversity analyses. 

This technique was implemented in the subsequent analysis of cyanobacterial communities 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 physical characteristics (e.g., cell size, cell density) of taxa and can 



 

vii  

 

subsequently create challenges in monitoring. The spatiotemporal variation of cyanobacterial 

communities was characterized on both a diurnal scale (Chapter 3) and seasonal scale 

(Chapter 4) through amplicon sequencing of the V4 region of the 16S rRNA gene. Although 

the lakes in this study did not have visible bloom biomass, cyanobacterial sequences 

comprised up to 56% of the bacterial community and were frequently dominated by 

sequences classified as picocyanobacterial genera, which range from 0.2 ï 2.0 µm in 

diameter. This dominance exemplifies the inability to rely on visual detection as a monitoring 

technique. In both studies, trends in the spatiotemporal variation varied between the lake sites 

due to differences in morphometry, thermal stratification and surrounding landscape 

processes demonstrating the impact of system specific characteristics on cyanobacterial 

dynamics. In combination with warming climates in temperate zones, cyanobacterial growth 

habits may change and appear as significant components of the bacterial community as early 

as May in oligotrophic lakes contrasting the previous perception of peak occurrence in the 

late summer requiring monitoring protocols to re-evaluate appropriate sampling time frames 

in temperate systems.  

The research conducted in this thesis identifies key areas for developing ecologically 

relevant sampling guidelines for cyanobacterial monitoring in lakes. Monitoring protocols 

are frequently developed from characteristics of common bloom forming taxa resulting in 

reliance on visual observation of biomass at the surface of the water and focusing sampling 

efforts to the summer months when blooms typically occur. This research demonstrated the 

flaws in these assumptions and provides a discussion on appropriate recommendations. 

Specifically, cyanobacterial community dynamics were demonstrated to be impacted by 

system specific characteristics and sampling protocols must be tailored to reflect the (i) 

physicochemical characteristics of the system, and (ii) ecological community structure. The 

research presented herein demonstrates the need for re-evaluation of current guidelines due to 

shifts in cyanobacterial growth habits in response to warming climates, and the reported 

dominance of picocyanobacteria which may impose toxicity risks despite the absence of 

visible biomass.   



 

viii  

 

Acknowledgements  

I would like to acknowledge the funding for this research which was supported by the 

NSERC Network for Forested Drinking Water Source Protection Technologies (forWater 

Network) and two Queen Elizabeth II Graduate Scholarships in Science and Technology. The 

work conducted at Turkey Lakes Watershed was further supported by staff from 

Environment and Climate Change Canada (Mike McAulay) and Natural Resources Canada 

(Dr. Kara Webster, Jamie Broad, Stephanie Nelson) allowing for site access and providing 

assistance in sample collection.  

Throughout this research, I have been provided with ample support and opportunities 

from my co-supervisors. I would like to thank Dr. Kirsten Müller for her continued support 

from my initial introduction to research as an undergraduate thesis student. I also extend my 

gratitude towards my co-supervisor, Dr. Monica Emelko for immersing me to the world of 

interdisciplinary collaboration in research. Under their guidance, I have been able to develop 

as an independent and confident researcher.   

I would like to thank Dr. Philip Schmidt who traversed the treacherous territories of 

statistics in amplicon sequencing and for providing guidance in high quality manuscript 

preparation and the peer-review process.  

I would like to extend my appreciation to the members of the Müller lab past and 

present. The emotional and intellectual support that this group of scientists provides is more 

than one could ever ask for. Specifically, I must express sincere gratitude to Timothy 

Shardlow, Vanessa Poletto-Borges, and Emilie Power for assistance in field sample 

collection and I can only hope that the drone of a vacuum pump no longer haunts their 

dreams. I am also grateful for the assistance of Yaryna Kudla in the DNA extraction of the 

Big Turkey summer 2019 samples.  

Finally, I must express sincere gratitude to Benjamin Tremblay for his constant 

support. Tolerating my chaos is a greater challenge than graduate school itself.   



 

ix 

 

Table of Contents  

Examining Committee Membership..................................................................................... ii  

Authorôs Declaration ......................................................................................................... iii  

Statement of Contributions .................................................................................................iv 

Abstract.............................................................................................................................vi 

Acknowledgements ...........................................................................................................viii   

List of Figures ...................................................................................................................xii  

List of Tables ................................................................................................................... xiv 

Chapter 1 Introduction ........................................................................................................1 

1.1 Background .................................................................................................................1 

1.1.1 Cyanobacteria: An Overview ...................................................................................1 

1.1.2 Monitoring Protocols ..............................................................................................6 

1.2 Study Site: The Turkey Lakes Watershed ....................................................................... 11 

1.3 Research Objectives.................................................................................................... 17 

Chapter 2 Enhancing Diversity Analysis of Microbial Communities Through Next-Generation 

Sequencing and Rarefying Repeatedly ................................................................................ 21 

2.1 Introduction............................................................................................................... 21 

2.2 Theory ...................................................................................................................... 25 

2.2.1 An Overview of Amplicon Sequencing Analysis ....................................................... 25 

2.2.2 Limitations of Library Normalization Techniques ..................................................... 30 

2.3 Methods.................................................................................................................... 33 

2.3.1 Example Data ï DNA Extraction & Amplicon Sequencing ......................................... 33 

2.3.2 Sequence Processing & Library Normalization ......................................................... 33 

2.3.3 Community Diversity Analyses on Normalized Libraries ........................................... 34 

2.3.4 Study Approach ................................................................................................... 34 

2.4 Results & Discussion .................................................................................................. 35 

2.4.1 Use of Rarefaction Curves to Explore Suitable Normalized Library Sizes ..................... 35 

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

Diversity Analyses ....................................................................................................... 37 

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

Diversity Analysis........................................................................................................ 42 



 

x 

 

2.4.4 The Need for Library Size Normalization ................................................................ 48 

2.5 Conclusions .............................................................................................................. 49 

Chapter 3 Cyanobacterial Populations are Dynamic and their Characterization Requires 

Consideration of Diurnal and Spatial Variation................................................................... 51 

3.1 Introduction .............................................................................................................. 51 

3.2 Methods ................................................................................................................... 56 

3.2.1 Study Site: Turkey Lakes Watershed ....................................................................... 56 

3.2.2 Sample Collection ................................................................................................ 56 

3.2.3 DNA Extraction, 16S rRNA Gene Amplicon Sequencing ........................................... 57 

3.2.4 Sequence Processing & Library Size Normalization .................................................. 58 

3.2.5 Cyanobacterial Communities - Taxonomic Composition & Diversity Analyses ............. 58 

3.3 Results & Discussion .................................................................................................. 60 

3.3.1 System Specific Diurnal Trends in Cyanobacterial Communities ................................. 60 

3.3.2 Diurnal Trends of Bloom Forming & Toxic Cyanobacterial Taxa ................................ 69 

3.3.3 External Disturbances Impact Cyanobacteria Distribution .......................................... 76 

3.3.4 Implications for Cyanobacteria Monitoring Sampling Protocols .................................. 78 

3.4 Conclusions .............................................................................................................. 82 

Chapter 4 Early Seasonal Increases in Relative Abundance of Potentially Toxic Cyanobacteria: 

A concerning impact of Climate Change Protracting the Vernal Window in Northern 

Temperate Lakes?............................................................................................................. 83 

4.1 Introduction .............................................................................................................. 83 

4.2 Methods ................................................................................................................... 87 

4.2.1 Study Site: Turkey Lakes Watershed ....................................................................... 87 

4.2.2 Sample Collection ................................................................................................ 88 

4.2.3 DNA Extraction & 16S rRNA Gene Amplicon Sequencing ........................................ 89 

4.2.4 Sequence Processing & Library Size Normalization .................................................. 89 

4.2.5 Taxonomic Composition & Community Diversity Analyses ....................................... 91 

4.3 Results ..................................................................................................................... 92 

4.3.1 Spatiotemporal Variation of Cyanobacterial Communities .......................................... 92 

4.3.2 Spatiotemporal Variation of Potentially Bloom Forming & Toxic Taxa ...................... 106 

4.4 Discussion, Conclusions & Implications ...................................................................... 115 



 

xi 

 

Chapter 5 Research Summary, Implications & Recommendations ...................................... 124 

5.1 Research Summary ................................................................................................... 124 

5.2 Implications............................................................................................................. 128 

5.3 Recommendations .................................................................................................... 133 

References ...................................................................................................................... 136 

Appendices ..................................................................................................................... 161 

Appendix A Turkey Lakes Watershed: Sampling Summary, Water Temperature Profiles & 

Water Chemistry............................................................................................................. 161 

Appendix B Bioinformatic Processing ï Example Workflows & mirlyn Functionality ........... 173 

Appendix C Supplementary Materials for Chapter 3 ......................................................... 183 

Appendix D Supplementary Materials for Chapter 4 ......................................................... 199 

 



 

xii  

 

List of Figures  

Figure 1.1  The Turkey Lakes Watershed location and lake sites. ......................................... 14 

Figure 2.1  Schematic of general workflow in amplicon sequencing of samples...................... 28 

Figure 2.2  Rarefaction curves showing the number of unique sequence variants as a function of 

nomalized library size for six samples (labelled A ï F) of varying diversity and initial library 

size.. ........................................................................................................................... 37 

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 (A ï E).. .................................. 40 

Figure 2.4  Effect of chosen rarefied library size and sampling with (WR) or without (WOR) 

replacement upon the Shannon Diversity Index. Six microbial communities were rarefied 

repeatedly (A) at specific rarefied library sizes of 11,213 sequences, 5,000 sequences, 1,000 

sequences, and 500 sequences and (B) to evaluate the Shannon Index as a function of rarefied 

library size. .................................................................................................................. 41 

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. ................................................................................ 45 

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. ......................... 46 

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

to the phyla Cyanobacteria within the bacterial community across a multi-time point sampling 

series in a stratified (Little Turkey) and non-stratified (Wishart) lake. ................................... 61 

Figure 3.2  Alpha and beta-diversity analyses of cyanobacterial communities collected across a 

multi-time point sampling series in a stratified (Little Turkey) and non-stratified lake (Wishart).

 .................................................................................................................................. 69 

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

across a multi-time point sampling series in a stratified (Little Turkey) and non-stratified 

(Wishart) lake. .............................................................................................................. 73 

Figure 3.4  Heatmap depicting the relative abundances of individual amplicon sequence variants 

of interest across a multi-time point sampling series in a stratified (Little Turkey) and non-

stratified (Wishart) lake.................................................................................................. 75 

Figure 4.1  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 multi-



 

xiii  

 

seasonal timeframe in a non-stratified lake (Wishart), a mid-sized stratified lake (Little Turkey) 

and deep stratified lake (Big Turkey)................................................................................ 94 

Figure 4.2  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 depth 

profile during the summer of 2018 in a non-stratified lake (Wishart), a mid-sized stratified lake 

(Little Turkey) and deep stratified lake (Big Turkey). ....................................................... 101 

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), mid-sized stratified (Little 

Turkey) and shallow non-stratified lake (Wishart). ........................................................... 104 

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 (Big Turkey), mid-sized stratified (Little 

Turkey) and shallow non-stratified lake (Wishart). ........................................................... 106 

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

composition at the order level and (B, C, D) individual amplicon sequence variants of interest 

across a depth profile in the summer of 2018 in a non-stratified lake (Wishart), a mid-sized 

stratified lake (Little Turkey) and deep stratified lake (Big Turkey)..................................... 113 

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 ice-free period in a non-stratified lake (Wishart), a mid-sized stratified lake 

(Little Turkey) and deep stratified lake (Big Turkey). ....................................................... 114 

 



 

xiv 

 

List of Tables  

 

Table 1.1  Summary of characteristics of the lakes of Turkey Lakes Watershed adapted from 

Jeffries et al. (1988). ...................................................................................................... 15 

Table 3.1  A summary of characteristics of cyanobacteria and environmental conditions 

impacting buoyancy and spatial distribution in the water column. ......................................... 54 

Table 3.2  Relative abundances as percentages of cyanobacteria within the bacterial community 

and subsequent composition of cyanobacterial communities. Values were rounded to two decimal 

points and excluded groups that were present at less than 1% abundance (-). .......................... 62 

Table 3.3  Taxonomic classification of potentially bloom-forming and toxic cyanobacteria 

classified amplicon sequence variants in the diurnal sampling series. .................................... 71 

Table 3.4  A summary of cyanobacteria monitoring sampling protocol recommendations for 

sampling time and sampling depth and the potential impact on detection arising due to diurnal 

migration cycles............................................................................................................ 79 

Table 4.1  Relative abundances as percentages of cyanobacterial sequences represented within 

the bacterial community, and the relative abundances of taxonomic orders that compose the 

cyanobacterial community across a seasonal period. ........................................................... 95 

Table 4.2  Relative abundances of cyanobacterial sequences represented within the bacterial 

community, and the relative abundances of taxonomic orders that comprise >1% of the 

cyanobacterial community across a depth profile.............................................................. 102 

Table 4.3  Taxonomic classification of potentially toxic bloom-forming amplicon sequence 

variants...................................................................................................................... 111 



 

1 

 

 

Chapter 1  

Introduction 

1.1 Background  

1.1.1 Cyanobacteria: An Overview  

Lakes naturally have characteristics that can broadly be classified into chemical (e.g., 

pH, dissolved oxygen levels and nutrient content) and physical characteristics (e.g., 

temperature, Secchi depth [a measure of water clarity; Bukata et al., 1988], mean depth, 

volume and surface area; Järvinen et al., 2002; Quinlan et al., 2003). In combination, 

physicochemical characteristics set constraints on present aquatic biota by influencing 

environmental conditions and resource availability (Davison, 1991; Quinlan et al., 2003; Rhee 

and Gotham, 1981) which subsequently drives food web structure and ecosystem dynamics 

(Zadereev, 2017). These characteristics are influenced by external factors such as surrounding 

landscape (e.g., mineralogy, elevation, soil composition; Mountain et al., 2015) and hydrologic 

connectivity (Lapierre et al., 2015; Sass et al., 2007; Webster et al., 2000). Additionally, 

latitudinal placement within geographical regions further impact the environmental conditions 

(Cunha et al., 2016; Gillooly and Dodson, 2000; Smol et al., 2005) with higher latitudes 

expected to exhibit more severe changes as a result of climate change (Smol et al., 2005). These 

factors impact environmental conditions driving the physicochemical profiles of lakes 

observed seasonally (Cunha et al., 2016; Smol et al., 2005) and will subsequently drive the 

ecological trends observed in aquatic biological communities, including phytoplankton.  

Within aquatic ecosystems, phytoplankton constitute a critical component contributing 

to approximately 50% of global primary production (Guschina and Harwood, 2006). These 
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organisms also synthesize essential compounds, including long-chain polyunsaturated fatty 

acids which contribute to necessary physiological requirements of many other organisms 

(Gladyshev et al., 2013; Masclaux et al., 2012). Phytoplankton constitute a diverse group of 

organisms with the shared feature of being located in suspension within the water column and  

having a phototrophic metabolism (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 included 

macroplankton (200-2000 µm), microplankton (20-200 µm), nanoplankton (2-20 µm), but 

were revised in 1978 to include: picoplankton (0.2-2 µm) and femtoplankton (0.02-0.2 µm; 

Callieri and Stockner, 2002; Sieburth et al., 1978). While phytoplankton are critical to aquatic 

ecosystem structure and function, the work within this thesis will focus on the bacterial 

component of the phytoplankton, the Cyanobacteria.   

Cyanobacteria, a group of photosynthetic bacteria, have a long evolutionary history 

resulting in the oxygenation of the Earthôs atmosphere approximately 2.4 billion years ago 

(Demoulin et al., 2019) with reported microfossils and stromatolites in Australia dating back 

approximately 3.5 billion years (Demoulin et al., 2019; Van Kranendonk et al., 2003). 

However, the exact occurrence of these organisms during the Archean period is frequently 

debated due to difficulty 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 range of habitats 

globally ranging from terrestrial to aquatic ecosystems, and tropical to polar regions (Paerl, 

2014; Paerl and Huisman, 2009).  Cyanobacteria have a variety of adaptations that enable them 

to respond to environmental stress including the formation of tolerant resting cells, the 
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presence of photoprotective cellular pigments, nitrogen fixation pathways and the regulation 

of buoyancy in response to light and nutrient gradients (Huisman et al., 2018; Paerl, 2014). In 

addition, this group is known to form blooms, a term which refers to the visual accumulation 

of biomass resulting in discoloration of waters (Huisman et al., 2018). These blooms pose a 

variety of negative impacts to aquatic ecosystems and water quality including toxin production 

(Paerl and Huisman, 2009), reductions in light penetration through aggregation at the surface 

of waters (Anderson, 2009), alteration of food web dynamics, and development of anoxic 

conditions upon bloom decay (Huisman et al., 2018) making 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 that promote growth 

and bloom formation. However, the environmental conditions influencing cyanobacterial 

blooms and toxin production are still not well understood and there is mixed consensus on the 

causes of such blooms, likely driven by the taxonomic diversity present within this group 

(Bertani et al., 2017; Griffith and Loik, 2010). For example, nutrient composition and quantity 

are key factors for cyanobacterial growth (Heisler et al., 2008; Paterson et al., 2017). 

Specifically, growth is frequently dependent on phosphorus availability (Schindler, 1977), a 

nutrient which is often limiting in freshwater systems (Hao et al., 2012) and in temperate 

regions (Meerhoff et al., 2012). Despite the common hypothesis that reductions in phosphorus 

will limit cyanobacterial growth and bloom formation, lakes that experience phosphorus 

limitation still experience bloom events (Paerl et al., 2016; Paterson et al., 2017) with increased 

frequency of reports in oligotrophic temperate lakes in Ontario (Winter et al., 2011). The 

increased reporting of cyanobacterial blooms being reported in oligotrophic lakes in Ontario 
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(Winter et al., 2011) requires further investigation and characterization of cyanobacterial 

community dynamics in low nutrient, temperate systems.  

Lakes are exposed to many temporal changes (daily, seasonally and annually) in 

environmental conditions which collectively influences growth, physiology and distribution of 

species (Andersen et al., 2013; Davison, 1991; Moisan et al., 2002). These conditions include 

nutrient availability, lake morphometry, light availability, water column stability and water 

temperature (Dokulil, 2003). Community composition changes rapidly in response to 

environmental variation and can be observed through the seasonal succession of phytoplankton 

populations (Andersen et al., 2013; Andersen, 1992; Jaworska and Zdanowski, 2012) and 

heterogeneity in spatial distribution (Cyr, 2017; Pick and Agbeti, 1991). Temperature is a key 

driving factor in community structure due to physiological optima resulting in seasonal 

population succession in phytoplankton communities (Butterwick 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 stratification promoting the 

occurrence of cyanobacterial populations (Jaworska and Zdanowski, 2012) due to elevated 

growth rates at higher temperatures (Yang et al., 2017). However, in addition to temperature, 

nutrient availability drives community composition (Andersson et al., 2015), with small sized 

picocyanobacteria thriving in low nutrient environments due to rapid nutrient uptake (Callieri 

and Stockner, 2002; Collos et al., 2009). These shifts in composition in response to 

environmental conditions demonstrates the potential for spatiotemporal variability in 

population abundances and community composition manifested in response to spatial, 

seasonal, or diurnal gradients of resource availability including nutrients and light. This 
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dynamic fluctuation in response to environmental gradients requires characterization to 

identify the potential implications for detection in monitoring protocols.     

Cyanobacteria threaten drinking water source quality and the provision of safe drinking 

water through the production of compounds associated with unpleasant taste and odor, potent 

toxins (Burkholder et al., 2010). Additionally, these organisms may disrupt treatment processes 

by increasing coagulant demand, increasing sludge production and clogging filters and thus 

reducing filter run times (Burkholder et al., 2010). Certain cyanobacterial species are toxic and 

produce cyanotoxins, (e.g., microcystins, nodularins and anatoxins; Carmichael, 1994; 

Vasconcelos, 2001) while the reason for the production is not understood, it may include 

grazing deterrents (Schatz et al., 2007) to cellular communication and colony formation (Harke 

et al., 2016).  Water sources containing these toxins put humans at risk from exposure through 

participation in recreational water activities or consumption of contaminated water (Graham 

et al., 2008) with the first acute cyanotoxin poisoning reported in scientific literature in 1878 

and the anecdotal reports of toxic populations reported throughout history (Chorus and 

Bartram, 1999). Critically, toxic and non-toxic species cannot be visually differentiated 

(Gallina et al., 2017) but can be distinguished genetically due to the presence of synthetase 

genes, which may be detected using molecular methods (Christensen et al., 2021). Although 

toxicity within this group is frequently highlighted in common bloom forming taxa (e.g., 

Aphanizomenon, Dolichospermum, Microcystis; Huisman et al., 2018), toxin production has 

been previously reported in picocyanobacterial taxa with microcystin including Synechocystis, 

Synechococcus, Aphanocapsa cumulus, and Cyanobium rubescens (śliwiŒska-Wilczewska et 

al., 2018) indicating the potential for water quality concerns in systems dominated by these 

organisms such as oligotrophic lakes.  
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In addition to cyanotoxins, cyanobacteria produce other compounds associated with 

water quality including lipopolysaccharides (Stewart et al., 2006) or compounds associated 

with taste and odor problems in drinking water sources (e.g., geosmin, 2-methylisoborneol; 

Watson, 2003). While lipopolysaccharides have demonstrated pathogenic effects in other 

gram-negative bacteria, the lipopolysaccharides 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 problems in drinking water are not harmful (Watson, 2003). However, these 

compounds often result in consumer complaints (Graham et al., 2008; Ministry for the 

Environment and Ministry of Health., 2009) and potential association of taste and odor in 

drinking water with toxicity (McGuire, 1995). The management of these compounds is 

difficult without advanced treatment processes (Chapman, 2010), which are not commonly 

used at most water treatment plants, and 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 

resources is increasingly necessitating the establishment of monitoring programs (Graham et 

al., 2008). However, consistent guidelines for monitoring are not readily available (Graham et 

al., 2008). These guidelines are frequently produced to aid in the development of cyanobacteria 

monitoring protocols by providing a general summary on these organisms (Graham et al., 

2008) but may provide inaccurate or misleading information on the ecology and physiology of 

cyanobacteria (Colorado Lake and Reservoir Management, 2015). For example, monitoring 

guidance may falsely state that all cyanobacteria are toxic, blooms only occur in warmer 
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months and that cyanobacteria are the only algae capable of forming blooms (Colorado Lake 

and Reservoir Management, 2015). Misconceptions 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 drinking water treatment and public health protection.   

 The utility  of monitoring protocols is contingent upon sample 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 prefiltered to prevent 

systematic losses (Callieri et al., 2012). Using these techniques, sampling may rely on surface 

samples, discrete depth samples or depth integrated samples (Graham et al., 2008). While 

surface sampling is typically used to sample surface scums (Graham et al., 2008), this approach 

ignores spatial heterogeneity over the depth of the water column and will easily cause 

underestimation or missed detection of potentially toxic cyanobacterial populations. A focus 

on sampling only the water surface is regularly perpetuated  due to the common misconception 

of cyanobacterial abundances being maximal at the surface arising from applying 

characteristics of bloom forming taxa, such as Microcystis, to this diverse group of organisms 

as a homogeneous entity (Freeman et al., 2020). Integrated depth sampling provides an overall 

characterization of communities by accounting for the vertical variability in spatial distribution 

but does not provide 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 water intake occurs at 

a specified depth but can easily become logistically intensive (Graham et al., 2008). Despite 

the intensive nature of discrete depth sampling, the level of spatial resolution that this technique 
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can provide is critical for being able to better predict 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 throughout the water column using discrete depth sampling.  

Routine sampling of recreational water bodies and drinking water supplies regularly 

includes daily and weekly sampling focused on peak usage and when cyanobacterial events 

have previously occurred (Graham 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 at multiple depths would be utilized (Ehrlich, 2010) to account for diurnal (Visser et al., 

2005) and spatial (Hunter et al., 2008) variability. 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 focuses sampling efforts to high-

risk periods (Ehrlich, 2010). Without previous knowledge on cyanobacterial population in the 

system of study, development of sampling protocols may not reflect the diurnal and spatial 

variability in this dynamic group of organisms, resulting in vast underestimation or completed 

missed detection of populations.  

Characteristically in temperate ecosystems, cyanobacterial growth is associated with 

the mid-to-late summer and early fall resulting in sampling efforts focused to these periods 

(Chorus et al., 2000; Graham et al., 2008). However, some systems have reported 

cyanobacterial blooms under the ice during the winter (Wejnerowski et al., 2018). Despite 

these winter cyanobacterial blooms, monitoring is typically reduced or absent during the winter 

months (Ehrlich, 2010) arising due to misconceptions of winter ecosystems entering a state of 
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dormancy and due to the challenges associated with winter sampling  (Felföldi et al., 2016; 

Hampton et al., 2015; Powers and Hampton, 2016). The absence of knowledge on 

cyanobacterial dynamics during periods of ice cover and known bloom events requires 

inclusion of ice-cover months in monitoring programs to explore system 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 photosynthetic 

pigment concentrations can be used to estimate algal biomass using spectrophotometry 

(Ehrlich, 2010). Although microscopy allows for rapid identification of taxonomic 

composition of phytoplankton communities, this technique relies on trained personnel and is 

further limited due to the inability to visually differentiate between toxic and non-toxic 

organisms (Westrick et al., 2010). The implementation of modern molecular methods, 

including PCR and DNA sequencing, allows for rapid and sensitive detection of organisms of 

interest in environmental samples (Burkholder et al., 2010) with potential utility in applications 

for water quality monitoring. Next-generation sequencing has revolutionized the ability to 

study DNA collected from environmental samples (Bartram et al., 2011; Hugerth and 

Andersson, 2017; Shokralla et al., 2012). While shotgun sequencing allows for the 

characterization of the entire community, including both taxonomic composition and 

functional gene profiles, it is not widely accessible due to the high sequencing cost and high 

computational power required for analysis (Clooney et al., 2016; Langille et al., 2013). In 

contrast, the relatively 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 
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medicine (McLaren et al., 2019).  Specifically, within the water industry, amplicon sequencing 

has been used to characterize and predict cyanobacterial blooms (Tromas et al., 2017), evaluate 

groundwater vulnerability to pathogen intrusion (Chik et al., 2020) and monitor treatment 

performance in diverse settings (Vierheilig et al., 2015) showing the potential utility of this 

technique in applied settings.  

Amplicon sequencing provides the opportunity to rapidly distinguish between diverse 

species composition with no phenotypic differences (McQuillan and Robidart, 2017), as is the 

case for the cryptic picocyanobacteria (Callieri 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 conditions (Anantharaman et al., 2016) and the ecological function associated 

with biodiversity (Bohmann et al., 2014). For amplicon sequencing, the polymerase chain 

reaction (PCR) can be used to amplify chosen segments of a genome (Girones et al., 2010) 

using primers designed to target the genetic sequence for specific species and lineages or for 

universal taxa identification (Bohmann et al., 2014; Sherwood and Presting, 2007). For 

example, ribosomes are present in all living organisms, excluding viruses, (Tsukuda et al., 

2017) and the small subunit rRNA genes are highly conserved, rarely experience horizontal 

gene transfer and contain both conserved and hypervariable genes providing phylogenetic and 

evolutionary information on organisms (Weisburg et al., 1991) and taxonomic classification 

(Quast et al., 2013). Specifically, the 16S rRNA gene is the standard used for cyanobacteria 

and bacterial identification (Genuário et al., 2016; Yang et al., 2016) with 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 et al., 2010; Yang et al., 2016), amplicon sequencing data is statistically complicated 

(Weiss et al., 2017). Amplicon 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 abundance of sequence variants (Gloor et al., 

2016; Gloor et al., 2017). Library sizes between different samples in a single sequencing run 

can vary widely and is not representative of biological variation (McMurdie and Holmes, 2014) 

disallowing for raw sequence reads 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 statistical analysis of amplicon data has significantly lagged. Researchers are 

presented with the challenge of navigating often confounding literature in determining the most 

appropriate analysis option. As amplicon sequencing continues to traverse interdisciplinary 

boundaries, it is 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 aquatic and 

terrestrial habitats with collaborations between Environment Canada, Natural Resources 

Canada, Fisheries and Oceans Canada and several universities (Jeffries et al., 1988; Jeffries 
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and Foster, 2001). The watershed is located approximately 50 km north of Sault Ste Marie, 

Ontario on the northern margin of the Great Lakes-St Lawrence Forest region and is 10.5 km2 

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

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 previous research 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 apart from logging activity that occurred in the 1950s (Jeffries et al., 1988) and a 

controlled forest harvesting experiment conducted in 1997 (Lindsay et al., 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 Mountain measuring 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, 2001). The 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 and southern 

basin.  The four lakes have different characteristics with varying drainage areas (24.0 ï 803 

Ha), lake surface area (5.88 ï 52 ha), maximum depth (4.5 ï 37 m), mean depth (2.19 ï 12.2 

m), volume (1.90 ï 63.4 m3 * 105) and water renewal time (0.15 ï 1.3 yr) as summarized in 
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Table 1.1 (Jeffries et al., 1988). The outflow of Batchwana Lake is Norberg Creek which 

experiences a rapid change in elevation from 497 m to 388 m prior to entering Wishart Lake 

(Jeffries et al., 1988). Water flows from Wishart to Little Turkey and finally enters Big Turkey 

Lake where the outflow enters Batchwana River and subsequently into Lake Superior (Jeffries 

et al., 1988). The high precipitation causes high flushing and short water renewal times of the 

lakes with the shortest water renewal time observed in Wishart and the longest in Big Turkey 

(Jeffries et al., 1988). Typically, the lakes experience two periods of thermal stratification with 

direct water column stratification occurring from mid-May to October (Figure A1), and inverse 

stratification occurring during periods of ice cover from December to April (Jeffries et al., 

1988). In addition to this, Wishart Lake is frequently well-mixed through the ice-free period 

due to the shallow depth profile (Jeffries et al., 1988). This study 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 lake sites. The watershed is located 

approximately 50 km north of Sault Ste Marie, Ontario as indicated by the marker on the map. The 

watershed consists of 4 interconnected 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 Watershed adapted from 

Jeffries et al. (1988). 

Lake Drainage 

Basin 

Area 

(ha) 

Lake 

Surface 

Area  

(ha) 

Maximum 

Depth 

 (m) 

Mean 

Depth 

(m) 

Lake 

Volume (m3 

* 105) 

Water 

Renewal 

Time  

(yr)  

Upper 

Batchwana 

24.0 5.88 11.3 3.87 2.27 1.3 

Lower 

Batchwana 

85.6 5.82 10.9 3.27 1.90 0.30 

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 

 

Median total phosphorus concentrations have previously ranged from 0.16 to 0.19 

µmol/L and total nitrogen from 29 to 39 µmol/L making phosphorus the limiting nutrient in 

this system (Jeffries et al., 1988). The low phosphorus of these lakes classifies them as 

oligotrophic, typical of lakes located on the Canadian Shield (Jeffries et al., 1988). Previous 

phytoplankton community characterization performed in 1980 revealed that cyanobacteria 

were the dominant algal species in all lakes (Jeffries et al., 1988). Specifically, Merismopedia 

punctata was the major taxa in Batchwana Lake contributing solely to the peak observed in 

the summer (Jeffries et al., 1988). Similarly, in Wishart Lake, M. punctata was also abundant 

but an increase in Microcystis flos-aquae was also observed in August (Jeffries et al., 1988). 

Big Turkey and Little Turkey Lake showed similar composition in phytoplankton 
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communities. Chroococcus dispersus always composed a large portion of phytoplankton 

communities. However seasonal variation in cyanobacterial communities were observed with 

high abundances of Aphanothece in July, Microcystis in August and Coelosphaerium in 

September (Jeffries et al., 1988). In all lakes, few organisms were present in the colder months 

with <1000 cells/mL detected, but these communities commonly included representatives of 

chryosphytes, diatoms, green algae, dinoflagellates and cyanobacteria (Jeffries et al., 1988). 

The previous reported dominance of cyanobacteria in this series of interconnected lakes 

provides the opportunity to further explore the spatiotemporal dynamics of cyanobacterial 

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 and non-identification of picocyanobacterial 

species which may dominate in oligotrophic lakes such as these. The use of NGS presents a 

rapid and sensitive technique to characterize the genetic diversity present within the modern-

day cyanobacterial communities of the lakes of the TLW.  

 As a result of climate warming, changes in the hydrological cycle and vernal and 

autumnal windows have been observed at the TLW. The end of snowpack was recorded to 

range from April 2 to May 3 with the start of snowpack ranging from October 31 to December 

11 (Creed et al., 2015). The 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 warming lasting later into the year, but width of the 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 decade and have been related 

to changes observed in the hydrological cycle including declines 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 specifically observed 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 watershed that have previously been reported will allow for a discussion on the 

subsequent impacts of climate change on cyanobacterial community structure.  

1.3 Research Objectives  

The increasing occurrence, intensity and duration of cyanobacterial blooms globally 

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, it is critical 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 at the TLW, these lakes 

provide a unique opportunity to explore cyanobacterial community composition in a series of 

interconnected lakes which have previously shown cyanobacteria dominance despite their 

oligotrophic status. The overarching goal of this thesis is to characterize the spatiotemporal 

trends in cyanobacterial communities in northern temperate lakes of the TLW. 

Characterization of spatiotemporal variability in cyanobacterial communities will advance 
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knowledge on system 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 long-term seasonal trends observed within interconnected 

lakes within the same watershed. Three independent but complimentary manuscripts which are 

currently in submission or in preparation for submission to peer-reviewed journals served to 

address the following research questions herein this thesis: 

RQ1: What is the impact of rarefying as an amplicon sequencing library normalization 

technique in diversity analyses? 

First, rarefying as a library normalization tool was evaluated. While previous literature has 

criticized the use 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., 2016). Although 

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 characterization of cyanobacterial communities 

within the lakes of the TLW, 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 package, mirlyn, 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 community composition within the lakes of the TLW.    
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RQ2: How does the distribution of planktonic cyanobacteria fluctuate within a stratified and 

non-stratified lake in the TLW and consequently, how will sampling time impact detection in 

monitoring protocols? 

The diurnal migrations of cyanobacteria have previously been characterized in 

limnological studies. However, studies characterizing diurnal variation using next-generation 

sequencing techniques have been limited in scope (e.g., inclusion of only one sampling day 

per period; Shahraki et al., 2020) or 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, common monitoring recommendations were evaluated to identify 

limitations of current guidelines due to cyanobacterial ecology. Through characterization of 

diurnal variation and critical review on available monitoring guidelines, RQ2 was able to be 

explored fully, 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., depth, drainage 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 conditions (Fanesi et al., 2016). Furthermore, the 

physicochemical characteristics of lakes are largely impacted by their interaction with the 

terrestrial landscape (Mountain et al., 2015) and the hydrologic connectivity (Lapierre et al., 

2015; Sass et al., 2007; Webster et al., 2000).  However, environmental 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 of the TLW were characterized. This study uniquely included sampling during ice-cover 

to further advance understanding on the winter dynamics of cyanobacteria. The lakes of the 

TLW provided the unique opportunity to examine three lakes with varying physicochemical 

characteristics 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 dynamics in oligotrophic lakes and contributes to the research program at the 

TLW. However, in addition to the ecological insights that this research provides, there are 

direct applications for using these findings for further development of monitoring guidelines 

and the applications of NGS for 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 Analysis of Microbial Communities Through 

Next-Generation Sequencing and Rarefying Repeatedly 

 

2.1 Introduction  

Next-generation sequencing (NGS) has revolutionized the analysis of environmental 

systems through the characterization of microbial communities and their function by using 

DNA collected from samples that contain mixed assemblages of organisms (Bartram et al., 

2011; Hugerth and Andersson, 2017; Shokralla et al., 2012). Fewer than 1% of species in the 

environment can be isolated and cultured, limiting the ability to identify rare and difficult-to-

cultivate members of the community (Bodor et al., 2020; Cho and Giovannoni, 2004; Ferguson 

et al., 1984). In addition to the limitations of culturing, microscopic evaluation of 

environmental samples remains of limited utility because of challenges in high-resolution 

taxonomic identification and the inability to infer function from morphology (Hugerth and 

Andersson, 2017). Metagenomic studies employ next-generation sequencing (NGS) 

technology to analyze large quantities of diverse environmental DNA (Thomas et al., 2012) 

and have reduced the challenges associated with culturing and microscopic identification in 

these contexts (McMurdie and Holmes, 2014). 

Metagenomics encompasses a conglomerate of different sequencing experimental designs, 

including amplicon sequencing (sequencing of amplified genes of interest) and shotgun 

sequencing (sequencing of fragments 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 requirements for analysis (Bartram 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 technique (Clooney et al., 2016; Langille et al., 2013). The amplification 

and sequencing of specific genes (e.g., taxonomic marker genes) enables characterization of 

microbial community composition (Hodkinson and Grice, 2015); as a result, it has been 

successfully applied in many areas of water research. For example, amplicon sequencing has 

been used to characterize and predict cyanobacteria blooms (Tromas et al., 2017), describe 

microbial communities found in aquatic ecosystems (Zhang et al., 2020), and evaluate 

groundwater vulnerability to pathogen intrusion (Chik et al., 2020). It has also been applied to 

water quality and treatment performance monitoring in diverse settings (Vierheilig et al., 

2015), including drinking water distribution systems (Perrin et al., 2019; Shaw et al., 2015), 

drinking water biofilters (Kirisits et al., 2019), anaerobic digesters (Lam et al., 2020), and 

cooling towers (Paranjape et al., 2020).  

Processing and analysis of amplicon sequencing data is statistically complicated for a 

number of reasons (Weiss et al., 2017). For example, library sizes (i.e., the total number of 

sequencing reads within a sample) can vary widely among different samples, even within a 

single sequencing run. The disparity in library sizes between samples may not represent actual 

differences in microbial communities (McMurdie and Holmes, 2014) and cannot be compared 

directly. For example, two replicate samples with 5,000 and 20,000 sequence reads, 

respectively, are likely to have different read counts for specific sequence variants simply due 

to the difference in library size. While parametric tools such as generalized linear modelling 

(McMurdie and Holmes, 2014) can provide a statistically sound framework for differential 

abundance analysis, drawing biologically meaningful diversity 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 sizes (McKnight et 

al., 2019).  Notably, a variety of normalization techniques that may affect the analysis and 

interpretation of results have been suggested including expressing counts as proportions of the 

total library size (McMurdie and Holmes, 2014), upper quartile log fold changes (e.g., edgeR; 

Robinson et al., 2009), centered log-ratio transformations (Gloor et al., 2017), geometric mean 

pairwise ratios (Chen et al., 2018), variance stabilizing transformations (e.g., DESeq2; Love et 

al., 2014), relative log expressions (Badri et al., 2018), and rarefaction (i.e., the process of 

rarefying libraries to a common size).  

Rarefaction is a normalization tool initially developed for ecological diversity analyses to 

allow for sample comparison without associated bias from differences in sample size (Sanders, 

1968). Rarefaction normalizes samples of differing sample size by subsampling each to a 

shared threshold, often equal to the smallest sample size (Willis, 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, rarefaction is a commonly 

used library size normalization technique for amplicon sequencing data but is frequently 

criticized (Gloor et al., 2017; McMurdie and Holmes, 2014; McKnight et al., 2019). Similar to 

the original employment in ecological studies, libraries are subsampled to create ñrarefiedò 

libraries of a consistent size among samples (Gloor et al., 2017; McMurdie and Holmes, 2014). 

Despite the prevalence of this technique, rarefying has been critiqued due to the artificial 

variation introduced through subsampling and the omission of valid data through loss of 

sequence counts or exclusion of samples with small library sizes (McMurdie 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 through subsampling. Repeatedly rarefying 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 

analyses. Despite the criticism of rarefying, it is frequently used as a normalization technique, 

requiring further discussion on statistically appropriate approaches for analysis and 

interpretation of amplicon sequencing data.  

Here, the application of rarefying as a library size normalization technique for diversity 

analyses is investigated to determine if criticisms of the technique remain when rarefying is 

implemented repeatedly, which allows evaluation of the variability introduced in subsampling 

from the original library size to a lower rarefied library size shared among all samples. While 

rarefying repeatedly has been explored superficially in previous research, this paper seeks to 

fully analyze the utility of repeated rarefaction and impacts of parameter selection on 

interpretation of diversity analyses. Specifically, this chapter addresses (i) appropriate usage 

of rarefying to characterize variation introduced through random subsampling, (ii) the impact 

of subsampling with or without replacement on diversity analysis, and (iii) the impact of library 

size selection on diversity analyses such as the Shannon index and Bray-Curtis dissimilarity 

ordinations. Different scenarios were generated to evaluate the impacts of rarefying library 

sizes on the interpretation of community diversity analyses. 

 

 



 

25 

 

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 NGS relative to traditional microbiological methods used in water quality analyses, further 

detail on amplicon sequencing is provided. Amplification and sequencing of taxonomic marker 

genes has been used extensively to examine phylogeny, evolution and taxonomic classification 

of numerous groups across the three domains of life (Quast et al., 2013; Weisburg et al., 1991; 

Woese et al., 1990). Taxonomic marker genes include the 16S rRNA gene found in 

mitochondria, chloroplasts, bacteria and archaea (Case et al., 2007; Tsukuda et al., 2017; 

Weisburg et al., 1991; Yang et al., 2016), or the 18S rRNA gene within the nucleus of 

eukaryotes (Field et al., 1988). Widely-used reference databases have been developed 

containing marker gene sequences across numerous phyla (Hugerth and Andersson, 2017).  

The 16S rRNA gene consists of nine highly conserved regions separated by nine 

hypervariable regions (V1-V9; Gray et al., 1984) and is approximately 1,540 base pairs in 

length (Kim et al., 2011; Schloss and Handelsman, 2004). While sequencing of the full 16S 

rRNA gene provides the highest taxonomic resolution (Johnson et al., 2019), many studies 

only utilize partial sequences due to limitations in read length of NGS platforms (Kim et al., 

2011). Next-generation sequencing on Illumina platforms (Illumina Inc., San Diego, 

California) produces reads that are up to 350 base pairs in length, requiring selection of an 

appropriate region of the 16S rRNA gene to amplify and sequence for optimal taxonomic 

resolution (Bukin et al., 2019; Kim et al., 2011). Sequencing the more conservative regions of 

the 16S rRNA gene may be limited to  resolution of higher levels of taxonomy, while more 

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



 

26 

 

and species levels in bacteria and archaea (Bukin 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., 2019) and be preferred for different ecosystems (Escapa et al., 2020). For 

example, 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 (e.g., Escherichia coli, Salmonella, 

Campylobacter), Acidobacteria, Bacteroidetes, Chloroflexi, Gemmatimonadetes, Nitrospirae, 

and Spirochaetae (Zhang et al., 2018). The V4 region of the 16S rRNA gene is frequently 

targeted using specific primers designed to minimize phylum amplification bias while 

accounting for common aquatic bacteria (Walters et al., 2015) and is frequently used in aquatic 

studies (Zhang et al., 2018). It is important to consider suitability of a 16S rRNA region for the 

habitat (Escapa et al., 2020) and the taxa present in the microbial community due to potential 

bias of analyzing differing subregions of the 16S rRNA gene (Johnson et al., 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 

structure in response to environmental conditions (Hodkinson and Grice, 2015), and 

identification of differentially abundant taxa between samples (Hugerth and Andersson, 2017). 

Amplicon sequencing datasets can be analyzed using a variety of bioinformatics tools for 

sequence analysis (e.g., sequence denoising, taxonomic classification, diversity analysis) 

including mothur (Schloss et al., 2009) and QIIME2 (Bolyen et al., 2019). Previously, 

sequencing analysis involved the creation of operational taxonomic units (OTUs), dataset 



 

27 

 

dependent features, by clustering sequences into groups that met a certain similarity threshold, 

resulting in a loss of representation of variation in sequences and precluding cross-study 

comparison (Callahan et al., 2017). Advances in computational power have allowed a shift 

from use of OTUs to amplicon sequence variants (ASVs) representative of each unique 

sequence in a sample, which 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 bioinformatics pipelines, such as DADA2 (Callahan 

et al., 2016) or Deblur (Amir et al., 2017), allows quality control of sequencing through the 

removal of sequencing errors and for the creation of ASVs (Amir et al., 2017; Callahan et al., 

2016).  

Taxonomic classification of 16S rRNA sequences using rRNA databases including SILVA 

(Quast et al., 2013), the Ribosomal Database Project (Cole et al., 2014) and GreenGenes 

(DeSantis et al., 2006) allows for construction of taxonomic community profiles (Bartram et 

al., 2011). Quality controlled 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., 2017). Amplicon sequencing samples have a total number of sequencing 

reads known as the library size (McMurdie and Holmes, 2014), but do not provide information 

on the absolute abundance of sequence variants (Gloor et al., 2017, 2016). This data can be 

used for studies on taxonomic composition, differential abundance analysis and diversity 

analyses (Figure 2.1). Taxonomic composition analysis allows for characterization of 

microbial communities by classifying sequence variants based on similarities to sequences in 

online databases. The creation of taxonomic composition graphs frequently expresses 

community composition in proportions. Differential abundance analysis is utilized to explore 
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whether specific sequence variants are found in significantly different proportions between 

samples (Weiss et al., 2017) to identify potential biological drivers for these differences. This 

application is outside the scope of this article and is frequently performed using programs 

initially designed for transcriptomics such as DESeq2 (Love et al., 2014) and edgeR (Robinson 

et al., 2009), or programs designed to account for the compositional structure of sequence data 

ALDeX2 (Fernandes et al., 2014). The final potential application of this data, is diversity 

analyses which can be evaluated on varying scales from within sample (alpha) to between 

samples(beta; Sepkoski, 1988) but is associated with the challenge of the true diversity of 

environmental samples largely remaining  unknown (Hughes et al., 2001).  

 

Figure 2.1 Schematic of general workflow in amplicon sequencing of samples. Amplicon 

sequencing utilizes PCR amplification of a specific gene of interest. Prior to conducting downstream 

analyses including microbial community analysis, differential abundance analysis and diversity 

analysis sequences must be pre-processed to generate the ASV feature table and taxonomic 
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classifications. This data can be used for downstream analyses to examine questions such as whoôs 

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

 

Alpha diversity serves to identify richness (e.g., number of observed ASVs) and evenness 

(e.g., allocation of read counts across observed ASVs) within a sample (Willis, 2019). 

Comparison of alpha diversity among samples of differing library sizes may result in inherent 

biases, with samples having larger library sizes appearing more diverse due to the potential 

presence of more sequence variants in samples with larger libraries (Willis, 2019). This 

requires samples to have equal library sizes before comparison to prevent bias fabricated only 

from differences in initial library size (Willis, 2019). Diversity indices used to characterize the 

alpha diversity of samples include but are not limited to the Shannon index (Shannon, 1948), 

Chao1 index (Chao and Bunge, 2002), and the Simpson index (Simpson, 1949), but unique 

details of such indices should be understood for correct usage. For example, Chao1 relies on 

the observation of singletons in data to estimate diversity (Chao and Bunge, 2002), but 

denoising processes for sequencing data may remove singleton reads making the Chao1 

estimator invalid for accurate analysis. The Shannon index, used in this study, is affected by 

differing library sizes because the contribution of rare sequences to total diversity is 

progressively lost with smaller library sizes. 

Similar to alpha diversity, samples with differing library sizes in beta diversity analyses 

may produce erroneous results due to the potential for samples with larger library sizes to have 

more unique sequences simply due to the presence of more sequence variants (Weiss et al., 

2017). A variety of different beta-diversity metrics can be used to compare sequence variant 

composition between samples including Bray-Curtis (Bray and Curtis, 1957) or Unifrac 

(Lozupone and Knight, 2007) distances and then visualized using ordination techniques (e.g., 
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PCA, PCoA, NMDS). Bray-Curtis dissimilarity, used in this study, includes pairwise 

comparison of the numbers for each ASV between two samples, which are expected to be quite 

dissimilar if library sizes vary substantially. 

Diversity analysis requires library 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 approaches ranging from rarefying to statistical transformations as 

discussed previously. However, McKnight et al. (2019) noted that the failure of most 

normalization techniques to transform data to equal library sizes ñis discouraging, as 

standardizing read depths are the initial impetus for normalizing the data (i.e., if all samples 

had equal read depths after sequencing, there would be no need to normalizeò. The limitations 

of these normalization techniques in the application to diversity analyses are discussed in 

further detail in Section 2.2.2.  

2.2.2 Limitations of Library Normalization Techniques  

Diversity analysis, as it is presently applied, usually requires library 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 techniques that feature various statistical transformations have 

been proposed for use in place of rarefying or proportions (McKnight et al., 2019), including 

upper-quartile log fold change (e.g., Robinson et al., 2009), centered log-ratio 

transformations (e.g., Gloor et al., 2017), geometric mean pairwise ratios (e.g., Chen et al., 

2018), variance stabilizing transformations (e.g., Love et al., 2014) or relative log 

expressions (e.g., Badri et al., 2018). McKnight et al. (2019) noted that the failure of most 
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normalization techniques to transform data to equal library sizes for diversity analysis ñis 

discouraging, as standardizing read depths are the initial impetus for normalizing the data 

(i.e., if all samples had equal read depths after sequencing, there would be no need to 

normalizeò. 

These proposed alternatives to rarefying are also often compromised by the presence of 

large proportions of zero count data in tabulated amplicon sequencing read counts. Zero 

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 being detected when 

it was actually present (Tsilimigras and Fodor, 2016; Wang and LêCao, 2019). Nonetheless, 

many normalization procedures for amplicon sequencing datasets require zero counts to be 

omitted or modified, especially when applying transformations that utilize logarithms (e.g., 

centered log-ratio, relative log expressions, geometric mean pairwise ratios). Methods that 

utilize logarithms involve fabricating count values (pseudocounts) for the many zeros of 

which amplicon sequencing datasets are comprised and selecting a pseudocount value is an 

additional challenge (Weiss et al., 2017) that may be accomplished using probabilistic 

arguments (Gloor et al., 2016; 2017). Zeros are a natural occurrence in discrete, count-based 

data such as the counting of microorganisms or amplicon sequences and adjusting 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 sequence 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 proportions in diversity 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 diversity analysis 

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 set of calculations 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 comparing diversity among samples of equal library 

size (Schmidt et al., 2021). 

McMurdie and Holmes (2014) propose that rarefying is not a statistically valid 

normalization technique due to the omission of valid data, which may be resolved for the 

purposes of diversity analysis by rarefying repeatedly to represent all sequences in the 

proportions with which they were observed and compare sample-level microbial community 

diversity at a particular library size. In addition, McMurdie and Holmes (2014) dismissed 

repeatedly rarefying as a normalization technique, in part because repeatedly rarefying an 

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 from a population or from a larger 

sequence library and has thus already affected samples with smaller library sizes; it is the 

reason why simple proportions are less precise in samples with smaller library sizes. 

McMurdie and Holmes (2014), also cited the investigation of Navas-Molina et al. (2013) 

as an example of repeatedly rarefying to normalize library sizes and used it to support 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 work in Navas-Molina et al. (2013) reported using jackknife 

resampling of sequences, which cannot be equated to repeatedly rarefying (random 

resampling with or without replacement). Hence, it is necessary to build upon preliminary 

analysis of  repeatedly rarefying 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 ï DNA Extraction & Amplicon Sequencing  

Samples used in the analyses are part of a larger study at Turkey Lakes Watershed (North 

Part, ON) but only an illustrative subset of samples is considered for the purpose of evaluating 

rarefaction and not for ecological interpretation. Further detail on the collection of these 

samples is presented in subsequent chapters in this thesis. The use of the subset of samples 

from a larger study to evaluate rarefying as a normalization technique avoids utilizing 

simulated data. DNA extracts isolated from environmental samples were submitted for 

amplicon sequencing using the Illumina MiSeq platform (Illumina Inc., San Diego, California) 

at the commercial laboratory Metagenom Bio Inc. (Waterloo, Ontario). Primers designed to 

target the 16S rRNA gene V4 region [515FB (GTGYCAGCMGCCGCGGTAA) and 806RB 

(GGACTACNVGGGTWTCTAAT; Walters et al., 2015)] were used for PCR amplification. 

2.3.2 Sequence Processing & Library Normalization  

The program QIIME2 (v. 2019.10; Bolyen et al., 2019) was used for bioinformatic 

processing of sequence reads. Demultiplexed paired-end sequences were trimmed and 

denoised, including the removal of chimeric sequences and singleton sequence variants to 

avoid sequences that may not be representative of real organisms, using DADA2 (Callahan et 

al., 2016) to construct the ASV table. Zeroing 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 from QIIME2 were imported into R (v. 

4.0.1; R Core Team, 2020) for community analyses using qiime2R (v. 0.99.23; Bisanz, 2018). 

Initial sequence libraries were further filtered using phyloseq (v. 1.32.0; McMurdie and 

Holmes, 2013) to exclude amplicon sequence variants that were taxonomically classified as 

mitochondria or chloroplast sequences. We developed a package called mirlyn (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 from phyloseq, 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 impact of normalized library size on the Shannon index, an alpha diversity metric, was 

evaluated. Normalized libraries were also used for beta diversity analysis. Hellinger-

transformed data was used to calculate Bray-Curtis distances (Bray and Curtis, 1957). Principal 

component analysis (PCA) was conducted on the Bray-Curtis 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 sequences, introducing a possible source 

of error. To examine this error, samples were repeatedly rarefied 1000 times. This repetition 

provides a representative suite of rarefied samples capturing the randomness in sequence 

variant composition imposed by rarefying. The sections below address 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 ï With or Without Replacement 

Rarefying library sizes may be performed with or without replacement. 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 evaluate the 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 rarefied library sizes, filtered sequence libraries 

were rarefied repeatedly to varying depths. Results for various sampling depths were 

contrasted in diversity analyses to evaluate the impact of normalized library size selection on 

interpretation of results.  

2.4 Resul ts & Discussion  

2.4.1 Use of Rarefaction Curves to Explore Suitable Normalized Library Sizes  

Rarefying requires the selection of a potentially arbitrary normalized library size, which 

can impact subsequent community diversity analyses and therefore presents users with the 

challenge of making an appropriate decision of what size to select (McMurdie and Holmes, 

2014). Suitable sampling depths for groups of samples can be determined through the 

examination of rarefaction curves (Figure 2.2). 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 samples despite the exclusion of 
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sequence variants during the rarefying process (i.e., there are progressively diminishing returns 

in including more of the observed sequence variants as the rarefaction curve flattens).  

Suggestions have previously been made encouraging selection of a normalized library 

size that is encompassing of most samples (e.g., 10,000 sequences) and advocation against 

rarefying below certain depths (e.g., 1,000 sequences) due to decreases in data quality (Navas-

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 research advises against rarefying 

below certain thresholds, users may be presented with the dilemma of selecting a sampling 

depth that either does not capture the full diversity of a sample depicted in the rarefaction curve 

(Figure 2.2 ï I) or would require the omission of entire samples with smaller library sizes 

(Figure 2.2 ï III). 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 rarefied to lower than ideal depth. Doing 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 A ï F) collected from a freshwater northern 

temperate oligotrophic lake of varying diversity and initi al library size. Selection of unnecessarily 

small library sizes (I) omits many sequence variants. Rarefying to the smallest library size (II) omits 

fewer sequences and variants. While selection of a larger normalized library size (III) would 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 package phyloseq, 
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a popular tool for microbiome analyses, has default settings for rarefying including sampling 

with replacement to optimize computational run time and memory usage (McMurdie and 

Holmes, 2013), although sampling without replacement is more appropriate statistically. 

Sampling without replacement draws a subset from the observed set of sequences (as though 

the sample had yielded only the specified library size), whereas sampling with replacement 

fabricates a set 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 original library.  

Rarefying libraries with or without replacement was not found to substantially impact 

the Shannon index in the scenarios considered in this study (Figure 2.4A), but users should 

still be aware of potential implications of sampling with or without replacement 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 larger normalized library sizes allows detection of more diversity 

with minimal variation observed between the iterations of rarefaction (Figure 2.4A). The 

largest considered normalized library size (the sample with the smallest library size has 11,213 

sequences) captured the highest Shannon index values, while the Shannon index diminishes 

for all samples at 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 at larger 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 low-abundance sequence variants are more likely to have a 
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substantially reduced Shannon index value at a larger normalized library size. Alternatively, 

samples dominated by only several highly abundant sequence variants will be comparatively 

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 increased variation 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 there is greater 

variability introduced from rarefying.  
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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 (A ï E). Rarefying without replacement 

(a) draws a subset from the observed library excluding the complementary subset, while rarefying with 

replacement (b) has 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 Index. Six microbial communities were rarefied repeatedly 

(A) at specific rarefied library sizes of 11,213 sequences, 5,000 sequences, 1,000 sequences, and 500 

sequences and (B) to evaluate the Shannon Index as a function of rarefied library size. 
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The consistency of the diversity metric when rarefying repeatedly is extremely 

degraded 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, diversity index values that are 

highly inconsistent and suppressed relative to the diversity of the unrarefied data may lead to 

inappropriate claims of identical diversity values between samples. The extreme reduction and 

introduced variation of the Shannon index suggests that the selection of smaller rarefied library 

sizes should be approached with caution when using alpha diversity metrics, while larger 

normalized library sizes prevent loss of precision and reduction of the Shannon index value. 

However, as previously 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 abundance analysis (Gloor et al., 2017; McMurdie and 

Holmes, 2014; Weiss et al., 2017), but the appropriateness of library size normalization 

techniques for alpha diversity metrics must be evaluated due to the prerequisite of having equal 

library sizes for accurate calculation. Utilization of unnormalized library sizes with alpha 

diversity metrics may generate bias due to the potential for samples with larger library sizes to 

inherently reflect more of the diversity in the source than a sample with a small library size. 

The repeated iterations of rarefying library sizes allow characterization of the variability 

introduced to sample diversity by rarefying at any rarefied library size (Figure 2.3).  

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 Bray-Curtis PCA ordinations were 
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observed between the sampling approaches (Figure 2.5). This indicates 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 the Bray-Curtis 

dissimilarity distances is not large and will likely not interfere with the interpretation of results. 

However, rarefying without replacement should be encouraged because it is more theoretically 

correct, and it has not been comprehensively demonstrated that sampling with replacement is 

a valid approximation 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 Bray-Curtis dissimilarity 

PCA ordinations. For example, in the largest normalized library size possible for these data 

(Figure 2.5A), a minimal amount of variation was observed within each community, indicating 

that the preservation of higher sequence counts minimizes the amount of artificial 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 guideline. Although, a normalized library size of 5,000 is lower than 

the flattening portion of the rarefaction curve for samples A, B, and C (Figure 2.2), the selection 

of this potentially inappropriate normalized library size (Figure 2.5C) can still accurately 

reflect the diversity between samples without excess artificial variation introduced through 

rarefaction. Due to the variation introduced to the Bray-Curtis dissimilarity ordinations in the 

smaller rarefied library sizes (Figure 2.5E, G), it is critical to include computational replicates 

of rarefied libraries to fully characterize the introduced variation in communities. As discussed 

above, it has been suggested that repeatedly rarefying is inappropriate due to the introduction 

of ñadded noiseò. However, as demonstrated, the maintenance of larger rarefied library sizes 
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when repeatedly rarefying does not impact interpretation of beta-diversity analysis results. 

Without this replication, rarefaction to small, normalized library sizes could result in artificial 

similarity or dissimilarity identified between samples.  

Beta diversity analysis of very small, rarefied library sizes (Figure 2.6A, B, C) can still 

reflect similar clustering patterns observed in larger library sizes but with a much lower 

resolution of clusters. Rarefying has previously been shown to be an appropriate normalization 

tool for samples with low sequence counts (e.g., <1,000 sequences per sample) by Weiss et al. 

(2017), which is promising for datasets containing samples with small initial library sizes or 

potentially subsetting data to explore diversity within specific phyla (e.g., cyanobacteria). 

Caution must be taken to avoid selection of an excessively small, normalized library size due 

to the introduction of extreme levels of artificial variation that compromises accurate depiction 

of diversity (Figure 2.6D) and only reflects small portions of the sequence variants from 

samples with large library sizes. The tradeoff between rarefying to a smaller than advisable 

library size or excluding entire samples with small library sizes remains and can possibly be 

resolved by analyzing results with all samples and a small, rarefied library size as well as with 

some omitted samples and a larger rarefied library size. 



 

45 

 

 

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, these results suggest that it does not become problematic until rarefying 

to normalized library sizes that are very small (e.g., 500 sequences or less) for the samples 

considered. While we saw a degradation of the consistency and value of the alpha diversity 

Shannon index at 500 sequences, beta diversity analyses may be more robust to rarefaction and 

capable of reflecting qualitative clusters in ordination as previously discussed in Weiss et al. 

(2017). The artificial variation introduced to beta diversity analyses by rarefaction could lead 

to erroneous interpretation of results, but the implementation of multiple iterations of rarefying 

library sizes allows a full representation of this variation to aid in determining if apparent 

similarity or dissimilarity is a chance result of rarefying. 

The use of non-normalized data has been shown to be more susceptible to the 

generation of artificial clusters in ordinations, and rarefying has been demonstrated to be an 

effective normalization technique for beta diversity analyses (Weiss et al., 2017). However, 

the use of a single iteration of rarefying does result in the omission of valid data (McMurdie 

and Holmes, 2014). Repeated iterations of rarefying in this study demonstrated that rarefying 

repeatedly does not substantially impact the output and interpretation of beta diversity analyses 

unless rarefying to sizes that are inadvisably small to begin with. McMurdie and Holmes 

(2014) were dismissive of rarefying repeatedly, but their analysis of such repetition was not 

evaluated in beta-diversity or differential abundance analysis. In the case of differential 

abundance analysis, the added variability of rarefying would be statistically inappropriate 

relative to generalized linear modelling that can account for varying library sizes. Additionally, 

repeatedly rarefying allows for characterization of variation introduced through subsampling 

while accounting for discrepancies in library size, supporting the potential utility of the 
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normalization technique for beta diversity analyses. McKnight et al. (2019) preferred use of 

proportions in diversity 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 

sequence 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 libraries. Using proportions 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. 

2.4.4 The 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 sequencing data 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 claims that 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 centered-log ratio transformation (Gloor et al., 2016) cannot be 
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used on zero count data and amplicon sequencing datasets must be augmented with an artificial 

pseudocount to apply the normalization technique. The limitations of normalization techniques 

may affect 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 introduced by 

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 problematic due 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 inappropriate for differential abundance analysis where 

generalized linear modelling of non-normalized data is possible (McMurdie and Holmes, 

2014).  

2.5 Conclusions  

Á Rarefying with or without replacement did not substantially impact the interpretation 

of alpha (Shannon index) or beta (Bray-Curtis dissimilarity) diversity analyses 

considered in this study but rarefying without replacement is theoretically appropriate 

and will provide more accurate reflection of sample diversity. 

Á To avoid the arbitrary loss of available information through rarefaction to a common 

library size, the random error introduced through rarefaction should be evaluated by 

repeating rarefaction multiple times. 

Á Rarefying repeatedly statistically describes possible realizations of the data if the 

number of sequences read had been limited to the normalized library 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. 

Á The use of larger normalized 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 higher library sizes). 

Á 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 library sizes both in 

declining values and variability introduced through rarefaction. 

Á Even though repeated rarefaction can characterize the error introduced by excluding 

some fraction of the sequence variants, rarefying to extremely small sizes (e.g., 100 

sequences) is inappropriate because the substantial introduced variation leads to an 

inability to differentiate between sample clusters.  

Á Further development of strategies (e.g., data handling, library size normalization for 

diversity analyses) for ensuring rigorous interpretation of amplicon sequencing data is 

required. 
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Chapter 3  

Cyanobacterial Populations are Dynamic and their Characterization 

Requires Consideration of Diurnal and Spatial Variation 

 

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., geosmin, 2-methyl isoborneol) and potent cyanotoxins (Huisman et al., 2018; 

Paerl, 2014; Vu et al., 2020). The potential risk that these organisms impose to ecosystems, 

recreational use and water treatment necessitates water quality monitoring programs. 

Traditionally, these programs rely on visual identification of cyanobacterial genera based on 

morphological characteristics observed using microscopy. Quantitative measurements may 

include direct enumeration of cells or indirect estimation using chlorophyll-a quantification 

(Chorus and Bartram, 1999). Although these methods are frequently utilized, reliance on 

microscopic identification of taxa is limited due to the impossibility of visually differentiating 

between toxic and non-toxic cyanobacteria (Gallina et al., 2017). The implementation of 

modern molecular methods, such as next-generation sequencing, provides a rapid and sensitive 

technique that can be applied to characterize both taxonomic composition and functional 

potential (e.g., toxicity; Clooney et al., 2016; Langille et al., 2013) of cyanobacterial 

populations. Although next-generation sequencing data can be used to rapidly characterize 

communities and predict the potential for toxicity, it is critical that sampling protocols are 

designed to ensure the collection of ecologically relevant data. 
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As a result of anthropogenic activity, cyanobacterial bloom frequency and intensity are 

increasing globally (Huisman et al., 2018) supporting the need for development of ecologically 

relevant sampling protocols. They have a variety of adaptations to environmental stress 

including the formation of tolerant resting cells, the presence of photoprotective cellular 

pigments, and the regulation of buoyancy in response to light and nutrient gradients (Huisman 

et al., 2018; Paerl, 2014). Specifically, cyanobacteria buoyancy is varied in response to light 

irradiance levels (Visser et al., 2005) resulting in oscillatory diurnal migration patterns 

allowing for growth under advantageous conditions (Chien et al., 2013; Chu et al., 2007) and 

is largely driven by cellular density (Naselli-Flores et al., 2021) and water column stability 

(Walsby et al., 1997) as summarized 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., 2010). Typically, during the 

day with high light availability, cyanobacteria move downwards in the water column 

(Frempong, 1981; Visser et al., 2005) as carbohydrates accumulate with high rates of 

photosynthesis (Ibelings et al., 1991). In overnight periods, they experience upward migrations 

as carbohydrates are utilized and photosynthetic rates are limited (Ibelings et al., 1991; Visser 

et al., 2005). If sampling is conducted arbitrarily or at inconsistent time points across multiple 

sampling events, collected 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 column stability including 

thermal stratification or weather induced mixing events (Walsby et al., 1997). Due to the 

threats that cyanobacteria impose on water quality, it is critical for monitoring programs to be 
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designed to allow for collection of data that is representative of cyanobacterial community 

structure by sampling 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 generated from amplicon sequencing data provided insights 

into diurnal trends in distribution. Specifically, the fluctuations in cyanobacterial community 

composition were evaluated (i) over a multi-time point sampling period, and (ii) spatially 

within the water column of a stratified lake. The evaluation of spatial and temporal trends 

present in cyanobacterial communities provides a comprehensive evaluation on the potential 

impact of sampling time and system specific conditions on detection and will provide critical 

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 Example Taxa Impact on Buoyancy 

Cell Ballast 

Content 

- High photosynthetic rates result in 

accumulation of carbohydrates 

increasing cell density resulting in 

downward migration (Chien et al., 

2013; Hunter et al., 2008; Li et al., 

2016; Westwood and Ganf, 2004).  

Gas Vacuolate 

 

 

Microcystis, Aphanizomenon, 

Nostoc, Anabeana, 

Oscillatoria, Coelosphaerium 

(Staley, 1980; Wallsby, 1981) 

Provides positive buoyancy 

allowing for maintenance of 

position within the photic zone 

(Walsby et al., 1997). 

Decreased gas vacuole content after 

exposure to high light irradiance 

results in loss of buoyancy 

(Westwood and Ganf, 2004) 

Small & 

Unicellular 

Synechococcus, 

Cyanobium,Synechocystis, 

Cyanobacterium (Sliwinska-

Wilczeska et al., 2018) 

Small cell size allows for 

maintenance of water column 

position (Reynolds et al., 1987; 

śliwiŒska-Wilczewska et al., 2018) 

Small & Colonial Aphanocapsa, Aphanothece, 

Chroococcus, 

Coelosphaerium, Cyanobium, 

Cyanodictyon, Merismopedia, 

Romeira, Snowella, Tetracerus  

(Sliwinska-Wilczeska et al., 

2018) 

Smaller colonies exhibit more 

random spatial movement with no 

clear diurnal pattern (Chien et al., 

2013). 

Large Colonial & 

Filamentous Forms 

Dolichospermum circinale 

(Westwood and Ganf, 2004) 

Larger colonies move more rapidly 

allowing for migration of greater 

depths (Reynolds et al., 1987; 

Westwood and Ganf, 2004). 

Sinking rates are also faster (Ganf, 

1974). 
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Table 3.1 Continued 

Environmental Conditions 

Condition Examples Impact on Distribution  

Water Column 

Stability 

Thermal Stratification Creates zonation in the water 

column frequently with nutrient 

depleted, light rich water surface 

and light-limited, nutrient rich deep 

waters (Chien et al., 2013).  

Vertical migrations allow for 

access to optimal environmental 

conditions (Chien et al., 2013). 

Non-Stratified Water Columns Wind induced mixing of the water 

column may result in homogeneous 

distributions (Frempong, 1981; 

Hunter et al., 2008; Walsby et al., 

1997). 

External Mixing Events ï 

Storms  

Storm events may result in 

downward mixing of communities 

(Walsby et al., 1997) 

Light Availability Daytime Exposure to high light in the 

daytime results in loss in buoyancy 

with high photosynthetic rate and 

accumulation of carbohydrates 

resulting in downward migration 

(Ibelings et al., 1991). 

Nighttime With light limitation and decreased 

photosynthetic rates, cellular 

carbohydrates are utilized, resulting 

in decreased density and upward 

migration for light access in 

daytime (Ibelings et al., 1991). 
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3.2 Methods  

3.2.1 Study Site: Turkey Lakes Watershed  

The Turkey Lakes Watershed Study was established in 1980 to investigate ecosystem 

effects of acidic atmospheric depositionðJeffries 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 Shield in an 

uneven-aged tolerant hardwood and mixed conifer forest landscape (Jeffries et al., 1988). It 

consists of 4 interconnected lakes fed by both first order streams and groundwater: Batchwana 

Lake, Wishart Lake, Little Turkey Lake and Big Turkey Lake (Jeffries et al., 1988; Figure 1.1). 

These lakes thermally stratify during summer and winter annually, with the exception of 

Wishart Lake. Wind-induced mixing of this shallow lake generally prevents thermal 

stratification. These lakes are classified oligotrophic to mesotrophic, and cyanobacteria are the 

dominant members of phytoplankton communities (Jeffries et al., 1988). Water samples for 

daily variation analysis were collected from the deepest point in Little Turkey Lake 

(47Á02ô37.2òN 84Á24ô24.4òW) and Wishart Lake (47Á03ô00.0òN 84Á23ô58.3òW). The well-

mixed water column of Wishart Lake and thermally stratified water column of Little Turkey 

Lake (Figure A1) allowed for contrast between lakes with different water column stability.  

3.2.2 Sample Collection  

Water samples were collected over a two-day period in August 2018 (August 22 and 

August 23). They were collected at Secchi depth across three time points on both days: morning 

(8-9 a.m.), midday (12-1 p.m.) and afternoon (4-5 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 at which there is generally sufficient light for photosynthesis (Bukata et al., 1988). Secchi 
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depth was measured in a standardized manner from the shaded side of the boat and by the same 

individual. Samples for Wishart Lake were collected from near the bottom (4 m) due to high 

water clarity. Samples were collected from Secchi depths ranging from 4-5.25 m in Little 

Turkey Lake depending on time of collection and sampling day. Water samples were also 

collected at the surface (0 m) in Little Turkey Lake on the first sampling day 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 plc, Buckinghamshire, United 

Kingdom). After vacuum filtration, 250 mL of filtered water was then filtered through a 0.22 

Õm SterivexÊ filter to collect additional microbes. Whatman GF/C and SterivexÊ filters were 

stored at -20°C prior to DNA extraction. Sampling details are provided in Table A1.  

3.2.3 DNA Extraction, 16S rRNA Gene Amplicon Sequencing  

DNA extraction was performed using the DNeasy PowerSoil Kit (QIAGEN Inc., 

Venlo, Netherlands) following the manufacturerôs protocol. Elution buffer was added to the 

spin columns for 15 minutes prior to elution of the DNA extract. DNA was quantified using a 

NanoDrop spectrophotometer when possible (Table A1). Although the detection limit is 

reported as 2ng/µl (Thermo Fisher Scientific, 2009), absolute values have been shown to be 

less accurate for DNA concentrations less than 10ng/µl (Khetan et al., 2019) resulting in 

potentially erroneous reads for low concentration environmental samples used in this study. 

The DNA extracts were submitted for amplicon sequencing using the Illumina MiSeq platform 

(Illumina Inc., San Diego, United States) at a commercial laboratory (Metagenom Bio 

Inc.,Waterloo, ON) using primers designed to target the 16S rRNA gene V4 region [515FB 
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(GTGYCAGCMGCCGCGGTAA) and 806RB (GGACTACNVGGGTWTCTAAT)] (Walters 

et al., 2015). 

3.2.4 Sequence Processing & Library Size Normalization  

The program QIIME2 (v. 2019.10; Bolyen et al., 2019) was used for bioinformatic 

processing. Demultiplexed paired-end sequences were trimmed and denoised, including the 

removal of chimeric sequences and singleton sequence variants, using DADA2 (Callahan et 

al., 2016) to construct the amplicon sequence variant (ASV) table.  Taxonomic classification 

was performed using a Naïve-Bayes taxonomic classifier trained using the SILVA138 database 

(Quast et al., 2013; Yilmaz et al., 2014). Taxonomic assignments for amplicon sequence 

variants (ASV) classified as Cyanobacteria at the phylum level were manually curated to 

reflect taxonomic assignments above the genus level according to AlgaeBase. Files from 

QIIME2 were imported into R (v. 4.0.1) for downstream analyses using qiime2R (v. 0.99.23) 

(Bisanz, 2018). Initial sequence libraries were filtered to exclude ASVs that were 

taxonomically classified as mitochondria or chloroplast sequences using phyloseq (v. 1.32.0; 

McMurdie and Holmes, 2012). For 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 size of 370 reads for community diversity analyses using mirlyn (Cameron 

and Tremblay, 2020).  

3.2.5 Cyanobacterial Communities - Taxonomic Composition & Diversity Analyses  

The composition of communities was assessed at the taxonomic order level and relative 

abundances were visualized using a heatmap produced with mirlyn. Relative abundances were 

randomized across phyla within samples to identify significantly dominant groups within the 
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bacterial community in relation to sampling time with a Bonferroni correction. While a p-value 

of 0.05 is frequently viewed as the threshold for significance, due to the heterogeneity and high 

variability present in environmental systems, a p-value of 0.2 has been selected as the threshold 

for significance in these communities.  

 To confirm the taxonomic classification performed by the Naïve-Bayes 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 

genera highlighted in guidelines and resources for sampling protocol deigns (Graham et al., 

2008; Vidal et al., 2021) including Microcystis, Anabaena, Aphanizomenon, Pseudanabaena, 

and Synechococcus, were selected for further evaluation. Notably, other taxa contributed to the 

compositional structure at the order level but were excluded from this analysis 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 analysis. Radiocystis has been shown to have identical 16S rRNA genes 

as Microcystis (Vidal et al., 2021) and toxicity (Vieira et al., 2003). Cyanobium is another 

potentially toxic picocyanobacterial genera (śliwiŒska-Wilczewska et al., 2018) detected in 

high relative abundances in these samples. Relative abundances of selected cyanobacterial 

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 using mirlyn on repeatedly rarefied 

libraries (Cameron et al., 2020). The Shannon Index (Shanon, 1948), an 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 beta-diversity analyses. Rarefied libraries were 
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transformed using a Hellinger transformation. Hellinger transformed data was used to calculate 

Bray-Curtis distances (Bray and Curtis, 1957) used in principal component analysis (PCA).  

3.3 Results & Discussion  

3.3.1 System Specific Diurnal Trends in Cyanobacterial  Communities  

Relative abundances of cyanobacterial sequences were higher in Little Turkey Lake 

than Wishart Lake (Figure 3.1A; Table 3.2). In Little Turkey Lake at Secchi depth, the 

increase in relative abundance of cyanobacteria within our libraries was observed to exhibit 

diurnal trends with significant representation in the bacterial community on both sampling 

days during the afternoon sampling time point (p=0.011, p=0.001; Table C3) and during the 

midday on the second sampling day (p=0.0006). However, they were not significantly 

represented in the community at the midday timepoint of the first sampling day (p=0.27). 

Further deviation between the representation of cyanobacteria in the bacterial community 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 scale. Unlike 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 the bacterial community 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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Figure 3.1 Heatmap depicting the relative abundances of amplicon sequence variants classified 

to the phyla Cyanobacteria within the bacterial community across a multi-time 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 community at (A) surface 

and Secchi depth in Little Turkey Lake, and (B) Secchi depth 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 non-stratified lake. 
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Table 3.2 Relative abundances as percentages of cyanobacteria within the bacterial community 

and subsequent composition of cyanobacterial communities. Values were rounded to two decimal 

points and excluded groups that were present at less than 1% abundance (-).   

Taxonomic 

Group 

Day 1 Day2 Sampling 

Time Little Turkey  Wishart  

Secchi 

Little 

Turkey  

Secchi 

Wishart  

Secchi Secchi Surface 

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 9.35 1.09 3.93 1.04 Midday 

4.99 8.58 - 5.52 1.79 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 

 

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 

Time Little Turkey  Wishart  

Secchi 

Little 

Turkey  

Secchi 

Wishart  

Secchi Secchi Surface 

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 

Coelosphaeriaceae 2.93 1.24 1.35 3.20 1.29 Morning 

2.36 1.92 - 2.32 - Midday 

4.29 3.34 - 2.82 - Afternoon 

Merismopediaceae 1.07 1.41 - - - Morning 

- 1.09 - - - Midday 

- - - 1.11 - 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 

 

The significant representation of cyanobacterial sequences in the afternoon at Secchi 

depth demonstrates 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 populations (Howard, 2001). The 

water column stratification of Little Turkey Lake may create light limited environments at 

deeper depths and light rich environments at the surface. The increase in relative abundances 

of cyanobacterial sequences observed at Secchi depth could be a result of upward migration of 
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populations from deep, light-limited environments to exploit light availability or the downward 

migration of water surface populations for avoidance of high light irradiance (Olli, 1999). 

While the migration to Secchi depth cannot be confirmed without additional sampling depths, 

it is expected that this increase 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 products (Chu et al., 2007; Xiao et al., 2012). The observed phenomena in 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 time point or a single discrete depth in 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 multi-time point sampling series due to the shallow 

non-stratified water column. Vertical distribution of cyanobacteria in shallow lakes that are not 

stratified have been shown to be less dependent on the light cycle (Ibelings et al., 1991) 

supporting the non-temporal response observed in Wishart Lake. Although Wishart and Little 

Turkey Lake are interconnected and are located within the same 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 sampling protocols and supports the notion that 

universal sampling strategies are near impossible to design (Pobel et al., 2011).  

In addition to examining the daily trends of cyanobacterial abundances at Secchi depth, 

samples collected from the surface in 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 time (6.67 ï 9.30%; Figure 3.1A; Table 

3.2) but were consistently lower than that detected at Secchi depth. Unlike the Secchi depth 

community, the relative abundances of cyanobacterial sequences at the surface were not 

significantly represented in the bacterial community across sampling times (p = 1; Table C3) 

indicating no significant increase as time progressed. The differing abundances detected at 

surface and Secchi depth justifies the incorporation of additional depth sampling into 

monitoring protocols because if sampling efforts are restricted to the surface, cyanobacterial 

populations may be severely underestimated.  

It was initially hypothesized that a decrease in the relative abundance of cyanobacteria 

at the surface would correlate with increases at Secchi depth due to downward water column 

migration. However, the depth difference and amount of elapsed time between sampling points 

suggests otherwise. Rapid vertical migrations of cyanobacteria have previously been 

demonstrated (Hunter et al., 2008) with velocities typically ranging from 0.01 to 0.40 

metres/hour, and for large filaments of Dolichospermum circinale (as Anabaena circinalis) 

being as high as 2.0 metres/hour (Westwood and Ganf, 2004). Basing 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 for large filaments 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 population migration from surface to 

Secchi depth. Instead, these fluctuations in abundances may be caused by dynamic migrations 

of cyanobacteria from non-sampled depths including depths between surface and Secchi (i.e., 

0.01- 5.25 m) or depths deeper than Secchi depth (i.e., >5.25 m) demonstrating the need for 
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inclusion of discrete depth sampling throughout the entirety of the water column to fully 

characterize diurnal migrations. While discrete depth sampling can provide highly specific 

details on the spatial distribution 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 (Figure 3.2). 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 morning to afternoon 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 surface were found to be less diverse than Secchi depth communities during the morning 

(Figure 3.2B). However, throughout the day, the Shannon Index approached equivalent values. 

While the diversity of communities at the surface remained relatively consistent, the 

cyanobacteria diversity at Secchi 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 

protocols to be time sensitive and collected at appropriate depths tailored to individual systems 

will allow for the collection of data that is reflective of the full genetic and functional diversity 

of cyanobacterial communities.  

To assess similarity between communities at differing sampling times, lake site and 

sampling depth, the Bray-Curtis dissimilarity was used and visualized using a PCA ordination 

on the rarefied data (Figure 3.2C). Cyanobacterial communities 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 

fi rst sampling day, discussed in further detail in Section 3.3.3. The innate dissimilarity between 

sampling depths and sampling sites located within the same watershed further demonstrates 

the need for development of system specific sampling protocols for collection 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) and 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 libraries 

to evaluate the effects of (A) lake site and sampling time on community diversity and (B) sampling 

depth and sampling time on community diversity. (C) The Bray-Curtis dissimilarity metric was used to 

explore similarities in communities between sampling times (Morning = Mo, Midday = Mi, Afternoon 

= A), lake site (Little Turkey = LT, Wishart = W) and sampling depth (Su = Surface, Se = Secchi) 

demonstrating unique communities between sampling depth and lake site. 

 

3.3.2 Diurnal Trends of Bloom Forming & Toxic Cyanobacterial Taxa  

To explore the impact of taxa specific diurnal responses, the taxonomic and ASV 

composition of cyanobacterial communities were assessed. Across samples, a total of 41 ASVs 

classified to the phylum Cyanobacteria were identified including taxa belonging to the 

cyanobacterial 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 Taxa ï Synechococcales 

(Cyanobium, Synechococcus), (ii) Colonial ï Nostocales (Microcystis, Radiocystis), and (iii) 

Filamentous ï Nostocales (Anabaena, Aphanizomenon) and Pseudanabaena (Order ï 

Synechococcales).  Notably, the genus Pseudanabaena initially 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 

Synechococcales (Komárek et al., 2014; Vidal et al., 2021). For the purpose of this 

investigation, ASVs classified to the genus Pseudanabaena were included with 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) which includes unicellular picocyanobacterial genera such as 

Synechococcus and Cyanobium. This taxonomic classification was affirmed through the 

creation of a phylogenetic tree (Figure C.6). The dominance of Synechococcaceae classified 

ASVs across sampling times indicates a lack of distinct diurnal migrations due to the ability of 

smaller sized taxa to constantly maintain water column position better than larger colonial and 

filamentous taxa (śliwiŒska-Wilczewska et al., 2018; Yamamoto and Nakahara, 2006). 

Spatially within Little Turkey Lake, Synechococcaceae 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 detail in Section 3.3.2.2. However, the 

high abundances of Synechococcaceae ASVs at Secchi depth and the potential toxicity in 

picocyanobacterial taxa requires monitoring protocols to not restrict sampling efforts to the 

water surface alone.  

  While the cyanobacteria communities in both lakes were dominated by the ASVs 

classified to the family Synechococcaceae, large differences were observed in the composition 

between Little Turkey (Figure 4A) and Wishart Lake (Figure 4B). Specifically, Little Turkey 

Lake included 7 ASVs and Wishart Lake included 17 ASVs classified to the family 

Synechococcaceae, demonstrating 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 to the same 

taxonomic family, both ASVs exhibited distinct diurnal trends. For example, ASV848 
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exhibited a decrease in abundance at the midday sampling time point but ASV846 experienced 

a peak in relative abundances at the midday indicating the potential for unique diurnal 

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, ASV855, ASV859, 

ASV850, and ASV849 were absent in morning periods on both sampling days but were present 

in the midday or afternoon. The consistent and ephemeral occurrence of different 

Synechococcaceae ASVs shows the potential ecological variation present in individual taxa 

and highlights the requirement for characterization of cyanobacterial communities within 

systems to optimize monitoring efforts.  

 

Table 3.3 Taxonomic classification of potentially bloom-forming 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 Taxonomic Classification Lake Site 

ASV855 Synechococcaceae Little Turkey & Wishart 

ASV857 Synechococcaceae Wishart 

ASV858 Synechococcaceae Wishart 

ASV859 Synechococcaceae Wishart 

ASV865 Synechococcaceae Little Turkey & Wishart 

ASV866 Synechococcaceae Little Turkey & Wishart 

ASV869 Synechococcaceae Wishart 

ASV921 Synechococcaceae Wishart 

 

ASV919 Radiocystis Little Turkey & Wishart 

ASV913 Microcystis Little Turkey 

ASV 914 Microcystis Little Turkey & Wishart   

ASV806 Pseudanabaena Wishart 
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Figure 3.3 Heatmap depicting the composition of cyanobacterial communities at the order level 

across a multi-time 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 were classified 

to the phylum Cyanobacteria were selected to examine the taxonomic composition of cyanobacterial 

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

Lake.  Cyanobacterial communities in both lakes were consistently dominated by the order 

Synechococcales, which 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 multi-time point sampling series in a stratified (Little Turkey) and non-

stratified (Wishart) lake. Amplicon sequence variants (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 Synechococcaceae (Synechococcus, Cyanobium), Nostocales (Anabaena, 

Aphanizomenon), Pseudanabaena and Microcystaceae (Microcystis, Radiocystis). Relative abundances 

of individual ASVs in cyanobacterial community composition for (A/B) unicellular taxa 

(Synechococcaceae), (C/D) filamentous taxa (Nostocales & Pseudanabaena), and (E/F) colonial taxa 

(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 demonstrate system specific 

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 in Little Turkey Lake but were largely 

undetected in Wishart Lake. Further uniqueness of the communities between systems was 

observed at the ASV level. Specifically, ASV806 (classified to the genus Pseudanabaena) was 

only detected in Wishart Lake (Figure 3.4D) and Nostocales ASVs (ASV824, 822, 819) were 

only detected in Little Turkey Lake (Figure 3.4C) exhibiting uniquity in cyanobacterial 

community structure between systems. Further unique ASV composition was observed with 

the detection of ASV913 (classified to the genus Microcystis) in Wishart Lake at very low 

abundances (Figure 3.4F) but larger abundances of ASV914 (classified to the genus 

Microcystis) and ASV919 (classified to the genus Radiocystis) in 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 detail in Section 3.3.4.  

Within samples, sequences attributed to taxa that have previously been reported to 

contain gas vesicles, including Microcystis, Anabaena, and Aphanizomenon, were detected. 

Sequences classified to these genera including ASV824 (classified to the genus Anabaena), 

and ASV914 (classified to the genus Microcystis), were consistently detected at the surface in 

Little Turkey Lake, potentially because of positive buoyancy regulation due to the presence of 

gas vacuoles. Diurnal variation associated with downward migration during the daylight was 

exhibited in the surface populations of ASV919 (classified to the genus Radiocystis) as a 

consistent decrease in abundance was observed from morning to afternoon exhibiting the 

expected diurnal migration trend. While taxa with gas vesicles were detected regularly in 

surface samples of Little Turkey Lake, ASV819 (classified to the genus Anabaena) and 

ASV822 (classified to the order Nostocales) were only detected at Secchi depth indicating that 

gas vacuolate taxa may be found deeper in the water column and supporting the distribution of 

cyanobacteria through the photic zone and not only as surface accumulations (Graham et al., 

2008). The presence of taxa with gas vesicles outside of the water surface diurnally signifies 

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

3.3.3 External Disturbances Impact Cyanobacteria Distribution  

Evaluation of community dissimilarity between samples revealed that the 

cyanobacterial communities at Secchi depth in the morning of the first sampling day were 

highly similar to the surface communities 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 (Figure 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 at the surface. The ASV composition revealed similar results with ASV919 

(classified to the genus Radiocystis) and ASV914 (classified to the genus Microcystis) 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 heavy rainfall event 

occurred. Storm events have previously been shown to result in downward mixing of 

cyanobacterial populations (Walsby et al., 1997) which likely resulted in redistribution of 

water surface populations throughout the water column of Little Turkey Lake. While the 

composition of the Secchi depth community 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 cyanobacteria distribution, sampling should be temporally delayed 

following weather induced mixing events to allow for water column re-stabilization and 

redistribution of cyanobacterial populations.   

Unlike Little Turkey Lake, Wishart Lake did not exhibit obvious 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 composition of communities 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 

abundances (Filippini et al., 2008) indicating that the response to meteorological conditions 

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.  

3.3.4 Implic 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 sampling time and sampling depth to ensure accurate monitoring 

(Table 3.4). However, these recommendations can range widely from providing design 

features that rely on user interpretation (e.g., ñLater in the dayò, ñSurfaceò), generalized 

sampling conditions (e.g., ñ10 a.m. ï 3 p.m.ò, depth integrated sampling) or complete absence 

of recommendations as is the case for appropriate sampling times. In this study, cyanobacterial 

abundances continued to fluctuate between the hours of 9 a.m. and 4 p.m. demonstrating that 

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 column with a single sample (Ministry 

for the Environment and Ministry of Health., 2009; Newcombe, 2009; Ohio Environmental 

Protection Agency, 2013; Sarnelle et al., 2010; University of New Hampshire - Center for 

Freshwater Biology, 2010).  Alternatively, discrete depth sampling can characterize trends in 

spatial distribution at critical depths in the water (e.g., water intake pipes; Graham et al., 2008) 

but if this sampling is restricted to a single depth it cannot account 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 resources, depth integrated sampling is an appropriate technique 

for providing an overview of cyanobacterial populations that encompasses diurnal migrations. 
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Table 3.4 A summary of cyanobacteria monitoring sampling protocol recommendations for 

sampling time and sampling depth and the potential impact on detection arising due to diurnal 

migration cycles. 

Sampling 

Protocol 

Design 

Feature 

Impact on Detection References 

Recommended Sampling Time 

No optimal 

sampling 
time 
advisory 

Inconsistent and/or arbitrary sampling 

time will result in variation in the 
detection of cyanobacterial 
populations. 

Chorus et al., 2000; Chorus and 

Bartram, 1999; Graham et al., 
2008; Sarnelle et al., 2010; Board 
of Directors -Colorado Lake & 
Reservoir Management 

Association, 2015 
10 a.m. ï 3 

p .m. 

Cyanobacterial populations will 

experience fluctuations during the 
large timeframe. Samples collected at 
10 a.m. will differ in composition 
from samples collected at 3 p.m. due 

to water column migration resulting in 
the potential for missed detection or 
underrepresentation of cyanobacterial 
populations. 

Klamath river blue green algae 

working group, 2009; University of 
New Hampshire - Center for 
Freshwater Biology, 2010 

ñLater in 

the dayò 

Sample collection time is dependent 

on user interpretation of ñlater in the 
dayò which creates bias from the 
interpretation of sampling protocol. 

Newcombe, 2009 

Morning 
(for surface 
sampling 

only) 
 

Sampling at the surface in the morning 
period is appropriate due to known 
trends in water column migration of 

cyanobacterial populations.  

Ministry for the Environment and 
Ministry of Health., 2009 

Recommended Sampling Depth 

Integrated 
water 
column 
depth 

sample 

Integrated depth sampling accounts 
for the potential of daily variation in 
cyanobacterial populations. 

Ministry for the Environment and 
Ministry of Health., 2009; 
Newcombe, 2009; Ohio 
Environmental Protection Agency, 

2013; Sarnelle et al., 2010; 
University of New Hampshire - 
Center for Freshwater Biology, 
2010; Board of Directors -Colorado 

Lake & Reservoir Management 
Association, 2015; Klamath river 
blue green algae working group, 
2009 
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Traditional cyanobacteria monitoring is performed using microscope counts or 

chlorophyll-a analysis (Chorus et al., 2000). However, advances in molecular techniques and 

computational analysis have provided new avenues to gain further insight on cyanobacterial 

populations. Amplicon sequencing of taxonomic marker genes, such as the 16S rRNA gene, is 

a rapid and sensitive technique to characterize microbial communities, including 

cyanobacterial community 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 for toxicity prior to toxin detection allows 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 cannot provide absolute quantification of abundances and is inherently 

compositional (Gloor et al., 2017), which introduces challenges in the interpretation of changes 

in community structure. For example, an observed 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 compositional 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., 2019), qPCR (Chiu et al., 2017)) to ensure accurate quantification of 

cyanobacterial populations. 

Insights into cyanobacterial dynamics are becoming 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 also significantly impact detection capabilities. The collection of raw 

unfiltered water, as performed in this study, allows for detection of small sized taxa which may 

otherwise be excluded through use of equipment such as plankton nets. The use of non-size 

exclusionary sampling equipment (e.g., Van Dorn samplers, peristaltic pumps, Kemmerer 

bottles; Graham et al., 2008) must be standardized in sampling protocols to ensure the 

collection of accurate data. While guidelines and resources are available to assist in the 

development of sampling protocols for monitoring, these should be viewed as starting points 

to characterize cyanobacterial communities and should be adapted to the dynamics of the 

system of interest. The efficacy of cyanobacteria monitoring protocols is dependent on 

understanding the system including physiochemical characteristics (e.g., thermal stratification) 

and cyanobacterial community structure (Pobel et al., 2011; Welker et al., 2021) which can 

only be achieved through more intensive monitoring efforts. To optimize cyanobacteria 

monitoring, protocols must be tailored to specific systems, even when sites are located within 

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 across depth profiles over a multi-

time point sampling series using non-size exclusionary sampling equipment. Detailed 

knowledge on the community composition and spatiotemporal variability of systems is 

necessary for development of ecologically accurate sampling protocols. 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  

Á The potential for diurnal migration should be reflected in cyanobacterial monitoring 

programs through the inclusion of multiple sampling times or at minimum, conducting 

sampling at an ecologically significant time of day. 

Á Sampling of lakes must not be restricted to water surface and should incorporate 

multiple depths to reflect spatial heterogeneity in the water column.  

Á The positive buoyancy of cyanobacteria with gas vesicles may frequently be 

concentrated at the surface but is not limited to the surface with occurrence at deeper 

depths in the water column.  

Á Rainfall or wind induced mixing events such as those observed in this investigation 

may significantly impact cyanobacterial community composition and distribution.  

Á Cyanobacterial monitoring may be enhanced through the incorporation 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  

Early Seasonal Increases in Relative Abundance of Potentially 

Toxic Cyanobacteria: A concerning impact of Climate Change 

Protracting the Vernal Window in Northern Temperate Lakes? 

 

4.1 Introduction  

Steady increases in harmful algal blooms (HABs) have been observed in freshwater 

environments for decades as a result of increased nutrient 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 

point and non-point sources (Creed et al., 2015; Emelko et al., 2016; Winter et al., 2011). While 

the term óalgaeô is utilized frequently when discussing aquatic systems, differentiation of the 

types of organisms present within this diverse group is critical for understanding their roles in 

aquatic ecosystems and potential impacts to water quality. Photosynthetic 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., geosmin, 2-

methyl isoborneol[MIB] ) and several cyanotoxins of human and environmental health concern 

(Harke et al., 2016; Huisman et al., 2018; Paerl, 2014; Vu et al., 2020). These include 

hepatotoxins (e.g., microcystins, nodularin, cylindrospermopsin), neurotoxins (e.g., saxitoxins, 

anatoxin-a, anatoxin-a(s), homoanatoxin-a), cytotoxins (e.g., aplysiatoxin,  

debromoaplysiatoxin, lingbyatoxin, lipopolysaharide endotoxin),  and  skin  and  

gastrointestinal  irritants (Cheung et al., 2013). A non-photosynthetic sister-clade of 

cyanobacteriaðMelainabacteriaðwas recently identified in groundwater, tap water, 
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municipal wastewater stabilization ponds, and the human gut (Di Rienzi et al., 2013; Soo et 

al., 2014) which may hypothetically serve as a novel contributor to toxicity (Nunes-Costa et 

al., 2020).  

Fundamental physiological differences found between different algal taxa influence their 

distribution (Irwin et al., 2012, 2006) with growth being limited by temperature resulting in 

specific seasonal and geographical distributions of populations. (Butterwick 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 stratification, and nutrient availability which are influenced by 

meteorological conditions (Rusak et al., 2018). While exceptions exist to ótypicalô seasonal 

succession of algal populations (Fanesi et al., 2016), typical trends in temperate systems consist 

of winter communities dominated by cryptophytes, chrysophytes and diatoms,  (Beall et al., 

2016; Felföldi et al., 2016; Phillips and Fawley, 2002), high abundances of diatoms in the 

spring (Jaworska and Zdanowski, 2012; Winder et al., 2009), followed by the dominance of 

green algae (Staehr and Birkeland, 2006; Winder et al., 2009; Winder and Hunter, 2008) and 

cyanobacteria in the summer (Staehr and Birkeland, 2006; Winder et al., 2009; Winder and 

Hunter, 2008).  

Although algal populations are present year-round, research and sampling of aquatic 

ecosystems has largely focused on the spring and summer resulting in a critical gap in 

knowledge and understanding on winter limnological processes (Felföldi et al., 2016; Wilhelm 

et al., 2014). Winter sampling can often be logistically complicated (e.g., difficult to access 

sampling sites, safety) and traditionally, ice-covered systems have been viewed as ódormantô 

further resulting in a lack of interest in winter processes (Felföldi et al., 2016; Hampton et al., 
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2015; Powers and Hampton, 2016). However, recent research has revealed the presence of 

unique niches in microbial and phytoplankton communities adapted to low temperatures and 

low light during the winter (Phillips and Fawley, 2002; Tran et al., 2018). Of further concern, 

winter cyanobacterial blooms have been detected under ice in systems (Wejnerowski et al., 

2018) demonstrating the importance of 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 are rarely homogeneously distributed within lakes (Cyr, 2017; Vidal et 

al., 2014). Water currents results in patchy distribution across different areas of aquatic systems 

(Cyr, 2017) but organisms may also be vertically distributed in response to gradients in 

temperature, light, and nutrient availability (Jakubowska and SzelŃg-Wasielewska, 2015; 

Vidal et al., 2014) or as a result of cell size (Chien et al., 2013; śliwiŒska-Wilczewska et al., 

2018). Picocyanobacteria, cells ranging in 0.2 ï 2.0 µm in size, are able to maintain their water 

column position (śliwiŒska-Wilczewska et al., 2018) and 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 depths (Jakubowska and SzelŃg-Wasielewska, 2015) while 

large Microcystis colonies may be found closer to the surface due to positive buoyancy 

regulation (Visser et al., 2005). The association of cyanobacteria with the formation of blooms 

at the surface has resulted in sampling protocols focused on visual detection of biomass 

(Chorus and Bartram, 1999; Newcombe, 2009). Cyanobacteria have typically been associated 

with the ability to withstand higher levels of light irradiance, further supporting the notion to 

focus sampling efforts at the water surface, but recent research has revealed higher light 
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sensitivity in cyanobacteria resulting in cellular damage (Beecraft et al., 2019) suggesting that 

populations may not be concentrated at the surface as traditionally expected. Additionally, 

picocyanobacteria have been detected in higher abundances in the upper hypolimnion (Pick 

and Agbeti, 1991) further 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 northern 

temperate systems, temperatures have significantly increased, growing seasons have 

lengthened, and precipitation has declined and shifted such that additional peaks in 

precipitation 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 dynamics (Creed et al., 2015). 

The vernal window has been previously defined as the ñperiod that marks the end of winter 

and start of the growing season during which rapid shifts in ecosystem energy, water, nutrient 

and carbon dynamics occurò by Contosta et al., 2017, and the autumnal window as the 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 terrestrial runoff (Creed et al., 2015) directly impacting the physical 

characteristics and subsequently the ecological characteristics of lakes (Contosta et al., 2017). 

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

shifts in energy, nutrients and carbon are also applicable to freshwater vernal and autumnal 

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

lakes in Ontario (Winter et al., 2011). Although previous research in this realm has been 
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conducted, it is 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 (ii) 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 sequencing to explore cyanobacterial dynamics 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 patterns during the summer, and seasonal trends were evaluated 

over an interannual period in three oligotrophic lakes to elucidate spatiotemporal trends in 

cyanobacterial community composition. The exploration of spatiotemporal trends present in 

cyanobacteria communities provides a comprehensive evaluation on the potential impact of 

sampling month and depth on water quality sampling protocols and will provide critical insight 

on developing ecologically meaningful sampling protocols for cyanobacteria in oligotrophic 

lakes. Additionally, the inclusion of seasonal sampling in the winter will continue to advance 

the fields of winter limnology and winter cyanobacterial dynamics.  

4.2 Methods  

4.2.1 Study Site: Turkey Lakes Watershed  

The Turkey Lakes Watershed (TLW) Study was established in 1980 to investigate 

ecosystem effects of acidic atmospheric depositionðJeffries et al. (1988) provided a 

comprehensive description 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 an uneven-
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aged tolerant hardwood and mixed conifer forest landscape. Geological parent materials in the 

watershed consist of Precambrian silicate greenstone (i.e., metamorphosed basalt) (Semkin and 

Jeffries 1983)ðglacial till overlies the bedrock. At higher elevations (i.e., Wishart Lake), the 

till thickness is less than 1 m, with frequent surface exposure of bedrock; there is substantially 

more till (1 to 2 m) at lower elevation (i.e., Big Turkey Lake, Little Turkey Lake) (Jeffries 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). Except for Wishart, each of these 

lakes thermally stratify during summer and winter annually (Figure A1). Wind-induced mixing 

in this shallow lake generally prevents thermal stratification. During periods of stratification, 

oxygen is depleted in at lower lake depths; zones of anoxia sometimes develop in Batchawana 

and Little Turkey Lakes. Macrophytes are abundant along the margins of the lakes 

(Smokorowski et al., 2021) and cyanobacteria were historically identified as dominant 

members of the phytoplankton communities (Jeffries et al., 1988).  

4.2.2 Sample Collection  

To explore seasonal and inter-annual variability of bacterial communities (especially 

cyanobacteria), water samples were collected between July 2018 and January 2020 at Secchi 

depth (during ice-free periods) and 0.25 m below ice (during periods of ice cover), at the 

deepest locations in Big Turkey, Little Turkey, and Wishart Lakes. Specifically, samples were 

collected once a month in July-August 2018, October 2018, February-March 2019, May-

August 2019 and January 2020. This is the water 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 photosynthesis (Bukata et al., 1988). Secchi depth was 
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measured in a standardized manner from the shaded side of a boat by two individuals. In 

addition to the long-term 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 Secchi depth at each lake site to describe the vertical 

distribution of cyanobacterial communities within the water column, including depths of 

especially low light intensity that have not been widely investigated. Details regarding the 

sampling program are provided 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, 

Netherlands) following the manufacturerôs protocol. Elution buffer was added to the spin 

columns for 15 minutes prior to elution of the DNA extract. DNA was quantified using a 

NanoDrop spectrophotometer when possible (Table A2). Although the detection limit is 

reported as 2ng/µl (Thermo Fisher Scientific, 2009) absolute values have been shown to be 

less accurate for DNA concentrations less than 10ng/µl (Khetan et al., 2019) resulting in 

potentially erroneous quantification for low concentration environmental samples used in this 

study. The DNA extracts were submitted for amplicon sequencing using the Illumina MiSeq 

platform (Illumina Inc., San Diego, United States) at a commercial laboratory (Metagenom 

Bio Inc.,Waterloo, ON). Primers designed to target the 16S rRNA gene V4 region [515FB 

(GTGYCAGCMGCCGCGGTAA) and 806RB (GGACTACNVGGGTWTCTAAT)] (Walters 

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

4.2.4 Sequence Processing & Library Size Normalization  

The program QIIME2 (v. 2019.10; Bolyen et al., 2019) was used for bioinformatic 

processing. Demultiplexed paired-end sequences were trimmed and denoised, including the 
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removal of chimeric sequences and singleton sequence variants, using DADA2 (Callahan et 

al., 2016) to construct the amplicon sequence variant (ASV) table.  Taxonomic classification 

was performed using a Naïve-Bayes taxonomic classifier trained using the SILVA138 database 

(Quast et al., 2013; Yilmaz et al., 2014). Taxonomic assignments for amplicon sequence 

variants (ASV) classified as Cyanobacteria at the phylum level were manually curated to 

reflect taxonomic assignments above the genus level according to AlgaeBase. In 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 genera. While Melainabacteria have previously been included 

as an order within the phylum Cyanobacteria within databases such as SILVA (Quast et al,, 

2013; Yilmaz et al., 2014), more recently, it has been proposed the phylum Cyanobacteria is 

restricted to only include ñorganisms in the domain bacteria able to carry out oxygenic 

photosynthesis with water as an electron donor and to reduce carbon dioxide as a source of 

carbon, or those secondarily evolved from such organismsò (Garcia-Pichel et al., 2019) 

resulting in the segregation of Cyanobacteria and Melainabacteria to separate taxonomic 

groups. However, for the purpose of this research, reflecting the classifications presented in 

the SILVA database (Quast et al., 2013; Yilmaz et al., 2014), sequences classified as 

Melainabacteria are presented herein with other photosynthetic cyanobacterial sequences for 

brevity and to highlight the impact of non-photosynthetic organisms in microbial processes. 

As more research is conducted on these organisms, this decision may not be reflective of 

current accepted taxonomic status and should be noted.  

Files from QIIME2 were imported into R (v. 4.0.1) for downstream analyses using qiime2R 

(v. 0.99.23; Bisanz, 2018). 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, 2012). For cyanobacterial community 

analysis, sequence variants classified as Cyanobacteria at the phylum level were filtered to 

create libraries consisting of only cyanobacteria classified sequences. Samples were repeatedly 

rarefied without replacement to normalized library sizes using mirlyn (Cameron and Tremblay, 

2020). Cyanobacterial communities were repeatedly rarefied to 824 reads for community 

analysis of the long-term seasonal samples and summer 2018 depth profile samples. Long-

term seasonal samples were repeatedly rarefied to a normalized library size of 824 reads for 

cyanobacterial community analysis. Samples with less than 500 cyanobacteria sequences were 

excluded from the seasonal diversity analyses.  

4.2.5 Taxonomic Composition & Community Diversity Analyses  

Stacked bar charts were created to visualize the bacterial community composition as 

relative abundances of major phyla across the sampling regimes using mirlyn. The composition 

of cyanobacterial communities was further assessed at the taxonomic order level, and relative 

abundances were visualized using a heatmap. Relative abundances were randomized across 

phyla within samples to identify significantly dominant groups within the bacterial community 

in relation to sampling conditions with a Bonferroni correction. While a p-value of 0.05 is 

frequently viewed as the threshold for significance, due to the heterogeneity and high 

variability present in environmental systems, a p-value of 0.2 has been selected as the threshold 

for significance in these communities. 

To confirm the taxonomic classification performed by the Naïve-Bayes classifier, a 

phylogenetic tree was constructed in MEGA X using cyanobacterial reference sequences and 

sequences from samples (Figure D.4). Sequences classified to the genera highlighted in 



 

92 

 

guidelines for sampling protocol deigns (Graham et al., 2008; Vidal et al., 2021) including 

Microcystis, Anabaena, Aphanizomenon, Pseudanabaena, and Synechococcus were evaluated 

further because of the importance of bloom- and toxin-forming taxa for water quality 

management, though notably, other taxa contributed to the compositional structure at the order 

level.  Sequences classified to two additional genera were also included herein. Radiocystis 

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

toxin (Vieira et al., 2003). Cyanobium is a potentially toxic picocyanobacteria that is 

increasingly implicated as a contributor to phytoplankton blooms (śliwiŒska-Wilczewska 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 taxa-specific trends. 

Community diversity analyses were performed using mirlyn on repeatedly rarefied 

libraries. The Shannon Index (Shannon, 1948) was analyzed to identify trends in alpha 

diversity as a function of sampling depth or sampling month. To explore similarity in 

community composition, rarefied libraries were transformed using a Hellinger transformation 

and then used to calculate Bray-Curtis distances (Bray and Curtis, 1957) used in principal 

component analysis (PCA).  

4.3 Results  

4.3.1 Spatiotemporal Variation of Cyanobacterial Communities   

Within the bacterial community, compositional shifts were observed seasonally with 

distinct fluctuations in the relative abundances of cyanobacterial sequences (0 ï 56.31%; 

Figure 4.1; Table 4.1). In Big Turkey Lake, these sequences were significantly represented in 

the bacterial community in all ice-free sampling months (p < 0.05; Table D3) except for 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 Lake, cyanobacteria were significantly represented 

in the bacterial communities (p < 0.009), apart from August 2018 for both lakes (p = 1). 

However, unlike the bacterial communities 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 trends.  Cyanobacterial sequences 

were not significantly represented during the ice-covered months of February 2019, March 

2019, and January 2020 in Big Turkey (p > 0.96; Table D3), Little Turkey (p = 1), and Wishart 

Lake (p = 1) coinciding with the detection of minimal abundances or complete absence. 

Although cyanobacteria comprised less than 1% of the total bacterial community during ice-

cover months, the detected sequences were largely composed of ASVs classified to the poorly 

studied, non-photosynthetic basal lineages of cyanobacteria, Melainabacteria and 

Sericytochromatia (Figure D1; Table 4.1).   
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Figure 4.1 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 multi-

seasonal timeframe in a non-stratified lake (Wishart), a mid-sized stratified lake (Little Turkey) 

and deep stratified lake (Big Turkey). 
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Table 4.1 Relative abundances as percentages of 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  Sampling Month 

Synechococcales 69.04 87.44 93.47 19-Aug 

N/A 0 25.58 20-Jan 
Non-Photosynthetic Orders 
Caenarcaniphilales 

 
0 0 0 18-Jul 

0.13 0 0 18-Aug 

0.07 0 0 18-Oct 

0 N/A 0 19-Feb 

0 N/A N/A 19-Mar 

0 0 0 19-May 

0 0 0 19-Jun 
0 0 0 19-Jul 

0 0 0 19-Aug 

N/A 57.14 11.63 20-Jan 
Obscuribacterales 

 
0.04 0 0 18-Jul 

0.06 0 0 18-Aug 

0 0 0 18-Oct 

0 N/A 100 19-Feb 

0 N/A N/A 19-Mar 
0 0 2.78 19-May 

0 0 0 19-Jun 

0 0 0 19-Jul 

0.18 0 0 19-Aug 

N/A 0 39.53 20-Jan 
Sericytochromatia 
 

0 0 0 18-Jul 

0 0 0 18-Aug 
0 0 0 18-Oct 

0 N/A 0 19-Feb 

0 N/A N/A 19-Mar 

0 0 0 19-May 

0 0 0 19-Jun 

0 0 0 19-Jul 

0 0 0 19-Aug 

N/A 0 18.6 20-Jan 
Vampirovibrionales 

 
0.1 0.08 0 18-Jul 

0 0 0 18-Aug 

0 0 0 18-Oct 

0 N/A 0 19-Feb 

0 N/A N/A 19-Mar 

0 0 0 19-May 

0 0 0 19-Jun 
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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 distribution of 

populations. Varying spatial trends were observed in cyanobacterial abundances (3.84 ï 

27.27%) in the bacterial communities between lakes sites (Figure 4.2; Table 4.2). 

Cyanobacterial sequences were significantly represented in the bacterial community across all 

sampling depths in Big Turkey and Wishart Lake in July 2018 (p < 0.00002; Table D4) 

indicating the presence of high abundances distributed throughout the water column. Although 

sequences were significantly represented across all sampling depths in Big 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 a more homogeneous distribution 

throughout the water column (3.84 ï 4.77%). In Little Turkey Lake, cyanobacterial sequences 

were only significantly represented in the bacterial community at Secchi depth in July 2018 (p 

= 5.44e-05) and not significantly represented at the surface (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 Lake (p = 1) depths and at the 

surface, and Secchi depth in Little Turkey Lake (p = 1) in August 2018, corresponding to the 

seasonal decrease in cyanobacterial populations within the bacterial community. Alternatively, 
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they were not significantly represented in the bacterial communities of Big Turkey Lake across 

sampling depths in August 2018 (p < 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 cyanobacterial communities are discussed in further detail in 

Section 4.3.2.  

Sequence libraries were repeatedly rarefied to a normalized library size of 824 

sequences to evaluate the spatiotemporal variation observed in cyanobacterial community 

diversity. It is of note that the ability to examine seasonal trends in diversity were limited due 

to the low sequence counts present in samples outside of traditional field seasons (e.g., October 

ï May). However, of the data that could be analyzed, seasonal trends in community diversity 

were revealed between ice-free 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 addition to trends 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 diversity comparatively 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 watershed. 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 annually. In 

contrast, the communities of Big Turkey Lake showed 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 years further demonstrating the occurrence of interannual variation 

in community composition. Although Big Turkey, Little Turkey and Wishart Lake are 

interconnected, unique cyanobacterial community composition was observed between lakes. 

This supports the need for system-specific 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 cyanobacterial community diversity was highest 

at the surface of 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 July, the Shannon Index values were similar across all three sampling depths 

in Wishart Lake supporting that well-mixed water columns results in homogenous distributions 

creating similar diversity values at all sampling depths. In Big Turkey Lake, similar diversity 

values were detected at both 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 

increases in diversity from July to August.   

 Cyanobacterial communities showed distinct compositional similarities within lakes. 

Wishart and Little Turkey Lake communities showed high similarity between sampling months 
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(Figure 4.4B). Within Little Turkey Lake, communities 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 variation, 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 sampling 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, non-stratified lake, seasonally and 

spatially unique communities did not occur.  
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Figure 4.2 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 depth profile during the summer of 2018 in a non-stratified 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 orders that comprise >1% of the cyanobacterial community across a depth profile. 

Taxonomic Level July 2018 August 2018 Sampling 

Depth Big Turkey  Little 

Turkey  

Wishart  Big Turkey  Little 

Turkey  

Wishart  

Cyanobacteria 27.33 14.35 17.57 11.52 6.82 4.53 Surface 

27.10 23.57 18.62 11.82 8.54 3.84 Secchi 

45.53 13.86 16.03 12.79 12.61 4.77 Secchi + 

 1 m 

Chroococcales 6.96 9.13 12.04 9.28 30.76 3.30 Surface 

3.20 10.34 5.18 14.00 11.22 0 Secchi 

0.75 6.26 5.69 6.98 12.22 2.43 Secchi +  

1 m 

Nostocales 1.38 0.68 0 0 0 0 Surface 

0 0.43 0.12 0.75 0 0 Secchi 

0 2.31 0 0 0 0 Secchi +  

1 m 

Synechococcales 90.16 86.65 86.48 88.97 65.18 89.39 Surface 

96.41 87.26 92.53 84.37 87.96 93.20 Secchi 

99.15 90.65 92.92 92.39 86.92 91.30 Secchi + 1 m 
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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), 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 calculated on rarefied libraries to evaluate the effects of (A) lake site and sampling 

month on community diversity. (B) The Bray-Curtis dissimilarity metric was used to explore 

similarities in communities between lake site (Little Turkey = LT, Wishart = W) and sampling month 

demonstrating unique 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 (Big Turkey), 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 calculated on rarefied libraries to evaluate the effects of (A) lake site, summer 

sampling month and sampling depth on community diversity. (B) The Bray-Curtis dissimilarity metric 

was used to explore similarities in communities between lake site (Little Turkey = LT, Wishart = W), 

sampling month and sampling depth (Su = Surface, Se = Secchi, D = Secchi + 1 m) demonstrating 

unique 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 to the cyanobacterial 

orders Chroococcales, Nostocales, and Synechococcales (Table 4.3). For analogous 

comparatives to information provided in guidelines for monitoring, cyanobacterial orders were 

grouped by morphology as follows: (i) Unicellular Taxa ï Synechococcales (Cyanobium, 

Synechococcus), (ii) Colonial ï Nostocales (Microcystis, Radiocystis), and (iii) Filamentous ï 

Nostocales (Anabaena, Aphanizomenon) and Pseudanabaena (Order ï Synechococcales).  

Notably, the genus Pseudanabaena initially 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 Synechococcales (Vidal et al., 

2021; Komárek et al., 2014). For the purpose of this study, Pseudanabaena classified sequence 

variants were included with other filamentous taxa from the order Nostocales. To further 

explore seasonal trends in cyanobacterial populations, the taxonomic composition of 

cyanobacteria communities was assessed. 
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4.3.2.1 Unicellular Taxa 

Sequences classified to the order Synechococcales (84.42 ï 99.15%) consistently 

dominated cyanobacterial communities across sampling depths (Figure 4.5A; Table 4.2). 

Specifically, the majority of these sequences were classified to the family Synechococcaceae 

which includes unicellular picocyanobacterial genera such as Synechococcus and Cyanobium. 

While sequence variants classified to the family Synechococceae were revealed to dominate 

the cyanobacterial community, 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 varied across ASVs with some being found exclusively at one 

depth, but others found distributed throughout the water column (Figure 4.5B). The ASV 

abundances across depths in Wishart Lake were more homogeneous than observed in Little 

Turkey and Big Turkey Lake further 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 abundances across sampling depths. However, in Little Turkey Lake, ASV848 

was detected across sampling depths but was found at varying abundance with highest values 

detected below Secchi depth, demonstrating the impact of thermal stratification on distribution 

of cyanobacterial taxa. Further specialized spatial distribution of ASVs was observed in the 

stratified water column of Big Turkey Lake. For example, in July 2018, ASV844 was found at 

low abundances at the surface in Big Turkey Lake but was found at higher abundances at 

Secchi depth and below Secchi. However, in August 2018, the spatial distribution of ASV844 

was opposite to that observed in July 2018 with higher abundances detected at the surface 

indicating that spatial distribution is further impacted by seasonality in addition to thermal 

stratification.  



 

108 

 

Cyanobacterial communities across the seasonal sampling period were also dominated 

by sequences classified as Synechococcales (69.04 ï 99.78%; Figure 4.6A Table 4.1) and 

specifically the family, Synechococcaceae (25.58 ï 100%). The reappearance of cyanobacteria 

in the bacterial community 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 during October and May in Big Turkey Lake indicating the presence of unique 

populations occupying environmental conditions with lower water temperatures. This 

phenomenon was further seen with ASV 866 which was detected at higher abundances in all 

three lakes in October, and in Wishart and 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 ASV846, were present across seasonal periods but experienced fluctuations 

with highest abundances detected during the summer months. This is further exhibited with 

ASV848 in Wishart Lake, which was present in high abundances across all ice-free sampling 

months demonstrating the diversity present within picocyanobacterial taxa and their ecological 

niches. 

4.3.2.2 Colonial & Filamentous Taxa 

Sequences classified to the order Nostocales were detected at very low abundances 

seasonally (<1 ï 1.79%; Table 1; Figure 4.6D) and across the depth profile (<1 ï 2.31%; Table 

4.2; Figure 4.5D). Across the depth profile, ASVs classified to gas vacuolate Nostocales taxa 

including ASV 822, 820 and 815 were consistently found at the surface due to positive 

buoyancy and the sampling conducted during the morning period at this site in support of the 

diurnal trends discussed in Chapter 3. The 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 (2.43 ï 30.76%) and specifically the 

family Microcystaceae (2.11 ï 16.04%) were detected at lower abundances within the 

cyanobacterial community across sampling depths (Figure 4.5C; Table 4.2). Higher 

abundances of ASVs classified to the family of Microcystaceae were detected at the surface in 

Little Turkey Lake in August of 2018 which may be attributed to positive buoyancy due to the 

potential presence 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 non-stratified systems, the distribution of ASV919 (classified 

as Radiocystis) was 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 depth or at the surface depending 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.  

Seasonally, sequences classified to the order Chroococcales (1.00 ï 29.14%) and 

specifically the family Microcystaceae (1.11 ï 21.60%) were found in higher percentages in 

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 occur into the late fall. The 

relative abundance of Microcystaceae in the cyanobacterial community varied between 
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sampling years. Wishart Lake did not have a consistently detected population of Chroococcales 

across the seasonal sampling period. Specifically, ASV919 (classified as Radiocystis) 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 were not 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 

abundances observed seasonally, interannual variation was observed in the abundances of 

Microcystaceae. In Big Turkey Lake, relative abundance varied in July (10.69%) and August 

(21.60%) of 2019 versus July (1.11%) and August (10.96%) of 2018 demonstrating the 

potential for interannual variation in cyanobacterial community structure, which may be 

influenced by nutrient availability, water turbidity and lake morphometry. 
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Table 4.3 Taxonomic classification of potentially toxic bloom-forming 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 Taxonomic Classification 

ASV862 Synechococcaceae 

ASV864 Synechococcaceae 

ASV865 Synechococcaceae 

ASV866 Synechococcaceae 

ASV867 Synechococcaceae 

ASV868 Synechococcaceae 

ASV869 Synechococcaceae 

 

ASV806 Pseudanabaena 

ASV809 Pseudanabaena 

ASV808 Pseudanabaena 

ASV810 Pseudanabaena 

ASV815 Nostocales 

ASV819 Nostocales 

ASV820 Nostocales 

ASV821 Nostocales 

ASV822 Nostocales 

ASV823 Nostocales 

ASV824 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 variants of interest 

across a depth profile in the summer of 2018 in a non-stratified 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 spatial distribution 

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

to common toxic and bloom forming genera. To further explore the spatial distribution 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, Cyanobium), 
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Nostocales (Anabaena, Aphanizomenon), Pseudanabaena and Microcystaceae (Microcystis, 

Radiocystis). Relative abundances of individual ASVs in cyanobacterial community composition for 

(B) unicellular taxa (Synechococcaceae), (C) colonial taxa (Microcystaceae) and (D) filamentous taxa 

(Nostocales & Pseudanabaena). 

 

 

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 ice-free period in a non-stratified 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 seasonal distribution 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, Cyanobium), Nostocales (Anabaena, Aphanizomenon), 

Pseudanabaena and Microcystaceae (Microcystis, Radiocystis). Relative abundances of individual 

ASVs in cyanobacterial community composition for (B) unicellular taxa (Synechococcaceae), (C) 

colonial taxa (Microcystaceae) and (D) filamentous taxa (Nostocales & Pseudanabaena). 

 

4.4 Discussion, Conclusions & Implications  

Consistent with global trends (Carey et al., 2008; Wells et al., 2020) the 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). The multi-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 (especially ice cover) as ecologically unimportant relative to the summer 

ñgrowing seasonò (Powers and Hampton, 2016), evaluation of broader seasonal variation in 

lake microbial, and especiallyðbut not exclusivelyðcyanobacterial 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 important observations:  

(1) cyanobacteria persisted year-round in the oligotrophic, northern temperate lakes of the 

TLW,  

(2) cyanobacterial communities during ice-covered months included sequences classified to 

the recently identified non-photosynthetic, potentially 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 during ice-free periods, 

(5)  picocyanobacterial populations shifted seasonallyðwhile certain sequences were 

dominant during ice-free months, other sequences were restricted to either (i) the shoulder 

seasons of the vernal window (i.e., spring and fall) or (ii) only during periods 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 picocyanobacteria within the lakes of 

the temperate forest biome of Canada have not been previously reported. In the lakes of the 

TLW, picocyanobacterial taxa dominated the cyanobacterial communities seasonally (Figure 

4.6) and spatially (Figure 4.5). Although picocyanobacteria are abundant in diverse freshwater 

and marine environments (Cai et al., 2010; Chen et al., 2006; Collos et al., 2009; Felföldi et 

al., 2016; Gin et al., 2021) sufficient understanding of the occurrence and characterization of 

their blooms, toxicity, and allelopathic activity is lacking (śliwiŒska-Wilczewska et al., 2018), 

especially in freshwater environments. Freshwater assemblages of picocyanobacteria are 

complex and dynamic because they have developed many evolutionary mechanistic 

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 producers and predators, which enable their exploitation of environmental 

variability (Callieri, 2008; śliwiŒska-Wilczewska et al., 2018). Abiotic and biotic factors such 

as lake morphometry, thermal regime, and trophic state influence picocyanobacterial 
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dynamicsðit 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 conditions (Callieri and Stockner, 2002).  

Previous reports including a survey of 43 lakes and ponds indicated that picocyanobacteria 

prefer large, deep lakes with high hydrologic retention times and incomplete mixing due to 

vertical density differences (Callieri, 2008; Camacho et al., 2003). This was also exhibited in 

the lakes of the TLW with higher relative abundances of cyanobacteria detected in the stratified 

lakes, Big Turkey and Little Turkey Lake comparative to the shallow, well-mixed lake, 

Wishart Lake (Figure 4.1; Table 4.1). Although previous research has suggested that 

picocyanobacteria reach peak abundances prior to the onset of thermal stratification (Callieri 

and Stockner, 2000; Fahnenstiel et al., 1991; Li et al., 2020), it was observed that 

Synechococcaceae temporally dominated the communities independent of stratification in the 

lakes of the TLW suggesting other environmental factors are influencing cyanobacterial 

community structure.  

Thermal stratification may impact the spatial distribution of cyanobacterial populations 

(Pick and Agbeti, 1991). Stratified lakes were expected to show more consistent ASV 

composition across depths located within the same thermal layer. However, sampling 

conducted at multiple depths within the metalimnion of Big Turkey and Little Turkey Lake 

identified the heterogeneity in abundance of picocyanobacterial ASVs corresponding to the 

highly variable vertical distribution which has been reported previously in other stratified lakes 

(Hall and Vincent, 1994; Stockner et al., 2006). Within larger lakes, including Lake Huron and 

Michigan, peak abundances of picocyanobacteria have been detected in the lower metalimnion 
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and upper hypolimnion (Stockner et al, 2006) with  higher abundances occurring under low 

light intensity (Jakubowska and SzelŃg-Wasielewska, 2015; Pick and Agbeti, 1991). The 

highest proportion of cyanobacterial sequences within the bacterial community was detected 

in Big Turkey Lake 1 meter below Secchi depth (Figure 4.2; Table 4.2) which supports the 

previously reported occurrence in the lower metalimnion with low light intensity (Stockner et 

al., 2006).  

In these environments, a spring or early summer peak and second autumnal peak have 

been observed (Callieri, 2008; Stockner et al., 2002). In 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, 1993) and shifts to completely different 

populations (Cai et al., 2010) have been reported. Similar bimodal patterns and shifts between 

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 communities (Figure 4.5; Figure 4.6) due to specific populations or subclades 

being more adapted to lower temperatures (Cai et al., 2010) resulting in the non-ubiquitous 

occurrence of ASVs. Seasonal trends were also observed in the relative abundances of the 

cyanobacterial order, Chroococcales, which includes potentially toxic bloom-forming genera 

including Microcystis. While picocyanobacterial sequences were consistently high during the 

ice-free sampling months, Chroococcales-classified sequences were found in higher 

abundances in the late summer in Big Turkey and 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 processes shaping the seasonal shifts in cyanobacterial community composition.  

The significant representation of picocyanobacteria in the bacterial community of Big 

Turkey Lake shortly after the spring snowmelt in May 2019 is especially notable. The warming 

climate has led to increased temperatures in the TLW (Creed et al., 2014) which is frequently 

associated with increased cyanobacterial occurrence due to elevated growth rates at warmer 

temperatures and prolonged thermal stratification. However, due to the complexity of aquatic 

ecosystems, this single factor cannot be attributed to the significant spring proliferation of 

cyanobacteria observed in Big Turkey Lake.  The relatively greater availability of glacial till 

surrounding the lower elevation 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 (Genkai-Kato and 

Carpenter, 2005; 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 lakes. In lakes such as 

Big Turkey Lake (Figure A1; Table 1.1), in which the thermocline is shallower than 

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 to increase as depth ratio 

decreases (Carpenter, 1983), suggesting higher nutrient recycling present in Big Turkey Lake 

comparatively to the other lakes in the watershed. As well, more sediment can be eroded during 

runoff from the Big Turkey Lake watershed during precipitation events or snowmelt periods 

because there is more available sediment on the surrounding landscape, relative to Wishart 

Lake (Jeffries et al., 1988). The delivery of available sediment to oligotrophic lakes such as 
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Big Turkey Lake may also result in the release of phosphorus to the water column (Withers 

and Jarvie, 2008; Froelich, 1989), and contribute to the spring proliferation of 

picocyanobacteria (Passoni and Callieri, 2000) due to their efficient nutrient utilization 

(śliwiŒska-Wilczewska et al., 2018). Additionally, the abundance of macrophytes in the lakes 

of the TLW (Jeffries et al., 1988) may further modulate or even limit phosphorus recycling 

from sediments (Genkai-Kato and Carpenter, 2005; Scheffer, 1998) and availability to broader 

microbial communities. Changes in the biotic or abiotic factors that would alter this complex 

balance at the watershed-scale cannot be described at present and warrant further investigation. 

Melainabacteria and Sericytochromatia have previously been found in aphotic 

environments (Monchamp et al., 2019; Soo et al., 2014). Although the biogeography and 

ecology of those organisms remains understudied, genomes have previously been isolated from 

varying aquatic sources including lakes (Monchamp et al., 2019) and engineered aquatic 

systems including water treatment facilities and water distribution systems (Ling et al., 2018; 

Zamyadi et al., 2019). The presence 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 environments these lineages were previously detected in. 

The detection of this non-phototrophic basal lineage of Cyanobacteria during periods of ice 

cover suggests the potential role of these organisms in winter microbial community processes 

warranting further investigation into these lineages. While the ecological function and role of 

these organisms is not well understood (Montchamp et al., 2019),  synthesis of the neurotoxin, 

ɓ-N-methylamino-L-alanine (BMAA), which is associated with neurodegenerative diseases 

such as Parkinsonôs and Alzheimerôs (Cervantes Cianca et al., 2012) has been hypothesized in 

this group of organisms (Nunes-Costa et al., 2020). The potential for toxin production in this 
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understudied group of organisms that have been demonstrated to be present in natural aquatic 

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

Zamyadi et al., 2019) necessitates further studies on the distribution and function of these 

organisms to identify novel threats to human health in drinking water sources.  

The presence and dominance of picocyanobacteria in the TLW is notable due to the 

potential production of several metabolites with significant human and environmental health 

concern or aesthetic significance. They may produce microcystin and nodularin, which are 

both hepatotoxins (Chorus et al., 2000; Jakubowska and SzelŃg-Wasielewska, 2015; Vareli et 

al., 2013). Several species of picocyanobacteria may also potentially synthesize BMAA 

(Cervantes Cianca et al., 2012; Cox et al., 2003). Recent studies on tropical taxa have also 

noted the potential for cylindrospermopsin and anatoxin production with toxicity is often 

underestimated due to limitations in sensitivity of assays (Gin et al., 2021). In addition to 

toxins, these organisms may also produce geosmin and MIB (Graham et al., 2008; Jakubowska 

and SzelŃg-Wasielewska, 2015; Watson, 2003), which are taste and odor forming compounds 

that commonly result in customer complaints when present in drinking water (McGuire, 1995; 

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

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 environments (Stockner et al., 2002; Waterbury et al., 1986), the biotic 

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

understood (Sliwijnska-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 these ecosystems. 
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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), it is 

critical to explore the possibility of picocyanobacteria-associated toxin 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 cyanobacteria (Chorus et al., 2000; Newcombe, 2009). 

Accordingly, broader and more comprehensive monitoring is required (Chapter 3; Pobel et al., 

2011; Welker et al., 2021) to advance understanding of picocyanobacterial dynamics 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 and non-photosynthetic Melainabacteria 

(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. Climate warming is resulting in earlier 

spring snowmelt discharges and extending 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). It is generally understood that algal blooms 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 to later in the autumn season (from September to November) in 

oligotrophic, northern temperate lakes (Winter et al., 2011) may be attributed to changes in 

nutrient loading resulting from autumn storms shifting to the post-canopy leaf fall period in 
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these biomes (Creed et al., 2015). In contrast, this complementary works suggests that the 

convergence of key biotic factorsðclimate forcing of hydrological and biogeochemical 

processes, and intrinsic landscape features such as lake morphometryðmay create conditions 

that lead to early seasonal increases in the relative abundance of potentially toxic cyanobacteria 

(i.e., picocyanobacteria) within the temperate forest biome of Canada. While the occurrence of 

blooms of potentially toxic cyanobacteria later in the fall may be one concerning implication 

of the extension of the autumnal window in northern 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, Implications & Recommendations 

5.1 Research  Summary  

 Cyanobacteria and their associated impacts on water quality and treatability are 

frequently associated with eutrophic systems dominated by visible blooms occurring at the 

water surface (Paerl et 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 focus on phosphorus (Schindler, 

1977), is frequently purveyed as the main source of concern for the dominance of these 

organisms (Heisler et al., 2008; Paterson et al., 2017), lakes that have experienced phosphorus 

limitation still experience bloom events (Paerl et al., 2016; Paterson et al., 2017) with 

community composition experiencing changes in response to nutrient 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 low-nutrient systems. Specifically, the research conducted in this thesis 

demonstrated the potential applications of amplicon sequencing for characterizing 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 statistical 

analyses including diversity 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 rarefaction (McMurdie and Holmes, 2013), 

the process of subsampling to a normalized library size, due to data being omitted. Notably, 

the research conducted in Chapter 2 demonstrated an appropriate way of rarefying libraries for 

applications in diversity analyses. While rarefying 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 subsampling 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 remainder of the research 

conducted in this thesis to explore trends in cyanobacterial community diversity in the lakes 

of Turkey Lakes Watershed (TLW).  

 Within the TLW, cyanobacteria were previously shown to dominate the phytoplankton 

communities in 1980 (Jeffries et al., 1988). The use of amplicon sequencing allowed for 

identification of the genetic diversity present within the lakes. Although cyanobacteria have 

been frequently reported at the surface and in 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 sampling regimes 

to examine (i) short-term diurnal variation, (ii) long-term seasonal variation and (iii) spatial 

variation within the column. Although distinct spatiotemporal sampling regimes were 

developed, across all the studies in this thesis, picocyanobacterial classified sequences 

dominated the cyanobacterial communities. The competitive advantage of picocyanobacteria 

in oligotrophic systems previously shown supports this dominance (Sliwinska-Wilczewska et 
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al., 2018) and reveals the potential for high abundances 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 and characterized using amplicon sequencing in Chapter 3. Within 

Little Turkey Lake, a thermally stratified lake, and Wishart Lake, a non-stratified lake, distinct 

diurnal fluctuations in cyanobacterial abundances were observed. The well-mixed water 

column of Wishart Lake demonstrated the homogeneous distributions of cyanobacteria 

through non-significant fluctuations of abundances as a function of time. In contrast, Little 

Turkey Lake demonstrated increasing cyanobacterial abundances as the day progressed 

indicating the potential for diurnal variability and migrations present in stratified lakes. Further 

impacts of water column stability were observed after an external mixing event caused by 

heavy precipitation prior to sampling resulted in mixing in the stratified water column and 

redistribution of water surface communities to deeper depths in the water column. While water 

column stability and stratification were observed to impact the trends in diurnal variability, 

these system-specific 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, 1981), different diurnal variability was observed 

between sequences classified as gas vacuolate taxa, showing the inherent complexity present 

in these systems driven by 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 to the diurnal study in Chapter 3, Wishart Lake continued 
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to show homogeneous distributions of cyanobacterial abundances across the shallow, well-

mixed water column. In contrast, Big Turkey Lake exhibited higher cyanobacterial relative 

abundances at deeper depths, likely driven by the dominance of picocyanobacterial taxa that 

have previously been detected in higher abundances in the lower metalimnion and upper 

hypolimnion (Pick and Agbeti, 1991; Stockner et al., 2006). Large-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 hydrologically 

interconnected. Wishart Lake consistently showed lower cyanobacterial relative abundances 

than Big Turkey and Little Turkey Lake, contrasting previous research suggesting higher algal 

biomass and productivity in shallow lakes (Staehr et al., 2012). The results from the lakes of 

the TLW contrasts previous lake morphometric studies (Staehr et al., 2012) highlighting the 

complexity of interactions that shape cyanobacterial growth and communities in aquatic 

ecosystems. Greater availability of glacial till, abundances of macrophytes and lake 

morphometry may contribute to cyanobacterial community structure. However, in northern 

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 detected at >1% relative abundance as early as May in Big Turkey Lake 

indicating the early re-emergence of cyanobacteria within the bacterial community potentially 

due to climate warming in northern temperate regions. The peak relative abundance was 

reached by June suggesting that 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 detected at extremely low relative abundances (<1%) 
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and inconsistently during the ice-cover months, paralleling the low cellular concentrations 

observed in 1980 ice-cover months (Webster et al., 2021). However, the presence during the 

ice-cover periods demonstrated the consistent occurrence of these organisms throughout the 

year albeit at significantly lower levels. Additionally, under periods of ice-cover, 

cyanobacterial communities were regularly comprised of sequences classified as 

Melainabacteria. The 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 picocyanobacterial 

classified sequences corresponding to previous studies showing Cyanobium blooms occurring 

in the spring (Callieri and Stockner, 2000; Li et al., 2020).  Additionally, some of these 

sequences showed seasonal occurrence supporting that some clades and taxa may be more well 

adapted to lower temperatures than others, as also previously observed within larger systems 

such as the Chesapeake Bay (Cai et al., 2010). Although Synechococcaceae-classified 

sequences belonging to picocyanobacterial taxa consistently dominated the cyanobacterial 

communities, Microcystaceae-classified sequences were also detected. Specifically, the 

Microcystaceae sequences 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 sequencing becomes 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 example, if only a single 
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iteration of rarefying is conducted, there is no way to tell whether that single normalized library 

is representative of data or has been impacted by high levels of variability. Although 

subsampling with or without replacement did not significantly 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 the ability 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 and consequently 

the data interpretation to prevent mishandling and misinterpretation. In this study, the use of 

amplicon sequencing allowed for the characterization of the genetic diversity present within 

the picocyanobacterial community which would have been immensely difficult if relying on 

morphological differentiation.  

 Amplicon sequencing allowed for characterization of the genetic diversity present 

within picocyanobacterial taxa. Previous phytoplankton community surveys conducted in 1980 

in the lakes of Turkey Lakes Watershed did not show high abundances of picocyanobacterial 

taxa. However, the sample collection and organism identification may have significantly 

impacted the differentiation in cyanobacterial community structure. It 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 diversity (Ehrlich, 2010). 

Additionally, microscopic identification of picocyanobacterial taxa is frequently 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 due to the potential toxicity 
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demonstrated in some taxa (Sliwinska-Wilczewska et al., 2018). The identification of high 

abundances of picocyanobacterial sequences with amplicon sequencing from water samples 

collected with a peristaltic pump demonstrated the importance of sample collection and 

identification techniques to ensure accuracy.  

The dominance of potentially toxic picocyanobacterial taxa within oligotrophic lakes 

challenges the traditional approaches in monitoring. For example, the reliance on visual 

observation of cyanobacterial biomass for increasing sampling efforts does not reflect the 

highly abundant non-visible, potentially toxic picocyanobacterial populations present at 

greater depths in the water column. While some cyanobacterial taxa form dense blooms at the 

surface, the diversity present in size and cellular morphology within this group of organisms 

cannot be characterized through direct visual observation of water surface independently. 

Reliance on visual observation or restricting sampling to the surface will 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 others (Pick and Agbeti, 1991; Stockner et al., 2006). In this 

research, potentially toxic-bloom-forming-taxa-classified sequences (e.g., Microcystaceae) 

were frequently found in higher abundances at the surface supporting common generalizations 

of cyanobacteria being found at the water surface. Nonetheless, it is critical to expand the views 

on cyanobacteria to encompass the spatiotemporal diversity present within this group of 

organisms (Freeman et al., 2020). Exclusive focus on common bloom-forming taxa, such as 

Microcystis, as the basis for the characteristics of all Cyanobacteria will continue to ignore the 

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 of cyanobacteria 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 guidelines. For example, the absence of specified sampling windows or very wide 

windows (e.g., 10AM ï 3PM) in guidelines can result in biased or non-representative 

community characterization. Large time frames do not avoid the diurnal migrations with the 

potential for abundances detected at 10AM to vary significantly from the abundances detected 

at 3PM as demonstrated in the research conducted in Chapter 3. Similarly limiting sample 

collection to one depth of the water column (e.g., 50 cm below the surface), will not reflect 

both spatial and diurnal variability in the distribution of cyanobacterial populations further 

contributing to biased or non-representative community characterization. As presented in 

Chapter 4, lakes with stratified water columns have different cyanobacteria community 

composition at varying depths of the water column. In conjunction, these results show the 

inherent complexities present in cyanobacterial communities which must be accounted for with 

monitoring efforts.  

 While water column stability has previously been demonstrated to impact 

cyanobacterial distribution, external mixing events caused by inclement weather are frequently 

overlooked. A mixing event caused by heavy rainfall prior to sample collection in the diurnal 

study in Chapter 3 demonstrated the impact of weather induced mixing, which resulted in 

redistribution of water surface communities to deeper depths of the water column. If sampling 

is conducted as per usual following inclement weather events, there is the potential for 

underestimation of cyanobacterial abundances due to disturbed distribution within the water 
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column. With increasing extreme precipitation arising as a result of climate change this will 

continue to impact lake ecosystems (Woolway et al., 2020) through potential increased nutrient 

loading from surface run off creating optimal environmental conditions for cyanobacterial 

growth. However, increased precipitation will also create challenges in accurate detection and 

quantification of cyanobacterial abundances due to weather induced mixing.   

 Manifestations of climate change including warming temperatures and altered 

precipitation patterns are observed in both terrestrial (Kharin et al., 2007) and aquatic 

ecosystems (Woolway et al., 2020). Warming water temperatures may result in earlier onset 

and prolonged periods of thermal stratification (Woolway et al., 2020). Due to this warming 

and alteration of the vernal period (Creed et al., 2015; Contosta et al., 2017), cyanobacteria 

may occur at higher abundances within the water column earlier in the season and may reach 

peak abundances earlier. Previous studies 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. For the TLW, with drier growing seasons (Creed et al., 2015) and 

the onset of thermal stratification as early as the end of May, cyanobacteria were 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 associated with the massive 

influx of nutrients during the spring melt period (Creed et al., 2015; Lindsay et al., 2004) 

demonstrating the complex interaction of hydrologic regimes, landscape processes, lake 

morphometry and climate on cyanobacterial community dynamics. This early 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  

I) Limitations of amplicon sequencing must be known in interdisciplinary studies but can be 

augmented with additional techniques. 

 Amplicon sequencing is an invaluable technique that can be applied in an 

interdisciplinary sector of water-related research areas with direct applications to water quality 

and management. However, to preserve the integrity of this technique, researchers must be 

equipped with appropriate background knowledge and versed in the benefits and limitations of 

the analysis to make appropriate selections for analysis. While no gold star standard currently 

exists, it is critical that amplicon sequencing studies fully evaluate 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 potential 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 cyanobacterial communities and the potential for toxicity could be obtained 

through sequencing of toxin genes (e.g., mcyE), this technique cannot provide absolute 

quantification (Gloor et al., 2017). For absolute quantification of populations, amplicon 

sequencing projects can be augmented with the inclusion of other quantitative molecular 

techniques including flow cytometry (Patel et al., 2019) or qPCR (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 must be re-evaluated to ensure 

that they encompass the size variability observed in cyanobacterial communities. Some 
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guidelines (e.g., Ministry for the Environment and Ministry of Health, 2009) have shifted their 

protocols to measure biovolume instead of cellular concentration to account for the size 

variability within this group of organisms, demonstrating the ability 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 absence of water quality concerns and guidelines must be 

updated to be inclusive of these often-overlooked picocyanobacteria due to the potential threats 

that they pose to water quality.  

III) Monitoring must not be restricted to the water surface and requires knowledge 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 

sampled water 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 established characterization 

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 restricted to the surface due to the high 

relative abundances 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 vital to successful execution. Lakes are highly dynamic 

and varying trends in cyanobacterial abundances and community composition were observed 

in interconnected lakes located within the same watershed, further demonstrating the need for 
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system specific monitoring. To 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 bloom-forming taxa such as 

Microcystis (Freeman et al., 2020). Continuing with this homogeneous view 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) Sampling must not be restricted to traditional mid-summer to early fall periods. 

 Further stemming from the homogeneous view on cyanobacteria, in temperate zones, 

cyanobacterial growth is generalized to occur from the mid-summer to early fall periods 

(Chorus et al., 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 ice (Wejnerowski et al., 2018) . It is critical for more studies and sampling 

to occur that are inclusive of ice-covered periods to identify the novel trends present in these 

systems. The prevalence of these organisms throughout the year warrants consistent 

monitoring. Although this may not be logistically possible due to constraints to time and 

resources, or challenges associated with winter sampling, the lack of winter limnological 

studies cannot continue. Absence of information on how cyanobacteria are distributed within 

systems due to ice cover severely impacts the ability to collect samples 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, cyanobacteria may occur earlier in the season, as 

seen in Big Turkey Lake in Chapter 4, requiring monitoring to be implemented in earlier 

seasonal periods or risk failure of early detection of potentially toxic organisms. 
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Appendices 

Appendix A  

Turkey Lakes Watershed: Sampling Summary, Water Temperature 

Profiles & Water Chemistry  

All samples were collected at the deepest point in each lake found at the following coordinates: 

Big Turkey Lake (47Á02ô54.7òN 84Á25ô19.3òW), Little Turkey Lake (47Á02ô37.2òN 

84Á24ô24.4òW) and Wishart Lake (47Á03ô00.0òN 84Á23ô58.3òW).  

 

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, Buckinghamshire, United Kingdom), and filtered 

again through a 0.22 Õm SterivexÊ filter. Whatman GF/C and SterivexÊ filters were stored at -20°C 

prior to DNA extraction.  

Sample 

ID 

Lake Sampling 

Depth  

(m) 

Sampling 

Time 

Sampling 

Date 

Volume 

Filtered 

(mL)  

DNA 

Concentration 

(ng/µL) 

[GF + Sterivex] 

TLW94 Wishart 4 9 :30 A.M. August 22, 

2018 

600 3.3 + 1 

TLW103 Wishart 4 5 :00 P.M. August 22, 

2018 

400 3.6 + 1 

TLW106 Wishart 4 1 :00 P.M. August 22, 

2018 

450 4.3 + 0  

TLW112 Wishart 4 8 :30 A.M. August 23, 

2018 

500 5.3 + 1 

TLW121 Wishart 4 4 :45 P.M. August 23, 

2018 

400 3.9 + 1.5 

TLW124 Wishart 4 12 :00 

P.M. 

August 23, 

2018 

500 4.6 + 1.9 
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Table A.1 Continued 

Sample 

ID 

Lake Sampling 

Depth  

(m) 

Sampling 

Time 

Sampling 

Date 

Volume 

Filtered 

(mL)  

DNA 

Concentration 

(ng/µL)  

[GF + Sterivex] 

TLW127 Little 

Turkey 

0 8 :30 A.M. August 22, 

2018 

1000 2.4 + 1.3 

TLW130 Little 

Turkey 

5 8 :30 A.M. August 22, 

2018 

1000 3.9 + 1 

TLW133 Little 

Turkey 

0 12 :00 

P.M. 

August 22, 

2018 

1000 2.7 + 2.4 

TLW136 Little 

Turkey 

0 4 :30 P.M. August 22, 

2018 

1000 2.7 + 0  

TLW139 Little 

Turkey 

5.25 4 :30 P.M. August 22, 

2018 

800 3.6 + 2.7 

TLW142 Little 

Turkey 

5.25 12 :00 

P.M. 

August 22, 

2018 

700 3.7 + 0  

TLW145 Little 

Turkey 

4.75 9 :00 A.M. August 23, 

2018 

500 3.8 + 1 

TLW157 Little 

Turkey 

5 4 :15 P.M. August 23, 

2018 

500 3 + 1 

TLW160 Little 

Turkey 

5.25 12 :45 

P.M. 

August 23, 

2018 

750 2.7 + 0  

 

 

 

 

 

 

 

 



 

163 

 

Table A.2 Sample summary for seasonality and depth profile for 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 (Whatman, plc, 

Buckinghamshire, United Kingdom), and stored at -20°C prior to DNA extraction. To ensure sufficient 

biomass for analysis, 350 to 1000 mL of water were filtered. 

Sample 
ID 

Lake Sampling 
Depth  

(m) 

Sampling Date Volume 
Filtered  

(mL)  

DNA 
Concentration 

(ng/µL)  

TLW37 Big 

Turkey 

0  July 18, 2018 950  2.2 

TLW42 Big 

Turkey 

7 July 18, 2018 800 12.4 

TLW43 Big 

Turkey 

8 July 18, 2018 800 11.7 

TLW82 Big 

Turkey 

0 August 13, 2018 750 8 

TLW85 Big 

Turkey 

5 August 13, 2018 600  12.1 

TLW88 Big 

Turkey 

6 August 13, 2018 500 8.7 

TLW171 Big 
Turkey 

4 October 25, 2018 1000 7.9 

TLW181 Big 

Turkey 

0.85 

(Under Ice) 

February 19 ,2019 1000 10.3 

TLW191 Big 

Turkey 

1.06  

(Under Ice) 

March 25, 2019 1000 12.7 

TLW232 Big 

Turkey 

5.25 May 23, 2019 1000 7.4 

TLW277 Big 

Turkey 

5.75 June 28, 2019 1000 0.9 

TLW322 Big 
Turkey 

5.25 July 24, 2019 1000 0.7 

TLW325 Big 

Turkey 

6.25 July 24, 2019 1000 1.6 

TLW367 Big 

Turkey 

5 August 21, 2019 1000  0.9 

TLW407 Big 

Turkey 

N/A 

(Under Ice) 

January 23, 2020 1000 1.2 

 

TLW28 Little 

Turkey 

0 July 18, 2018 1000 3.3 

TLW31 Little 
Turkey 

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

Sample 

ID 

Lake Sampling 

Depth  

(m) 

Sampling Date Volume 

Filtered  

(mL)  

DNA 

Concentration 

(ng/µL) 

TLW36 Little 

Turkey 

6.25 July 18, 2018 500 2.8 

TLW73 Little 
Turkey 

0 August 13, 2018 1000 4.1 

TLW76 Little 

Turkey 

6 August 13, 2018 550 5.7 

TLW79 Little 

Turkey 

7 August 13, 2018 600 4.7 

TLW169 Little 

Turkey 

3 October 25, 2018 1000 3.3 

TLW179 Little 
Turkey 

0.89  
(Under Ice) 

February 19, 2019 1000 4.4 

TLW189 Little 

Turkey 

1.03  

(Under Ice) 

March 25, 2019 1000 2.4 

TLW223 Little 

Turkey 

4 May 23, 2019 1000 6 

TLW268 Little 

Turkey 

4 June 28, 2019 1000 2.2 

TLW313 Little 
Turkey 

4 July 24, 2019 1000 1.4 

TLW358 Little 

Turkey 

5 August 21, 2019 1000 2.2 

TLW409 Little 

Turkey 

0.76 (Under 

Ice) 

January 22, 2020 1000 1.8 

 

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 

Ice) 

February 19, 2019 1000 2.6 

TLW187 Wishart 0.96 (Under 
Ice)  

March 27, 2019 1000 5.5 

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 

ID 

Lake Sampling 

Depth  

(m) 

Sampling Date Volume 

Filtered  

(mL)  

DNA 

Concentration 

(ng/µL) 

TLW349 Wishart 3 August 21, 2019  500 5.4 

TLW405 Wishart 0.76  

(Under Ice) 

January 22, 2020 1000 2.2 

 

Table A.3 Sampling conditions for sample collection as prepared by Environment and Climate 

Change Canada and Natural Resources Canada field technicians. Conditions not provided for dates 

sampled are not available due to missing field data sheets.   

Lake Sampling 

Date 

Sampling 

Time 

Cloud 

Coverage 

(%)  

Wind  Air 

Temperature 

(°C) 

Ice 

Cover 

Wishart July 16, 

2018 

2 :16 P.M. 0 Light 24.3 N/A 

Little 

Turkey 

July 16, 

2018 

10 :00 A.M.  0 Very 

Light 

17.5 N/A 

Big 

Turkey 

July 18, 

2018 

11 :15 A.M. 10 Light 23.4 N/A 

Wishart August 14, 

2018 

11 :00 A.M. 5 Calm 28.3 N/A 

Little 

Turkey 

August 13, 

2018 

12 :40 P.M. 0 Light 28.9 N/A 

Big 

Turkey 

August 13, 

2018 

10 :15 A.M. 0 Light 24.1 N/A 

Wishart October 24, 

2018 

10 :15 A.M. 10 Light 6.8 Ice cover 

in AM 

Little 

Turkey 

 

October 25, 

2018 

12 :55 P.M. 100 Light 4.8 N/A 

Big 

Turkey 

October 25, 

2018 

10 :20 A.M. 100 Light 5.4 N/A 

Little 

Turkey 

June 28, 

2019 

12 :11 P.M. 25 Moderate 26.4 N/A 
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Table A.3 Continued 

Lake Sampling 

Date 

Sampling 

Time 

Cloud 

Coverage  

(%)  

Wind  Air 

Temperature 

(°C) 

Ice 

Cover 

Big 

Turkey 

June 28, 

2019 

9 :39 A.M. 95 None 19.3 N/A 

Wishart July 25, 

2019 

9 :40 A.M. 0 None 21.2 N/A 

Little 

Turkey 

July 24, 

2019 

12 :45 P.M. 5 Light 23.1 N/A 

Big 

Turkey 

July 24, 

2019 

10 :17 A.M. 95% None 20.0 N/A 

Wishart August 22, 

2019 

12 :30 P.M. 65 Light 19.9 N/A 

Little 

Turkey 

August 21, 

2019 

1 :00 P.M. 40 Moderate 21.5 N/A 

Big 

Turkey 

August 21, 

2019 

10 :37 A.M. 10 Moderate 21.2 N/A 
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Figure A.1 Water column temperature profiles in ice-free months. Water column temperature 

profiles were collected during ice-months in Big Turkey (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 are identified as 

epilimnion (light shade), metalimnion (medium shade) and hypolimnion (dark shade).  Notably, water 

column profiles for June 2019 in Wishart Lake were not available. May 2019 data in all three lake sites 

was also unavailable but to demonstrate previous thermal stratification trends, data from May 2018 

have been provided.  
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Table A.4 Bulk water chemistry data for Wishart Lake as prepared by Environment and Climate 

Change Canada and Natural Resources Canada (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.), calcium (Ca), 

potassium (K), magnesium (Mg), sodium (Na), sulfate (SO4), chloride (Cl), silicon dioxide (SiO2), 

nitrite and nitrate (NO2 + NO3), ammonium (NH4), total organic carbon (TOC), total inorganic carbon 

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

thesis, phosphorus and total nitrogen data was not available. Nutrient, ions and metals are presented 

in ppm.  

Date 16-Jul-
18 

14-Aug-
18 

24-Oct-
18 

18-Feb-
19 

24-May-
19 

24-Jun-
19 

25-Jul-
19 

24-Aug-
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 

SO4 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 

SiO2 2.670 2.170 3.600 4.990 3.590 2.760 2.570 2.560 

NO2

+ 
NO3 

0.113 -0.001 0.041 0.175 0.215 0.051 -0.001 -0.004 

NH4 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.5 Bulk water chemistry data for Little Turkey Lake as prepared by Environment and 

Climate Change Canada and Natural Resources Canada (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.), calcium 

(Ca), potassium (K), magnesium (Mg), sodium (Na), sulfate (SO4), chloride (Cl), silicon dioxide (SiO2), 

nitrite and nitrate (NO2 + NO3), ammonium (NH4), total organic carbon (TOC), total inorganic carbon 

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

thesis, phosphorus and total nitrogen data was not available. Nutrient, ions and metals are presented 

in ppm. 

Date 16-Jul-
18 

14-Aug-
18 

24-Oct-
18 

18-Feb-
19 

24-May-
19 

24-Jun-
19 

25-Jul-
19 

24-Aug-
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 

SO4 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 

SiO2 3.620 3.370 3.420 4.090 4.330 3.880 3.410 3.190 

NO2

+ 
NO3 

0.217 0.158 0.050 0.113 0.142 0.185 0.113 0.074 

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 
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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., 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.), calcium 

(Ca), potassium (K), magnesium (Mg), sodium (Na), sulfate (SO4), chloride (Cl), silicon dioxide 

(SiO2), nitrite and nitrate (NO2 + NO3), ammonium (NH4), total organic carbon (T.O.C), total 

inorganic carbon (T.I.C), aluminum (Al), iron (Fe), manganese (Mn), and zinc (Zn). At the time of 

preparation of this thesis, phosphorus and total nitrogen data was not available. Nutrient, ions and 

metals are presented in ppm. 

Date 16-Jul-
18 

14-Aug-
18 

24-Oct-
18 

18-Feb-
19 

24-May-
19 

24-Jun-
19 

25-Jul-
19 

24-Aug-
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 

SO4 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 

SiO2 3.660 3.320 3.400 3.760 3.840 3.740 3.550 3.450 

NO2

+ 
NO3 

0.238 0.215 0.172 0.216 0.222 0.214 0.195 0.174 

NH4 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 multi-time 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 1 Midday 30000 

TLW136 Little Turkey Surface Day 1 Afternoon 22768 

TLW139  Little Turkey Secchi Day 1 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 1 Morning 8429 

TLW106 Wishart Secchi Day 1 Midday 25173 

TLW103 Wishart Secchi Day 1 Afternoon 8765 

TLW112 Wishart Secchi Day 2 Morning 8258 

TLW124 Wishart Secchi Day 2 Midday 31869 

TLW121 Wishart Secchi Day 2 Afternoon 9523 

 

Table A.8 Library sizes for long-term samples collected across a seasonal and spatial depth 

profile sampling series (Chapter 4). Samples marked with a * indicate example samples utilized in 

the development of the R package, mirlyn (Chapter 2). 

Sample Lake Sampling Depth Sampling Date Library Size 

TLW407 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 

TLW409 Little Turkey Ice 20-Jan 10750 
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Table A.8 Continued 

Sample Lake Sampling Depth Sampling Date Library Size 

TLW179 Little Turkey Ice 19-Feb 17434 

TLW189 Little Turkey Ice 19-Mar 17554 

TLW223 Little Turkey Secchi 19-May 10099 

TLW268 Little Turkey Secchi 19-Jun 21042 

TLW28 Little Turkey Surface 18-Jul 40210 

TLW36 Little Turkey Secchi+1m 18-Jul 40710 

TLW31 Little Turkey Secchi 18-Jul 32267 

TLW313 Little Turkey Secchi 19-Jul 35558 

TLW73 Little Turkey Surface 18-Aug 39842 

TLW79 Little Turkey Secchi+1m 18-Aug 44951 

TLW76 Little Turkey Secchi 18-Aug 35893 

TLW358 Little Turkey Secchi 19-Aug 21963 

TLW169 Little Turkey Secchi 18-Oct 23482 

TLW405 Wishart Ice 20-Jan 38530 

TLW177* Wishart Ice 19-Feb 19145 

TLW187 Wishart Ice 19-Mar 10344 

TLW214 Wishart Secchi 19-May 9534 

TLW259 Wishart Secchi 19-Jun 22562 

TLW19* Wishart Surface 18-Jul 17048 

TLW22* Wishart Secchi+1m 18-Jul 25947 

TLW22* Wishart Secchi 18-Jul 22037 

TLW304 Wishart Secchi 19-Jul 18252 

TLW64 Wishart Surface 18-Aug 33521 

TLW70 Wishart Secchi+1m 18-Aug 22421 

TLW67 Wishart Secchi 18-Aug 21481 

TLW349* Wishart Secchi 19-Aug 11213 

TLW167* Wishart Secchi 18-Oct 29615 
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Appendix B  

Bioinformatic Processing ï Example Workflows & mirlyn 

Functionality  

B1. Example QIIME2 Workflow  

Analyses in this thesis were conducted using QIIME2 v. 2019.10 (Bolyen et al., 2019). The 

following is an example of the workflow conducted in the analyses. 

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 demultiplexed format. 

qiime tools import \  

-- type óSampleData[PairedEndSequencesWithQuality]ô \  

-- input - path sequencefiles \  

-- input - format CasavaOneEightSingeLanePerSampleDirFmt \  

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

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.   

qiime dada2 denoise - paired \  

-- i - demultiplexed - seqs demux - paired - end - sequences.qza \  

-- p- trim - left - f 19 \  

-- p- trim - left - r 250 \  

-- p- trunc - len - f 20 \  

-- p- trunc - len - r 225 \  

-- o- table asv - table.qza \  

-- o- representative - sequences rep - seqs.qza \  

-- o- denoising - stats dada2 - denoise - stats.qza  

c. Taxonomic Classification 

Taxonomic classifications in this thesis were performed using a Naïve Bayes probabilistic 

classifier trained with the SILVA138 reference database for the 515F and 806R V4 16S 

rRNA primers.  
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qiime feature - classifier classify - sklearn \  

-- i - classifier SILVA13 8_classifier.qza \  

-- i - reads rep - seqs.qza \  

-- o- classification tax - file.qza  

d. Downstream Analyses 

While QIIME2 hosts a variety of functions for taxonomic community composition and 

diversity analyses, the analyses conducted throughout this thesis was performed using R.  

B2. Example R Workflow Using mirlyn 

a. Data Import  

QIIME2R (Bisanz, 2013) was used to import .qza files into R as a phylsoeq (McMurdie 

and Holmes, 2013) objects. This generated phyloseq object was then used for community 

diversity analyses using mirlyn, an R package developed in Chapter 2 including various 

functions for library normalization and diversity analyses. 

library(mirlyn)  

library(phyloseq)  

library(qiime2R)  

phy loseq_object <- qza_t o_phyloseq(" asv - table.qza",  

"rooted - tree.qza"," tax - file .qza", " metadata .txt")  

b. 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 file using write.csv().  

 

1. Assigning ASV Identifiers to Sequence Variants 

During the creation of the ASV table in QIIME2, each unique sequence is assigned an 

identifier consisting of a string of characters (e.g., 

88b44c11059bcf2950ca0ac50f3eb08f). To improve readability, the asv_rename() 

function codes these character string identifiers to a new identifier in the form 

ñASV###ò. While this step is not mandatory, it allows for easy reference to specific 

ASVs of interest.  

asv_rename(example)  

2.  Generation of Data Frame from phyloseq Object 

Data is initially imported into R as a phyloseq object. The phyloseq object is critical for 

subsequently performing diversity analysis. However, for plotting options or 
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subsequent export as a CSV file, the phyloseq_to_df() function will convert the 

phyloseq object to a data frame containing the ASV counts, taxonomic classification 

and metadata.   

example_df < -  phyloseq_to_df(example)  

3. Generation of Compiled ASV Table 

The data frame generated using phyloseq_to_df() can be further organized to focus on 

the read counts of each ASV across the different samples. The get_asv_table() also 

includes the taxonomic classification of the ASV but does not include sample metadata.  
example_df_asv < -  get_asv_table(example_df)  

 

a. Taxonomic Composition  

1. Visualization 

mirlyn provides two visualization options for taxonomic communities including stacked 

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 composition of communities.  

# Stacked Barcharts at the Phylum Rank  

cols < -  c("black", "darkgoldenrod1", "dodgerblue", "deeppink4", 

"chartreuse3", "burlywood4", "navy", "blueviolet", "tan2", 

"lavenderblush3", "cyan4")  

 

example_barchart < -  bartax( example, ñSampleò, taxrank = 

ñPhylumò, cols = cols)  

 

# 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)  

 

plot_heat(example_df_phylum, taxlevel = ñPhylumò, taxaname = 

ñCyanobacteriaò, xvar = ñsampleò, yvar = ñIdò, fillvar = 

ñProportionò)+scae_fill_gradient(low = ñwhiteò, high = 

ñmidnightblueò) 

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 abundant within the community. The randomseqsig() 

function will identify whether a taxonomic group of interest is significantly dominant in 

the community. This can be used to identify conditions where a taxonomic group of interest 

(e.g., Cyanobacteria) are in significantly 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 effectiveness of these techniques for their data. 

However, for this research, mirlyn 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 rarefaction 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 should be 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 = ñSampleò)  

 

2. Multiple Iterations of Rarefying Libraries  

After generating rarefaction curves, users may select an appropriate rarefied library size 

for their analysis. Users should aim to select a library size that represents maximal diversity 

and is inclusive of all samples. In the case where users must make the decision 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 size which 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 diversity 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_object will be used in the subsequent analyses. 

# Creation of mirl object ï 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 alpha-diversity analyses. Both implement the 

use of a diversity metric (e.g., Shannon diversity index). The alphadivDF() function 

utilizes the mirl_object generated in the previous step and is only applicable to the diversity 

metric at the specified library size used with mirl(). The alphacone() 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 function of 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 beta-diversity 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 

conducting PCA to account for the arch-effect regularly seen in ecological data. The beta-

diversity functions utilize the mirl_object generated 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", "#F0E442", "#D55E00"))  

 



 

178 

 

Table B.1 Functions from other R packages used in mirlyn.  mirlyn is 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 

other packages 

Citations 

bartax() Generate 
taxonomic 
composition 
barcharts 

from 
taxonomic 
abundance 
data. 

microbiome::transform(): 
generate compositional 
data from abundance 
data.  

Leo Lahti et al.  microbiome 
R package.  URL: 
http://microbiome.github.io  

phyloseq::tax_glom(): 
combine compositional 
data by desired 

taxonomic level. 
ggplot2::ggplot(): 
plotting engine for all 
visualization. 

Paul J. McMurdie and Susan 
Holmes (2013). phyloseq: 
An R package for 

reproducible interactive 
analysis and graphics of 
microbiome census data. 
PLoS ONE 8(4):e61217. 

alphawhichDF() Calculate 
alpha 

diversity 
values from 
sequence 
count data. 

vegan::diversity(): used 
for alpha diversity 

calculation. 

Jari Oksanen, F. Guillaume 
Blanchet, Michael Friendly, 

Roeland Kindt, Pierre 
Legendre, 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 
Package. R package version 
2.5-6. 
  https://CRAN.R-

project.org/package=vegan 
 

 

 

 

 

 

 

http://www.github.com/escamero/mirlyn
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Table B.1 Continued 

mirlyn 

function 

Description Functions used from 

other packages 

Citations 

alphacone() Calculate 
alpha 
diversity 

values at 
different 
increments of 
library 

rarefaction 
for sequence 
data. 

phyloseq::rarefy_even_
depth(): rarefy 
taxonomic abundance 

data from multiple 
samples to an equal 
depth. 

Paul J. McMurdie and Susan 
Holmes (2013). phyloseq: An R 
package for reproducible 

interactive analysis and graphics 
of microbiome census data. 
PLoS ONE 8(4):e61217. 

vegan::diversity(): used 
for alpha diversity 

calculation. 

Jari Oksanen, F. Guillaume 
Blanchet, Michael Friendly, 

Roeland Kindt, Pierre Legendre, 
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 Package. R package 
version 2.5-6. 
  https://CRAN.R-
project.org/package=vegan 

betamatPCA(
) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

betamatPCA(

) 

Principle 
component 

analysis of 
beta diversity 
values 
calculated 

from 
sequence 
count data. 

vegan::vegdist(): 
calculate dissimilarity 

indices from taxonomic 
abundance data. 

Jari Oksanen, F. Guillaume 
Blanchet, Michael Friendly, 

Roeland Kindt, Pierre Legendre, 
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 Package. R package 
version 2.5-6. 
  https://CRAN.R-
project.org/package=vegan 

vegan::decostand(): 
apply desired 
standardization to 

taxonomic abundance 
data prior to calculation 
of dissimilarity indices. 

stats::prcomp(): 

principle component 
analysis. 

R Core Team (2020). R: A 

language and environment for 
statistical computing. R 
Foundation for Statistical 
Computing, Vienna, Austria. 

URL 
  https://www.R-project.org/. 

mirl() Repeated 
rarefaction of 

phyloseq::rarefy_even_
depth(): rarefy 

Paul J. McMurdie and Susan 
Holmes (2013). phyloseq: An R 
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Table B.1 Continued 

mirlyn 

function 

Description Functions used from 

other packages 

Citations 

sequence 
count data. 

taxonomic abundance 
data from multiple 
samples to an equal 
depth. 

package for reproducible 
interactive analysis and graphics 
of microbiome census data. 
PLoS ONE 8(4):e61217. 

rarefy_whole

_rep() 

Repeated 

rarefaction of 
taxonomic 
abundance 
data at 

incremental 
library sizes. 

phyloseq::rarefy_even_

depth(): rarefy 
taxonomic abundance 
data from multiple 
samples to an equal 

depth. 

Paul J. McMurdie and Susan 

Holmes (2013). phyloseq: An R 
package for reproducible 
interactive analysis and graphics 
of microbiome census data. 

PLoS ONE 8(4):e61217. 

rarecurve() Visualize 
observed 
ASV count 
from 

rarefy_whole
_rep() output. 

ggplot2::ggplot(): 
plotting engine for all 
visualization.  

H. Wickham. ggplot2: Elegant 
Graphics for Data Analysis. 
Springer-Verlag New York, 
2016. 

alphawhichVi
s() 

Visualize 
alpha 
diversity 

results from 
alphawhichD
F(). 

ggplot2::ggplot(): 
plotting engine for all 
visualization.  

H. Wickham. ggplot2: Elegant 
Graphics for Data Analysis. 
Springer-Verlag New York, 

2016. 

betamatPCAv
is() 
 

betamatPCAv
is() 

Plot principle 
component 
analysis from 

betamatPCA(
). 

ggplot2::ggplot(): 
plotting engine for all 
visualization. 

H. Wickham. ggplot2: Elegant 
Graphics for Data Analysis. 
Springer-Verlag New York, 

2016. 

factoextra::fviz_pca_in
d(): wrapper for 
ggplot2 visualization of 
PCA data. 

Alboukadel Kassambara and 
Fabian Mundt (2020). 
factoextra: Extract and 
Visualize the Results of 

Multivariate Data Analyses. R 
package version 
  1.0.7. https://CRAN.R-
project.org/package=factoextra 

phyloseqtodf(
) 

Creation of a 
dataframe 

from a 
phyloseq 
object 
including 

taxonomy, 
ASV read 

tidyr::gather(): gathers 
columns for data frame 

reorganization. 

Hadley Wickham and Lionel 
Henry (2020). tidyr: Tidy 

Messy Data. R package version 
1.1.0. https://CRAN.R-
project.org/package=tidyr  

https://cran.r-project.org/package=factoextra
https://cran.r-project.org/package=factoextra
https://cran.r-project.org/package=tidyr
https://cran.r-project.org/package=tidyr
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Table B.1 Continued 

mirlyn 

function 

Description Functions used from 

other packages 

Citations 

counts and 
metadata. 

get_asv_table

() 

Generates a 

compiled 
ASV table 
with counts 
and 

taxonomic 
classification 
of individual 
amplicon 

sequence 
variants. 

dplyr::mutate_if(): 

apply transformation to 
variables 
dplyr::distinct(): 
subsets unique rows 

from dataframe. 

Hadley Wickham, Romain 

François, Lionel Henry and 
Kirill Müller (2020). dplyr: A 
Grammar of Data Manipulation. 
R package version 1.0.0. 

  https://CRAN.R-
project.org/package=dplyr  

randomseqsig
() 

Identification 
of whether a 
taxonomic 
group is 

significantly 
dominant in 
the 
community 

using data 
shuffling. 

reshape2::melt(): 
generates molten 
dataframe. 

Hadley Wickham (2007). 
Reshaping Data with the 
reshape Package. Journal of 
Statistical Software, 21(12), 1-

20. URL: 
http://www.jstatsoft.org/v21/i12
/.  

plot_heat() Generates 
heat maps 
visualizing 

the relative 
abundance of 
a taxonomic 
group of 

interest from 
a dataframe. 

ggplot2::ggplot(): 
plotting engine for all 
visualization. 

H. Wickham. ggplot2: Elegant 
Graphics for Data Analysis. 
Springer-Verlag New York, 

2016. 

asv_rename() Assigns 
unique ASV 
I.D.ôs to 
sequence 

variants. 

readr::write_tsv(): 
generates tab delimited 
file from data frame 
object.  

Hadley Wickham and Jim 
Hester (2020). readr: Read 
Rectangular Text Data. R 
package version 1.4.0. 

https://CRAN.R-
project.org/package=readr  

fasta_rename
() 

Assigns 
correspondin
g unique 

ASV 

Biostrings::readDNASt
ringSet(): reads 
FASTA format file. 

H. Pagès, P. Aboyoun, R. 
Gentleman and S. DebRoy 
(2020). Biostrings: Efficient 

manipulation of biological 

https://cran.r-project.org/package=dplyr
https://cran.r-project.org/package=dplyr
http://www.jstatsoft.org/v21/i12/
http://www.jstatsoft.org/v21/i12/
https://cran.r-project.org/package=readr
https://cran.r-project.org/package=readr
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Table B.1 Continued 

mirlyn 

function 

Description Functions used from 

other packages 

Citations 

identifiers to 
a FASTA 
file. 

Biostrings::writeXStrin
gSet(): generates 
FASTA file. 
readr::read_tsv(): reads 

tab delimited file into 
data frame. 

strings. R package version 
2.58.0. 
  
https://bioconductor.org/packag

es/Biostrings  

fullbartax() Generates 
taxonomic 
composition 

bar charts for 
specified 
taxonomic 
levels. 

ggplot2::ggplot(): 
plotting engine for all 
visualization. 

H. Wickham. ggplot2: Elegant 
Graphics for Data Analysis. 
Springer-Verlag New York, 

2016. 

 

  

https://bioconductor.org/packages/Biostrings
https://bioconductor.org/packages/Biostrings
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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 series. Phyla present at less than 1% abundance across all samples 

were excluded from this table. 

Classified Phylum Day 1 Day2 Sampling Time 

Little Turkey  Wishart 

Secchi 

Little Turkey  

Secchi 

Wishart 

Secchi Secchi Surface 

Actinobacteriota 

 

16.20 17.94 7.79 22.80 8.40 Morning 

11.02 17.03 9.87 13.67 10.69 Midday 

11.63 13.95 15.74 16.3 8.42 Afternoon 

Bacteroidota 12.23 13.95 14.9 9.71 13.42 Morning 

17.27 14.89 12.43 6.86 12.01 Midday 

13.65 16.94 9.22 6.82 12.96 Afternoon 

Bdellovibrionota 0.26 0.077 0.94 0.98 0.92 Morning 

0.78 0.16 1.12 0.79 0.78 Midday 

1.41 0.18 1.07 0.71 1.61 Afternoon 

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 

Myxococcota 0.21 0.11 0.87 0.38 0.54 Morning 

1.45 0.23 0.85 0.88 0.66 Midday 

0.56 0.079 0.55 0.12 0.63 Afternoon 

Planctomycetota 4.31 3.54 2.07 5.76 6.10 Morning 

4.19 4.45 2.34 5.93 3.41 Midday 

6.13 3.12 4.43 6.58 3.03 Afternoon 

Proteobacteria 49.42 49.54 50.32 40.70 45.25 Morning 

40.83 47.16 54.34 41.40 51.18 Midday 

38.94 50.79 49.86 42.20 53.49 Afternoon 
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Table C.1 Continued 

Classified Phylum Day 1 Day 2 Sampling Time 

Little Turkey  Wishart 

Secchi 

Little Turkey  

Secchi 

Wishart 

Secchi Secchi Surface 

Verrucomicrobiota 6.10 7.19 17.37 5.55 12.92 Morning 

12.85 5.31 11.36 12.77 11.03 Midday 

12.27 6.90 9.40 8.97 11.00 Afternoon 
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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 multi-time 

point sampling series in a non-stratified lake (Wishart) and a mid-sized stratified lake (Little 

Turkey).  
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Figure C. 2 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 multi-time 

point sampling series between two sampling depths in a stratified lake (Little Turkey).  
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Table C.2 Relative abundances of cyanobacterial families rounded to two decimal points. Phyla 

present at less than 1% abundance were excluded from this table. 

Family Day 1 Day2 Sampling Time 

Little Turkey  Wishart  

Secchi 

Little  Turkey  

Secchi 

Wishart  

Secchi Secchi Surface 

Aphanizomenonaceae 

 

1.33 1.82 - - - Morning 

- 1.09 - - - Midday 

- 2.21 - - - Afternoon 

Chroococcaceae 

 

12.00 7.13 - 2.85 1.41 Morning 

2.20 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 

2.36 1.92 - 2.32 - Midday 

4.29 3.34 - 2.82 - Afternoon 

Cyanothecaceae 

 

2.13 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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Figure C.3 Stacked bar charts depicting 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 multi-time point sampling series in a non-stratified lake 

(Wishart) and a mid-sized stratified lake (Little Turkey).
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Figure C.4 Stacked bar charts depicting 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 multi-time point sampling series between two sampling 

depths in a stratified lake (Little Turkey). 
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Figure C.5 Alpha and beta-diversity analyses of bacterial communities across a diurnal sampling 

series in a stratified and non-stratified lake. 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 (A) sampling time and 

lake, (B) sampling time and depth and (C) The Bray-Curtis dissimilarity metric was used to explore 

similarities in communities between lake site (Little Turkey = LT, Wishart = W). 



 

191 
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Figure C.6  Phylogenetic tree indicating the taxonomic affiliation of amplicon sequence variants 

classified as phototrophic cyanobacteria inferred using the General Time Reversible 

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

performed to estimate support for clades. Reference sequences for common freshwater cyanobacteria 

were included to confirm the taxonomic classification of the Naïve-Bayes classifier. Genus and 

species names were not modified from 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.  

 

 

 

Figure C.7 Violin plots visualizing the distribution of randomized total phylum counts and the 

specific relative abundance of cyanobacteria relative to the 95th percentile across sampling times 

at Secchi depth. The observed cyanobacterial values are visualized with the solid black circle, and the 
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95th percentile with the white circle. Black dots present above the white circle represents an enrichment 

of cyanobacteria present in the bacterial community.  

 

 

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

specific relative abundance of cyanobacteria relative to the 95th percentile across sampling times 

at Secchi depth and the water surface in Little Turkey Lake. The observed cyanobacterial values 

are visualized with the solid black circle, and the 95th percentile with the white circle. Black dots present 

above the white circle represents an enriched abundance of cyanobacteria present in the bacterial 

community. 



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

deviation of the randomized counts were used to calculate Z-scores. From the Z-scores, probability values were obtained and adjusted with a 

Bonferroni correction.  

Lake Sampling 

Time 

Sampling 

Day 

Mean Standard 

Deviation 

Observed p-value Adjusted p-

value 

Little Turkey Morning Day 1 0.05 0.04 0.10 0.13 1.00 

Little Turkey Morning Day2 0.05 0.04 0.13 0.02 0.28 

Little Turkey Midday Day 1 0.05 0.03 0.11 0.02 0.28 

Little Turkey Midday Day 2 0.05 0.03 0.16 0.00 0.00 

Little Turkey Afternoon Day 2 0.05 0.03 0.18 0.00 0.00 

Little Turkey Afternoon Day1 0.05 0.03 0.15 0.00 0.01 

Wishart Morning Day 1 0.05 0.03 0.04 0.40 1.00 

Wishart Morning Day 2 0.05 0.03 0.10 0.02 0.25 

Wishart Midday Day 1 0.05 0.02 0.05 0.44 1.00 

Wishart Midday Day 2 0.05 0.03 0.08 0.10 1.00 

Wishart Afternoon Day 1 0.05 0.03 0.07 0.20 1.00 

Wishart Afternoon Day 2 0.05 0.02 0.06 0.29 1.00 

Little Turkey 

(Surface) 

Morning Day 1 0.067 0.059 0.067 0.50 1.00 

Little Turkey 

(Surface) 

Midday Day 1 0.067 0.053 0.094 0.31 1 

Little Turkey 
(Surface) 

Afternoon Day 1 0.067 0.049 0.07 0.48 1 
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Table C.4 Relative abundances of ASVs in the cyanobacterial community across a diurnal multi-time 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 (Su) and Secchi 

depth (Se). Samples in Wishart Lake were only collected at Secchi depth. Sampling was performed across a multi time point sampling series with 

sampling at 8:30-9:30 A.M. (Mo), 12:30-1:30 P.M. (Mid), and 4:30-5:30 P.M. (Aft). 
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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 1.92 1.84 1.71 2.05 1.35 0.58 0.00 1.29 0.56 0.00 

ASV893 1.24 1.21 2.88 2.93 1.08 2.36 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 1.11 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 
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ASV919 12.87 9.73 6.65 14.13 4.39 5.50 7.58 4.00 5.16 1.08 0.72 0.00 0.00 0.70 1.79 

               

Gloeobacterales                             

ASV929 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.54 0.00 0.00 0.94 0.22 0.00 

ASV930 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.22 0.00 0.00 0.15 0.00 

ASV931 0.00 0.00 0.00 0.27 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Nostocales                             

ASV819 0.00 0.00 0.00 1.33 0.00 0.00 0.00 0.00 0.17 0.00 0.00 0.00 0.00 0.00 0.00 

ASV822 0.00 0.00 0.00 0.00 0.71 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.22 0.00 

ASV824 1.82 1.08 2.19 0.00 0.00 0.70 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Oscillatoriales                             

ASV831 0.00 0.00 0.13 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

ASV880 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.17 0.00 0.00 0.00 0.00 0.00 0.00 

Synechococcales                             

ASV806 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 4.32 14.34 2.34 2.58 1.85 8.13 

ASV829 0.00 0.00 0.00 0.00 0.00 0.17 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

ASV832 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 0.33 

ASV838 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2.61 0.00 0.00 4.18 0.00 

ASV839 0.00 0.00 0.00 0.00 4.64 0.79 0.00 5.53 1.70 1.89 3.55 2.81 1.41 3.44 1.79 

ASV842 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2.61 2.65 2.81 1.70 5.53 
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Table C.4 Continued 
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ASV843 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 5.95 6.01 9.36 7.14 6.37 8.62 

ASV846 5.45 4.64 5.58 9.73 25.47 20.96 19.42 26.18 23.43 0.00 5.94 0.00 6.67 6.11 0.00 

ASV848 42.16 38.33 42.45 31.87 25.32 39.04 36.57 26.66 31.66 54.86 26.07 41.03 39.34 30.32 42.11 

ASV849 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 2.92 0.00 

ASV850 0.00 0.00 0.00 0.00 5.51 0.00 0.00 3.26 0.00 0.00 3.98 0.00 0.00 2.92 0.00 

ASV853 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 4.59 2.61 3.59 3.98 3.41 6.18 

ASV855 13.28 18.31 16.18 10.80 3.16 0.00 9.43 3.90 5.54 0.00 7.24 8.89 10.07 11.18 0.00 

ASV857 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.64 0.78 4.07 

ASV858 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 7.03 3.04 4.06 2.58 1.78 0.00 

ASV859 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 2.68 2.81 0.00 1.63 0.00 

ASV865 1.32 3.81 4.01 4.93 9.25 7.95 8.22 6.83 7.16 0.00 0.00 0.00 0.00 1.44 0.00 

ASV866 0.00 1.65 0.00 0.00 12.75 10.13 6.24 12.13 9.80 0.00 3.40 4.84 3.63 3.11 3.74 

ASV869 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 8.92 5.43 4.84 4.22 3.74 5.69 

ASV897 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.55 0.00 0.00 0.00 0.00 0.00 0.00 

ASV898 0.00 2.35 0.75 0.00 0.00 1.22 2.13 0.00 0.00 0.00 0.00 0.00 3.63 0.00 0.00 

ASV899 3.88 0.83 2.01 4.53 1.67 0.96 0.00 1.22 1.41 4.32 3.40 2.65 0.00 2.78 4.39 

ASV921 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.59 0.00 0.00 

Caenarcaniphilales                             

ASV803 0.00 0.45 0.13 0.00 0.25 0.00 0.00 0.04 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
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Table C.4 Continued 
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Gastranaerophilales                           

ASV933 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.22 0.00 0.00 0.00 0.00 

Vampirovibrionales                             

ASV800 0.50 0.32 0.44 0.00 0.06 0.26 0.43 0.14 0.43 0.00 0.00 0.00 0.00 0.00 0.00 

Unknown                               

ASV909 4.62 2.10 2.57 3.07 1.02 1.57 1.91 1.57 1.70 5.14 3.48 8.27 6.09 5.70 5.85 



 

Appendix D  

Supplementary Materials for Chapter 4  

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

depth profile in the summer of 2018. Phyla present at less than 1% abundance across all samples 

were excluded from this table. 

Classified 

Phylum 

July 2018 August 2018 Lake 

Surface Secchi Secchi + 

1 m 

Surface Secchi Secchi + 

1 m 

Actinobacteria 14.67 7.38 7.00 7.17 9.01 9.61 Big 

Turkey 

11.92 5.07 2.49 5.07 8.10 16.35 Little 

Turkey 

5.81 3.49 7.76 8.73 7.72 11.02 Wishart 

Armatimonadota 

 

1.09 0.40 0.041 0.61 0.44 0.16 Big 

Turkey 

2.15 3.81 4.84 0.36 0.65 1.73 Little 

Turkey 

1.30 1.35 1.32 0.18 0.14 0.25 Wishart 

Bacteroidetota 6.54 12.23 8.46 12.23 20.01 18.42 Big 

Turkey 

6.90 16.60 17.02 21.79 30.06 10.44 Little 

Turkey 

11.68 8.22 5.33 33.44 14.02 23.99 Wishart 

Bdellovibrionota 1.00 1.27 1.79 0.44 0.44 0.19 Big 

Turkey 

0.11 0.70 0.47 0.39 0.46 1.04 Little 

Turkey 

1.56 2.15 3.27 0.092 0.31 0.28 Wishart 
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Table D.1 Continued 

Classified 

Phylum 

July 2018 August 2018 Lake 

Surface Secchi Secchi + 

1 m 

Surface Secchi Secchi + 

1 m 

Chloroflexi 0.044 0.50 0.76 0.10 0.072 0.077 Big 

Turkey 

0.007 0.034 0.064 0.038 0.21 0.73 Little 

Turkey 

1.89 1.28 1.14 0.16 0.35 0.42 Wishart 

Cyanobacteria 27.27 26.96 45.44 11.51 11.78 12.78 Big 

Turkey 

14.33 23.55 13.85 6.78 8.54 12.60 Little 

Turkey 

17.44 18.46 15.87 4.53 3.84 4.77 Wishart 

Firmicutes 0.20 0.022 0 0.025 0.015 0 Big 

Turkey 

10.28 0.44 0.15 0.010 0 0 Little 

Turkey 

0.076 0.041 0.24 0.021 0.037 0.013 Wishart 

Myxococcota 0.10 0.83 0.47 0.12 0.22 0.063 Big 

Turkey 

0.19 0.022 0 0.15 0.21 0.031 Little 

Turkey 

0.49 0.88 1.21 0.10 0.098 0.20 Wishart 
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Table D.2 Relative abundances of major bacterial phyla rounded to two decimal points across a 

multi -seasonal profile. Phyla present at less than 1% abundance across all samples were excluded 

from this table. 

Classified Phylum 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 

Actinobacteriota 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 19-Feb 

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 18-Oct 

0.22 0.33 0.037 19-Feb 

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  Wishart  Sampling Month 

Firmicutes 0.057 0.16 0 18-Oct 

0.054 0.14 0 19-Feb 

0.062 0 0 19-Mar 

0.057 0 1.10 19-May 

0 0.0095 0.031 19-Jun 

0.092 0.053 0.027 19-Jul 

0.050 0.027 0 19-Aug 

3.76 0.13 0.32 20-Jan 

Myxococcota 

 

0.83 0.0.22 0.88 18-Jul 

0.22 0.021 0.098 18-Aug 

0.31 0.0.34 0.12 18-Oct 

0.15 0.057 0.031 19-Feb 

0.21 0.16 0.19 19-Mar 

0.060 0.079 0.21 19-May 

0.11 0 0.13 19-Jun 

0.83 0.022 0.87 19-Jul 

0.11 0 1.17 19-Aug 

0.030 0.16 0.18 20-Jan 

Planctomycetota 

 

 

 

 

 

 

3.37 0.80 4.79 18-Jul 

3.44 2.06 1.38 18-Aug 

6.58 2.51 1.09 18-Oct 

7.10 5.77 0.76 19-Feb 

9.75 2.71 0.058 19-Mar 

15.64 6.06 3.40 19-May 

1.96 0.69 1.25 19-Jun 
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Table D.2 Continued 

Classified Phylum Big Turkey  Little Turkey  Wishart  Sampling Month 

Planctomycetota 4.09 5.68 4.84 19-Jul 

7.59 6.30 2.28 19-Aug 

1.21 2.12 0.33 20-Jan 

Proteobacteria 

 

 

 

 

 

 

 

 

 

38.11 41.83 48.29 18-Jul 

46.28 46.23 65.63 18-Aug 

41.55 70.31 76.33 18-Oct 

53.55 56.49 76.52 19-Feb 

46.31 67.84 82.08 19-Mar 

48.20 74.28 82.90 19-May 

24.11 36.95 62.78 19-Jun 

16.64 24.04 47.70 19-Jul 

37.27 32.49 51.78 19-Aug 

53.44 46.05 69.35 20-Jan 

Unknown 0.35 0.11 0.24 18-Jul 

0.030 0.039 0.22 18-Aug 

1.09 0.66 0.92 18-Oct 

0.12 0.14 0.063 19-Feb 

0.15 0.24 0 19-Mar 

0.32 0.49 0.59 19-May 

0.16 1.74 1.72 19-Jun 

0.22 0 0.45 19-Jul 

0.061 0.096 0.31 19-Aug 

0.80 0.24 0.53 20-Jan 

Verrucomicrobiota 

 

8.02 7.03 9.03 18-Jul 

6.87 7.27 5.65 18-Aug 
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Table D.2 Continued 

Classified Phylum Big Turkey  Little Turkey  Wishart  Sampling Month 

Verrucomicrobiota 17.41 8.12 4.87 18-Oct 

12.68 12.68 6.38 19-Feb 

14.02 10.29 0.66 19-Mar 

2.65 1.15 1.14 19-May 

1.40 0.88 1.44 19-Jun 

22.16 13.96 5.77 19-Jul 

6.23 16.75 16.27 19-Aug 

9.19 26.56 3.27 20-Jan 

 

 

  



 

207 

 

 

Figure D.1 Stacked bar charts depicting 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 series in a shallow lake (Wishart), mid-sized 

lake (Little Turkey) and deep lake (Big Turkey). Notably, cyanobacteria were present at less than 

1% abundance in the bacterial communities during ice-covered months. Sampling 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 relative to the 95th 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 the 95th percentile 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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Figure D.3 Violin plots visualizing the distribution of randomized total phylum counts and the 

specific relative abundance of cyanobacteria relative to the 95th percentile across sampling depths 

in Big Turkey, Little Turkey and Wishart Lake. The observed cyanobacterial values are visualized 

with the solid black circle, and the 95th percentile 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 calculate Z-scores. From the Z-scores, probability values were 

obtained and adjusted with a Bonferroni correction. 

Lake Sampling 

Date 

Mean Standard 

Deviation 

Observed p-

value 

Adjusted 

p-value 

Big Turkey 20-Jan 0.04 0.03 0.00 0.08 1.00 

Big Turkey 19-Feb 0.04 0.02 0.00 0.03 0.96 

Big Turkey 19-Mar 0.04 0.02 0.00 0.03 1.00 

Big Turkey 19-May 0.04 0.02 0.11 0.00 0.03 

Big Turkey 19-Jun 0.04 0.05 0.56 0.00 0.00 

Big Turkey 18-Jul 0.04 0.03 0.27 0.00 0.00 

Big Turkey 19-Jul 0.04 0.04 0.37 0.00 0.00 

Big Turkey 18-Aug 0.04 0.03 0.12 0.00 0.10 

Big Turkey 19-Aug 0.04 0.03 0.30 0.00 0.00 

Big Turkey 18-Oct 0.04 0.02 0.10 0.00 0.03 

Little 

Turkey 

20-Jan 0.04 0.02 0.00 0.05 1.00 

Little 

Turkey 

19-Feb 0.04 0.03 0.00 0.07 1.00 

Little 
Turkey 

19-Mar 0.04 0.03 0.00 0.10 1.00 

Little 

Turkey 

19-May 0.04 0.04 0.01 0.19 1.00 

Little 

Turkey 

19-Jun 0.04 0.04 0.22 0.00 0.00 

Little 

Turkey 

18-Jul 0.04 0.04 0.24 0.00 0.00 

Little 
Turkey 

19-Jul 0.04 0.04 0.34 0.00 0.00 

Little 

Turkey 

18-Aug 0.04 0.03 0.09 0.08 1.00 

Little 

Turkey 

19-Aug 0.04 0.03 0.24 0.00 0.00 

Little 

Turkey 

18-Oct 0.04 0.03 0.01 0.18 1.00 

Wishart 20-Jan 0.04 0.03 0.00 0.07 1.00 

Wishart 19-Feb 0.04 0.04 0.00 0.14 1.00 

Wishart 19-Mar 0.04 0.06 0.00 0.24 1.00 

Wishart 19-May 0.04 0.05 0.02 0.30 1.00 

Wishart 19-Jun 0.04 0.03 0.21 0.00 0.00 

Wishart 18-Jul 0.04 0.02 0.18 0.00 0.00 

Wishart 19-Jul 0.04 0.03 0.20 0.00 0.00 
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Table D.3 Continued 

Lake Sampling 

Date 

Mean Standard 

Deviation 

Observed p-

value 

Adjusted  

p-value 

Wishart 18-Aug 0.04 0.05 0.04 0.49 1.00 

Wishart 19-Aug 0.04 0.03 0.14 0.00 0.01 

Wishart 18-Oct 0.04 0.03 0.01 0.17 1.00 
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Table D.4 Probability values for cyanobacterial enrichment within the randomized total phylum counts per sample across a depth profile. The 

mean and standard deviation of the randomized counts were used to calculate Z-scores. From the Z-scores, 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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Figure D.4 Phylogenetic tree indicating the taxonomic affiliation of amplicon sequence 

variants classified as phototrophic cyanobacteria inferred using the General Time Reversible 

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

performed to estimate support for clades. Reference sequences for common freshwater 

cyanobacteria were included to confirm the taxonomic classification of the Naïve-Bayes classifier. 

Genus and species names were not modified from 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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Figure D.5 Alpha diversity analysis of bacterial communities collected across a multi-

seasonal period 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 diversity values.  
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Figure D.6 Beta-diversity analysis on bacterial community similarity of seasonal samples in 

Big Turkey (BT), Little Turkey (LT) and Wishart (W) Lake. Sequence libraries were 

repeatedly rarefied to a normalized library size of 9,534. Rarefied libraries were transformed 

using a Hellinger transformation. The Bray-Curtis dissimilarity metric was calculated on 

transformed data and visualized using a PCA ordination to identify seasonal trends in bacterial 

community structure.  
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Figure D.7 Alpha diversity analysis of bacterial communities collected across a depth profile 

in the summer of 2018 in Big Turkey, Little Turkey and Wishart Lake. The Shannon Index 

was calculated on libraries that were repeatedly rarefied to a normalized size of 17,048 reads to 

identify spatial variation in bacterial community diversity values.   
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Figure D.8 Beta-diversity analysis on bacterial community similarity of seasonal samples in 

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 Bray-Curtis metric was calculated on transformed data and 

visualized using a PCA ordination to identify spatial trends in bacterial community structure.
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Table D.5 Relative abundances of ASVs in the cyanobacterial 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 (Se) and 1 meter below Secchi depth (D).  

ASV ID 
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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 0.6 0.97 0.27 0 0 0 1.18 0.16 0.09 0 0 0 0 0 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 0 0 

ASV910 0.37 0.34 0.04 0.39 0.26 0 0.24 0.09 0.12 1.47 0.62 0.37 0.44 0.37 0.44 0.59 0 0.65 

ASV889 0 0 0 0 0 0 0 0.36 0 0 0 0 0 0 0 0 0 0 

ASV890 0.45 0.96 0.29 0.68 1.15 0.93 1.11 1.32 0.35 1.84 0.78 0.76 2.15 2.07 2.62 1.12 0 0.94 

ASV892 0 0 0 0 0 0.05 0 0 0 0 0 0 0 0 0 0 0 0 

ASV893 0.21 0.79 0.22 0.24 0 0.3 2.36 1.14 0.21 1.33 1.5 1.32 0 0 0 0 0 0 

ASV894 0 0 0 0 0 0 0 0 0 0 0 0 0 0.12 0 0 0 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 0 0 

ASV904 0 0.22 0 0 0 0 0 0 0 0 1.17 0 0 0 0 0.4 0 0.37 

ASV906 0 0 0 1.37 0 0 0 0 0 0 0 0 1.58 0.61 0.66 0 0 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 0 0 

ASV911 0 0 0 0 0 0 0 0 0 0 0 0 0 0.17 0 0 0 0 

ASV912 0.14 0.03 0 0 0 0 0.38 0 0 0 0 0 5.51 0 0.46 0 0 0 
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Table D.5 Continued 

ASV ID 
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ASV913 0 0 0 0 0 0 0 0 0 0 0 0 0 0.66 0 0 0 0 

ASV914 0 0 0 1.69 0.3 0 0 0 0 1.44 0 0 1.21 0 0 0 0 0 

ASV915 0.15 0 0 0 0 0 0 0 0.14 0.33 0 0.35 0 0 0 0 0 0 

ASV916 0.31 0 0 0.39 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

ASV917 0 0 0 0 0.63 0.52 0.35 0 0 1.92 0.69 0.6 0.2 0 0.78 0.73 0 0 

ASV918 0 0 0 0.09 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

ASV919 4.67 0.86 0.2 3.29 10.03 4.95 4.25 7.05 4.95 14.52 5.58 6.92 0.94 0.98 0.73 0.46 0 0 

ASV920 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.47 

Chroococcidiopsidales 

ASV828 0 0.02 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

Cyanobacteriales 

ASV901 0 0 0 0 0 0 0 0 0 0 0 0 0 0.22 0 0 0 0 

ASV896 0 0 0 0 0 0 0 0 0 0 0 0 0 0.3 0 0 0 0 

Gloeobacterales 

ASV929 0 0 0 0 0 0 0 0 0 0 0 0 0 0.15 0.22 1.19 0.73 1.03 

ASV930 0 0 0 0 0 0 0 0 0 0 0 0 0 0.61 0.05 0 0 0 

Nostocales                                   

ASV824 0 0 0 0.75 0 0 0 0 0 0.37 0 0 0 0 0 0 0 0 

ASV815 0.58 0 0 0 0 0 0.45 0.17 0.66 0 0 0 0 0 0 0 0 0 

ASV820 0.2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

ASV822 0.6 0 0 0 0 0 0.23 0.26 1.65 0 0 0 0 0 0 0 0 0 

ASV825 0 0 0 0 0 0 0 0 0 0 0 0 0 0.12 0 0 0 0 

Oscillatoriales                                   



 

222 

 

Table D.5 Continued 

ASV ID 
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ASV881 0.03 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

Synechococcales                                   

ASV812 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.15 0 0 0 

ASV813 0 0 0 0 0 0 0 0 0 0 0 0 0 0.07 0 0 0 0 

ASV924 0 0 0 0 0 0 0 0 0 0 0 0 0 0.12 0 0 0 0 

ASV925 0 0 0 0 0 0 0 0 0 0 0 0 0 0.05 0 0 0 0 

ASV927 0 0 0 0 0 0 0 0 0 0 0 0 0 0.52 0 0 0 0 

ASV806 0 0 0 0 0 0 0 0.04 0 0 0 0 0 0 0 0.2 0 0.65 

ASV807 0 0 0 0 0 0 0 0 0 0 0 0 0 0.05 0 0 0 0 

ASV809 0 0 0 0 0 0 0 0 0 0 0 0 0 0.71 0 0 0 0 

ASV810 0 0 0 0 0 0 0 0 0 0 0 0 0 0.17 0 0 0 0 

ASV928 0 0 0 0 0.06 0 0 0 0 0 0 0 0 0 0 0 0 0 

ASV808 0.09 0 0 0.09 0 0 0 0 0 0 0 0 0.13 0 0 0 0 0 

ASV811 0 0 0 0 0 0 0 0 0 0 0 0 0.1 0 0 0 0 0 

ASV835 0 0 0 0 0 0 0 0 0 0 0 0 0 0.07 0 0 0 0 

ASV837 0 4.64 7.85 5.24 0 0.66 0 0 0 0 0 0 0 0 0 0 0 0 

ASV838 0 0 0 0 0 0 1.16 0 0 2.62 0 0 3.19 2.36 1.19 2.11 2.67 1.78 

ASV839 10.49 1.92 1.18 2.01 4.22 3.6 3.94 0.62 0.64 1.18 1.31 1.02 4.73 7.97 6.75 4.22 5.34 6.08 

ASV840 2.77 0.4 0.19 2.7 4.48 1.48 0 0 0 0 0 0 0 0 0 0 0 0 

ASV841 0.33 4.59 6.75 4.47 3.68 7.39 0 0 0 0 0 0 0 0 0 0 0 0 

ASV842 0 0 0 0 0 0 0.19 0.12 0.14 0 0.29 0.6 1.91 2.29 3.71 1.91 0 2.43 

ASV843 0 0 0 0 0 0 0.45 0 0 0 0 0 1.01 1.08 1.92 6.59 6.8 4.77 

ASV844 0.99 33 52.99 36.47 3.16 11.73 0 0 0 0 0 0 0 0 0 0 0 0 
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Table D.5 Continued 
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ASV845 0 3.02 7.23 4.43 0 2.14 0 0 0 0 0 0 0 0 0 0 0 0 

ASV846 56.87 34.92 10.88 14.99 42.75 45.14 21.04 34.55 18.28 7.59 24.18 13.06 8.19 7.7 5.85 7.91 8.98 6.55 

ASV847 0 0 0 0 0 0 0 0 0 0 0 0 1.81 0 2.94 0 0 0 

ASV848 6.6 2.44 1.13 4.49 8.42 6.37 27.17 25.2 37.85 30.36 25.48 43.71 30.68 30.19 29.5 32.17 35.56 42.38 

ASV849 0 0 0 0 0 0 1.2 0 0 0 0 0 4.93 3.25 2.11 3.89 0 0 

ASV850 4.76 1.84 0 0 0 0 5.5 3.31 0 0 5.97 4.4 4.83 5.53 5.34 0 0 0 

ASV851 0 0 0 0 0 0 0.85 3.01 3.46 0 1.76 2.97 0 0 1.77 0 0 0 

ASV852 0 0 0.15 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

ASV853 0.26 1.03 0.09 3.29 2.49 2.06 0 0 0 0 0 0 0.64 0.61 0.44 2.7 2.31 1.96 

ASV854 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

ASV855 2.63 0 0 2.05 3.81 0 11.55 1.2 1.56 11.75 0 0 7.62 5.83 3.67 13.05 11.65 6.27 

ASV856 0 0 0 0 0 0 0 0 0 0 0 0 0 0.47 0 0 0 0 

ASV857 0 0 0 0 0 0 0 0 0 0 0 0 0.77 0.64 1.36 0 0 0 

ASV858 0 0 0 0 0 0 0 0 0 0 0 0 0.64 0.49 1.21 4.28 5.95 5.24 

ASV859 0 0 0 0 0 0 0.4 0 0 0 0 0 0.3 0.98 0.75 1.05 1.7 1.59 

ASV860 0 0.97 3.55 3.29 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

ASV861 0 0 0.54 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

ASV862 0 0 0 0 0 0 0 0 0 0 0 0 0.77 1.6 3.52 0 0 0 

ASV863 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.32 0 0 0 

ASV864 0 3.17 1.24 1.03 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

ASV865 1.34 1.98 0.2 0.88 7.58 10.05 4.91 13.89 19.88 6.01 20.1 17.14 0.97 0.61 1.51 1.78 0 0 

ASV866 2.21 1.77 3.43 2.48 3.07 1.48 5.09 3.18 5.83 2.03 7.18 2.44 6.65 9.81 10.68 3.96 5.46 6.45 

ASV867 0 0.35 1.53 0.86 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
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Table D.5 Continued 
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ASV868 0 0 0 0 0 0 1.3 0 0 0 0 0 0 0 0 0 0 0 

ASV869 0 0 0 0 0 0 0 0.63 1.08 0 0 0 1.68 2.14 2.69 2.04 4.25 3.18 

ASV870 0 0 0 0 0 0 0 0 0 0 0 0 0 0.17 0 0 0 0 

ASV871 0 0.16 0.17 0.06 0 0.22 0 0 0 0 0 0 0 0 0 0 0 0 

ASV897 0.41 0.19 0.03 0 0.58 0 0.69 0.79 0.57 0 0 0 0 0 0 0 0 0 

ASV899 0.33 0 0 0 0 0 1.2 0.72 1.33 3.65 1.7 1.57 4.87 6.88 5.41 1.52 2.55 1.96 

ASV922 0 0 0 0 0 0 0 0 0 0 0 0 0 0.17 0 0 0 0 

ASV923 0.02 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

Caenarcaniphilales   

ASV803 0 0 0 0.13 0.13 0 0 0 0 0.52 0 0 0.13 0 0 0 0 0 

ASV805 0 0 0 0 0 0 0 0 0 0 0 0 0.07 0 0 0 0 0 

Obscuribacterales  

ASV935 0 0.04 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

ASV938 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.05 0 0 0 

ASV939 0 0 0 0 0.06 0 0 0 0 0 0 0 0 0 0 0 0 0 

Unknown 
Order  

                                  

ASV909 1.49 0.25 0.1 0.88 1.49 0.63 3.54 1.89 0.78 3.17 0.82 0.87 1.34 0.89 1.12 6.13 6.07 5.24 
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Table D.6 Relative abundances of ASVs in the cyanobacterial community in Big Turkey Lake across a multi-seasonal 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 0.14 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 0.53 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 4.22 2.15 0.00 0.00 0.00 0.90 2.88 1.11 N/A 

ASV840 0.40 4.48 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 15.24 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 11.51 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 42.75 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 2.49 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 Jul-18 Aug-18 Oct-18 Feb-19 Mar -19 May-19 Jun-19 Jul-19 Aug-19 Jan-20 

ASV866 1.77 3.07 6.85 22.41 0.00 9.10 4.67 6.05 2.09 N/A 

ASV867 0.35 0.00 7.73 0.00 0.00 36.92 0.99 0.47 0.00 N/A 

ASV869 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.61 0.00 N/A 

ASV871 0.16 0.00 0.32 0.00 0.00 0.22 0.91 0.37 0.00 N/A 

ASV872 0.00 0.00 0.18 0.00 0.00 0.00 0.00 0.00 0.00 N/A 

ASV873 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.04 0.00 N/A 

ASV874 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03 0.00 N/A 

ASV875 0.00 0.00 0.00 0.00 4.55 0.00 0.00 0.00 0.00 N/A 

ASV878 0.00 0.00 0.00 0.00 0.00 0.05 0.00 0.00 0.00 N/A 

ASV897 0.19 0.58 1.91 0.00 0.00 0.00 0.00 2.01 13.53 N/A 

ASV898 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 3.83 N/A 

ASV899 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.11 0.00 N/A 

ASV900 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.18 N/A 

ASV924 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03 N/A 

ASV928 0.00 0.06 0.00 0.00 0.00 0.00 0.00 0.00 0.00 N/A 

Caenarcaniphilales                     

ASV803 0.00 0.13 0.00 0.00 0.00 0.00 0.00 0.00 0.00 N/A 

ASV804 0.00 0.00 0.07 0.00 0.00 0.00 0.00 0.00 0.00 N/A 

Obscuribacterales                     

ASV935 0.04 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 N/A 

ASV937 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.18 N/A 

ASV939 0.00 0.06 0.00 0.00 0.00 0.00 0.00 0.00 0.00 N/A 

Vampirovibrionales                     

ASV801 0.10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.15 N/A 

ASV802 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.50 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 

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 in Little Turkey Lake across a multi-seasonal 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 7.51 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 Jul-18 Aug-18 Oct-18 Feb-19 Mar -19 May-19 Jun-19 Jul-19 Aug-19 Jan-20 

ASV821 0.00 0.00 1.78 N/A N/A 0.00 0.00 0.00 0.00 0.00 

ASV822 0.26 0.00 0.00 N/A N/A 0.00 1.01 0.00 0.11 0.00 

ASV823 0.00 0.00 0.00 N/A N/A 0.00 0.00 0.00 0.11 0.00 

Synechococcales                     

ASV806 0.04 0.00 0.00 N/A N/A 0.00 0.00 0.00 0.00 0.00 

ASV839 0.62 1.31 0.00 N/A N/A 0.00 3.56 2.79 1.77 0.00 

ASV842 0.12 0.29 0.00 N/A N/A 0.00 0.00 0.00 0.00 0.00 

ASV843 0.00 0.00 0.00 N/A N/A 0.00 2.54 1.39 0.00 0.00 

ASV844 0.00 0.00 11.03 N/A N/A 0.00 0.00 0.00 0.00 0.00 

ASV846 34.55 24.18 22.42 N/A N/A 0.00 26.09 10.23 16.21 0.00 

ASV848 25.20 25.48 0.00 N/A N/A 0.00 17.34 23.53 26.15 0.00 

ASV849 0.00 0.00 0.00 N/A N/A 0.00 0.00 3.65 0.00 0.00 

ASV850 3.31 5.97 0.00 N/A N/A 0.00 0.00 0.00 0.00 0.00 

ASV851 3.01 1.76 0.00 N/A N/A 0.00 0.93 0.00 0.00 0.00 

ASV853 0.00 0.00 0.00 N/A N/A 0.00 0.00 0.19 4.48 0.00 

ASV854 0.00 0.00 0.00 N/A N/A 0.00 0.00 0.03 0.00 0.00 

ASV855 1.20 0.00 0.00 N/A N/A 0.00 3.43 24.27 17.31 0.00 

ASV859 0.00 0.00 15.66 N/A N/A 7.69 0.32 0.58 0.00 0.00 

ASV865 13.89 20.10 0.00 N/A N/A 0.00 24.67 14.05 9.05 0.00 

ASV866 3.18 7.18 44.13 N/A N/A 92.31 15.25 2.85 0.00 0.00 

ASV868 0.00 0.00 0.00 N/A N/A 0.00 0.00 1.89 6.32 0.00 

ASV869 0.63 0.00 0.00 N/A N/A 0.00 0.00 0.98 0.00 0.00 

ASV879 0.00 0.00 0.00 N/A N/A 0.00 0.00 0.11 0.00 0.00 

ASV888 0.00 0.00 0.00 N/A N/A 0.00 0.00 0.00 0.06 0.00 

ASV897 0.79 0.00 0.00 N/A N/A 0.00 0.17 1.18 2.96 0.00 
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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 in Wishart  Lake across a multi-seasonal period. 

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

ASV913 0.66 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 4.65 

ASV919 0.98 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.81 0.00 

Cyanobacteriales 

ASV896 0.30 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

ASV901 0.22 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

Gloeobacterales 

ASV929 0.15 0.73 0.00 0.00 N/A 0.00 0.00 0.08 0.31 0.00 

ASV930 0.61 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

Nostocales 

ASV816 0.00 0.00 0.00 0.00 N/A 0.00 0.06 0.00 0.00 0.00 

ASV817 0.00 0.00 0.75 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

ASV822 0.00 0.00 0.00 0.00 N/A 0.00 0.65 0.00 0.00 0.00 

ASV825 0.12 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

Synechococcales  

ASV806 0.00 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.50 0.00 

ASV807 0.05 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

ASV809 0.71 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

ASV810 0.17 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

ASV813 0.07 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

ASV835 0.07 0.00 0.00 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 Mar -19 May-19 Jun-19 Jul-19 Aug-19 Jan-20 

ASV838 2.36 2.67 0.00 0.00 N/A 0.00 0.00 0.00 1.92 0.00 

ASV839 7.97 5.34 0.00 0.00 N/A 0.00 4.88 0.43 1.74 0.00 

ASV842 2.29 0.00 0.00 0.00 N/A 0.00 0.27 0.96 2.17 0.00 

ASV843 1.08 6.80 0.00 0.00 N/A 0.00 18.78 1.34 2.61 0.00 

ASV844 0.00 0.00 9.70 0.00 N/A 0.00 0.00 0.27 0.00 0.00 

ASV846 7.70 8.98 0.00 0.00 N/A 0.00 7.61 21.47 21.29 0.00 

ASV848 30.19 35.56 30.97 0.00 N/A 29.17 27.02 23.72 48.85 25.58 

ASV849 3.25 0.00 0.00 0.00 N/A 0.00 0.00 3.03 0.00 0.00 

ASV850 5.53 0.00 0.00 0.00 N/A 0.00 2.03 16.95 4.90 0.00 

ASV853 0.61 2.31 0.00 0.00 N/A 0.00 0.00 3.03 0.00 0.00 

ASV855 5.83 11.65 0.00 0.00 N/A 0.00 0.00 8.57 0.00 0.00 

ASV856 0.47 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

ASV857 0.64 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

ASV858 0.49 5.95 0.00 0.00 N/A 0.00 0.00 0.56 0.00 0.00 

ASV859 0.98 1.70 16.79 0.00 N/A 23.61 8.07 5.81 5.15 0.00 

ASV862 1.60 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

ASV865 0.61 0.00 0.00 0.00 N/A 0.00 5.89 0.00 0.00 0.00 

ASV866 9.81 5.46 32.09 0.00 N/A 44.44 19.29 3.99 1.06 0.00 

ASV869 2.14 4.25 0.00 0.00 N/A 0.00 2.79 5.44 2.36 0.00 

ASV870 0.17 0.00 0.00 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 Mar -19 May-19 Jun-19 Jul-19 Aug-19 Jan-20 

ASV876 0.00 0.00 0.00 0.00 N/A 0.00 0.00 0.05 0.00 0.00 

ASV898 0.00 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.74 0.00 

ASV899 6.88 2.55 0.00 0.00 N/A 0.00 0.52 0.43 0.00 0.00 

ASV922 0.17 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

ASV924 0.12 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

ASV925 0.05 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

ASV926 0.00 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.19 0.00 

ASV927 0.52 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 0.00 

Caenarcaniphilales 

ASV3419 0.00 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 11.63 

Obscuribacterales 

ASV3421 0.00 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 18.60 

ASV3422 0.00 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 20.93 

ASV934 0.00 0.00 0.00 100.00 N/A 0.00 0.00 0.00 0.00 0.00 

ASV936 0.00 0.00 0.00 0.00 N/A 2.78 0.00 0.00 0.00 0.00 

Sericytochromatia 

ASV3373 0.00 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 13.95 

ASV3374 0.00 0.00 0.00 0.00 N/A 0.00 0.00 0.00 0.00 4.65 

Unknown                     

ASV826 0.00 0.00 0.00 0.00 N/A 0.00 0.04 0.00 0.00 0.00 
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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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