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Freshwater habitats are under increased pressures from human-induced landscape changes, and 

aquatic biodiversity is declining at unprecedented rates. There are potentially millions of 

undescribed invertebrate taxa, and this massive proportion of unknown diversity can impede our 

understanding of community composition and the conservation of freshwater habitats. Aquatic 

macroinvertebrates are commonly used bioindicators of environmental condition, yet these 

groups present significant challenges for morphological identification. The incorporation of 

molecular identification (e.g., DNA metabarcoding) can provide greater resolution to detect 

patterns in taxonomic richness and species distributions. In this thesis, I evaluated the efficacy of 

metabarcoding environmental DNA (eDNA) to capture the local community composition of 

aquatic macroinvertebrates in streams by comparing eDNA and tissue metabarcoding. I observed 

a significant lack of overlap between these two methods, suggesting that eDNA likely captures a 

different community altogether. Consequently, I used a bulk tissue approach to describe aquatic



 macroinvertebrate diversity in streams across a gradient of agricultural activity in Ontario, 

Canada. I observed over 1600 Operational Taxonomic Units (OTUs; a proxy for species) from 

149 invertebrate families and described unprecedented taxonomic turnover amongst adjacent 

patches in the same stream. Samples collected only ten meters apart shared few OTUs and were 

largely comprised of rare taxa, suggesting that assembly of these communities is extremely 

variable, even at small distances. I built upon these results by incorporating DNA metabarcoding 

in a metacommunity ecology framework to describe the environmental and spatial factors which 

influence aquatic macroinvertebrate community composition. I found evidence that both 

environmental filtering and dispersal-based processes work in tandem to influence stream 

communities, though there was also a strong influence of stochastic assembly given the 

proportions of unexplained variation and extremely high turnover between streams. A temporal 

influence was also revealed since stream communities were more strongly influenced by 

agricultural activity in the spring. In general, agricultural land use influenced aquatic 

macroinvertebrate composition, yet these effects may be mitigated by a larger riparian buffer. 

This thesis demonstrates the utility of DNA metabarcoding for both biomonitoring and 

ecological applications and stresses the importance of integrative approaches for freshwater 

conservation and sustainable agricultural practices.  
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1  

Introduction 

1.1 Thesis overview and context 

A major goal of ecological and conservation research is to understand the distributions of 

species across the planet and the factors which influence their diversity. A massive impediment 

to this task is simply the vast number of unknown species, particularly amongst invertebrate taxa, 

which thus impedes our understanding of the functions these organisms may play in a 

community or the rate at which they are being displaced or lost (Costello et al., 2013; May, 

2011). As of 2011, there were roughly 1.2 million described species of invertebrates (Zhang, 

2011), though even the most conservative of estimates suggest that there are more than six 

million species that have not been described and named by taxonomists (Mora et al., 2011). 

Other estimates range drastically from over eight million species for terrestrial arthropods alone 

(Stork et al., 2015), to over 300 million species total (André et al., 1994). 

Human-induced landscape changes have drastically altered our planet; however, we do 

not know how many invertebrate species there are nor what their losses may mean (May, 2011). 

As the human population is estimated to reach over nine billion by the year 2050 (United 

Nations, 2019), there is a pressing need to minimizing crop loss as well as increase food 
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production in order to ensure adequate food resources. However, in the midst of a climate crisis 

and a mass decline of biodiversity across numerous taxonomic groups, the need for sustainable 

agricultural land use that minimizes detrimental impacts to environmental resources and 

biological communities cannot be overstated. 

My thesis focuses on stream communities, as freshwater ecosystems are particularly 

threatened by human-induced landscape changes, and the preservation of freshwater is a 

necessity for both the natural world and for human wellbeing (Reid et al., 2019). My research 

program explores the effect of agricultural land use on aquatic macroinvertebrates as these 

groups have long been recognized as indicators of environmental condition (Rosenberg & Resh, 

1993), and insects have recently been the subject of massive declines in abundances (Hallmann 

et al., 2017; Montgomery et al., 2020; Wagner et al., 2021). To understand the impacts of 

agriculture on freshwater communities and inform best management practices, we must be able 

to 1) adequately describe invertebrate biodiversity and 2) integrate both the local and landscape-

scale processes that can influence stream habitats and community composition.  

Due to the limitations in our knowledge of overall taxonomic richness (e.g., undescribed 

species), and because invertebrates pose challenges to traditional morphological identification, 

my thesis incorporates a molecular approach for invertebrate identification through high-

throughput sequencing (HTS), or DNA metabarcoding (section 1.4.1; goal one above). Aquatic 

macroinvertebrates can be identified to species-level resolution using molecular methods, 
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providing a unique opportunity to test these techniques for use in community ecology and 

environmental assessments. In this thesis, I have generated HTS datasets to explore patterns of 

invertebrate distribution through the lens of metacommunities, rather than isolated habitats 

affected only by the immediately adjacent habitat (section 1.3; goal two above). Metacommunity 

theory describes the structuring processes of numerous biological communities across a 

landscape that are connected via the dispersal of multiple interacting taxa (Leibold et al., 2004; 

Leibold & Chase, 2017). This theory stresses the importance of considering all processes which 

affect community composition at both the regional and local scales, including biotic interactions 

as well as abiotic environmental factors. 

1.1.1 Study region 

The study region in this thesis is located on the north shore of Lake Erie in southwestern 

Ontario and includes streams in six quaternary watersheds, which drain into the Central and 

Eastern basins of Lake Erie: Big Creek, Catfish Creek, Dedricks Creek, Grand River (Nith 

River), Kettle Creek, and Otter River (see Table 1-1 for monthly mean discharge rates). Previous 

research has described the harmful effects of land use and climate change on the Great Lakes in 

Ontario and the United States (including Lake Erie), particularly in terms of nutrient enrichment 

and harmful algal blooms (e.g., Allinger & Reavie, 2013; Sweeney, 1993; Watson et al., 2016). 

Streams transport sediments and nutrients to lakes, and small tributaries can contribute 

significantly to the eutrophication of Great Lakes (Mooney et al., 2020). Streams can be adjacent 
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to crops and therefore experience both local (adjacent riparian zone alterations) and landscape 

(run-off from the entire catchment area) scale influences, making them an excellent candidate for 

the incorporation of a metacommunity perspective into biomonitoring programs.   

It is important to recognize that southern Ontario has a history of intensive land use and 

has been farmed heavily for well over a century. The north shore of Lake Erie has been 

extensively developed over the past centuries, with European settlement beginning in the late 

1700s. The region subsequently underwent extreme deforestation (estimated forested land cover 

declined from 70% to 15%) to clear land for crops and livestock (Lake Erie Source Protection 

Region, 2008). Historically, crops were primarily tobacco and wheat, though as the decades 

passed corn and soy became more popular crops (Reeds, 1959). After many decades of intensive 

farming, the crop land began to decline to productivity in the 1850s due to erosion and depletion 

of the organic layer of soil (Lake Erie Source Protection Region, 2008). This region has thus 

undergone nutrient enrichment through the application of nitrogen-based fertilizers to improve 

crop productivity. 

Canada’s agricultural industry has continued to grow in the 2000s, and southwestern 

Ontario contains the highest proportion of agricultural land cover in eastern Canada (Eilers et al., 

2011; Figure 1-1). This region remains of great economic importance for the province as it 

produces large percentages of Ontario’s agricultural output, including vegetables, fruit, and grain 

(Ontario Ministry of Agriculture, Food and Rural Affairs, 2017). In a 2010 report, Agriculture 
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and Agri-food Canada reported that in recent decades, this agricultural output had resulted in an 

increased risk of water contamination, a decrease in soil health, a decrease in habitat capacity, 

and an increase in harmful emissions as a result of agricultural activities (Eilers et al., 2011). The 

current and historical land use along the north shore of Lake Erie means the region has been 

homogenized for a long period of time, and that while local conservation areas and other forested 

patches are present, they all exist in a broader landscape of agricultural land use. 

1.2 Stream ecosystems 

1.2.1 Stream ecology and riparian linkages 

Stream habitats support complex ecological communities which link aquatic and 

terrestrial habitats. For example, many stream insects have an aquatic larval phase and a 

terrestrial adult phase (Merrit et al., 2008), and thus contribute to pollination of wild and 

cultivated plants (Raitif et al., 2019) and are part of food webs spanning multiple trophic levels 

(Baxter et al., 2005). The basis of stream food webs typically changes from allochthonous inputs 

(e.g., infall of terrestrial vegetation feeding detritivores) to autochthonous production (e.g., algal 

primary producers) as streams move from headwaters to larger, higher-order streams (i.e., the 

river continuum concept; Vannote et al., 1980). In addition to habitat changes over the entire 

riverine network, stream channels are often heterogenous both spatially and temporally, meaning 

there can be distinct microhabitat patches at small spatial scales, which vary over time (Allan & 
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Castillo, 2007). The heterogenous nature of these systems is influenced by macro-scale processes 

(geology of the region, the overall topology which affects water flow, landscape-scale vegetation 

and land cover, climate) and more immediate habitat factors (e.g., the position in a stream 

network and the adjacent environmental conditions; Allan & Castillo, 2007). To establish at a 

site (e.g., community assembly), species must therefore pass through a variety of environmental 

filters, which include the regional species pool and conditions across the watershed, stream 

channel, and distinct microhabitat patches (Kraft et al., 2015). 

 In addition to their ecological importance, streams also provide valuable ecosystem 

services. Streams provide fresh water for consumption, as well as for industrial and agricultural 

applications (Allan & Castillo, 2007), and roughly 11 million people depend on Lake Erie for 

drinking water (see Watson et al., 2016). Lake Erie and its tributaries are also of great economic 

importance to various industries in Ontario (and the United States), including fisheries and 

recreation (see Watson et al., 2016). Unfortunately, streams and other freshwater habitats are 

vulnerable to anthropogenic stressors, including agriculture, which can cause habitat degradation 

in a number of ways (Albert et al., 2021; Dudgeon, 2019), and freshwater biodiversity is 

declining at a faster rate compared to terrestrial and marine ecosystems (Reid et al., 2019). The 

preservation of freshwater habitats is of paramount importance, and both biomonitoring and 

ecology have been identified as key research priorities to prevent further loss of these systems 

(Maasri et al., 2022). 
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1.2.2 Agricultural land use 

Stream habitats are tightly linked to the riparian zone and surrounding terrestrial 

landscape, and thus are highly influenced by agricultural land use (Hladyz et al., 2011). Cropping 

can result in the deterioration of habitat and water quality, in addition to altering biological 

communities (Roth et al., 1996). The clearing of riparian vegetation to create space for crops 

causes an increase in water temperature through lack of shading and reduces habitat complexity 

through the loss of woody debris (Allan, 2004). The loss of the riparian buffer can also alter 

stream food web pathways due to the reduction of terrestrial inputs into streams (e.g., leaf litter, 

terrestrial invertebrates; Champagne et al., 2022). Land use alters the volume and timing of 

hydrological inputs by changing the water flow regime (Poff et al., 1997). The run-off from 

agricultural fields results in eutrophication from fertilizers, contamination from pesticides and 

pollution, and an increase in sedimentation and erosion (Allan, 2004). The stream stretch itself 

can be changed through channelization (i.e., the straightening of the natural meander of a stream 

channel to allow for more crop space), which reduces microhabitats and changes flow regime 

(Allan, 2004). In addition to local and regional changes, the effect of agricultural impairment can 

vary seasonally, and to understand the effect agricultural land use has on communities, an 

integrative metacommunity approach is necessary to incorporate these multiple structuring 

factors. 
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1.2.3 Aquatic macroinvertebrates and biomonitoring 

Aquatic organisms are sensitive to anthropogenic stress and can be negatively impacted 

by the changes in water chemistry, stream nutrients, and habitat quality described above. 

Bioindicators are species or taxonomic groups that will respond predictably to environmental 

changes (Cairns & Pratt, 1993), and are often used to evaluate the degree of disturbance in a 

habitat (Norris & Hawkins, 2000). Aquatic macroinvertebrates are the most commonly used 

bioindicators in freshwater systems and have a history of effective use in North America (e.g., 

Bonada et al., 2006; Environment Canada, 2014; Rosenberg & Resh, 1993; USA Environmental 

Protection Agency, 2002) and Europe (Knoben et al., 1995). Aquatic insects are functionally and 

taxonomically diverse and are an important trophic link in aquatic systems, making them 

excellent candidates for ecological research. Aquatic insects are speciose, have varied life cycles 

(i.e., some organisms transition from aquatic larvae or nymphs to terrestrial adults), differ in 

dispersal abilities, comprise multiple trophic levels, interact with each other and other organisms 

(e.g., fish, aquatic and riparian vegetation), and cover a broad range of functional traits, including 

functional feeding groups (e.g., different strategies of predation and acquiring nutrients; Merrit et 

al. 2008). In addition to this diversity of life histories, stream insects also provide functional 

ecosystem services in agricultural landscapes (Raitif et al., 2019). 

 The insect orders Ephemeroptera, Plecoptera, and Trichoptera (EPTs) are typical targets 

of environmental assessments because of their established sensitivities to changes in water 
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condition (Lenat, 1988). Chironomidae, a diverse and ubiquitous family of dipterans, can be used 

to identify areas of moderate impairment as diverse communities can persist in habitats altered 

by anthropogenic impacts (Lenat, 1983). However, it is important to note that stream 

communities are complex and heterogenous, and the responses to habitat alterations can vary 

within a genus or family. For example, trichopteran species within the same genus (e.g. Ceraclea 

sp.) vary in their tolerance of pollution (Resh & Unzicker, 1975); however, the majority of 

freshwater assessments are performed at coarser taxonomic resolution (e.g., the Ontario Benthic 

Biomonitoring Network; Jones et al. 2007). It is also possible there are multiple unique 

compositions along a gradient of disturbance, rather than a single ‘reference condition 

community’ and an ‘impaired site community’, and a whole-community approach can provide 

valuable insight into these dynamics. 

1.3 Metacommunity ecology 

1.3.1 Metacommunity theory 

Prior to the introduction of metacommunity ideas into ecology, the majority of 

community ecology focused on the influence of local environmental factors. A major exception 

is MacArthur and Wilson's (1967) seminal work on Island Biogeography, which accounts for the 

role of dispersal and regional factors on community dynamics. Decades later, this idea of 

dispersal distance continues to be incorporated into modern community ecology. 
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Metacommunity theory has emerged as an important concept in modern ecological research and 

describes several paradigms linking local and regional communities through the dispersal of 

multiple interacting taxa (Leibold et al., 2004; Leibold et al., 2017). Two main themes in 

metacommunity literature are environmental heterogeneity and spatial processes, which builds 

upon a long-standing debate surrounding the relative influences of deterministic (i.e., niche) and 

stochastic (i.e., neutral) processes in ecology (e.g., Chase, 2014; Hubbell, 2011; Mikkelson, 

2005; Wennekes et al., 2012). 

 The first three metacommunity paradigms described in Leibold et al. (2004; species-

sorting, patch dynamics, and mass-effects) emphasize the role of environmental filtering 

(deterministic processes) in establishing communities. Under the species-sorting model, an 

abiotic or biotic ‘filter’ excludes taxa incapable of tolerating the environmental conditions 

present (Kraft et al., 2015). The environmental conditions then influence biological interactions 

(e.g., predation, competition, mutualism), which are thought to promote the coexistence of taxa 

that make use of different resources or niches and the local extirpation of poor competitors (Kraft 

et al., 2015). Differences between local communities are typically attributed to environmental 

heterogeneity and differences in dispersal distance or capability (Leibold et al., 2004). In other 

words, to establish at a local site, a species must be capable of dispersing to the habitat and 

tolerating the present environmental conditions. However, it is important to note that biotic 

interactions can also be influential in shaping communities. 
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 The mass-effects model describes a system where species-sorting should filter out taxa 

that are not optimized for the environmental conditions (a “sink” community), but because 

dispersal is high, these taxa are able to avoid local extinction through the high influx of frequent 

colonizers from a “source” community (Leibold et al., 2004). The patch dynamics paradigm 

describes patches as identical local habitats, each undergoing both stochastic and deterministic 

processes. Dispersal counteracts the impact of local extinction, and coexistence is based on 

trade-offs between competitive ability and dispersal (Leibold et al., 2004). More recently, 

Winegardner et al. (2012) have suggested that mass-effects and patch-dynamics should instead 

be viewed as special cases of the species-sorting paradigm that differ between high- versus low-

dispersal extremes, respectively. This has the benefit of including all aspects of a system (e.g., 

both abiotic and biotic ‘filters’) across a range of spatial dynamics. 

 The fourth paradigm, which is fundamentally different from the species-sorting approach, 

is the neutral model, where taxa are assumed to use the same resources, and differences between 

local communities are attributed to stochastic processes including immigration, emigration, local 

extinctions and ecological drift (Bell, 2001; Chave, 2004; Hubbell, 2001). The neutral model 

proposed by Hubbell (2001) is distinct in that it assumes no species-specific differences in 

competitive or dispersal ability. Rosindell et al. (2012) suggest another interpretation of the 

neutral theory: species and individuals are not necessarily competitively the same, but equivalent 

in the sense that they are subject to the same stochastic forces (drift, local extinction, chance 
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dispersal). This ties the neutral theory back to species-sorting, where while a species may have 

specific habitat requirements, there is still an element of stochasticity surrounding its presence or 

absence in a suitable habitat.  

 An additional framework that has dominated modern ecology is coexistence theory and 

the equalizing and stabilizing models of community dynamics (Chesson, 2000). Stable 

coexistence between taxa can exist via equalizing or stabilizing interactions. Equalizing 

processes suggest that coexistence occurs due to differences in average fitness between taxa 

being minimized (Chesson, 2000). Alternatively, differences in niche requirements suggests that 

coexistence arises from intraspecific limitations being more abundant than interspecific 

limitation (stabilizing processes; Chesson 2000). Within the coexistence framework, neutrality 

can be considered as weak equalizing forces acting on species of similar or equivalent fitness 

(Adler et al., 2007). Under the neutral model, all taxa experience the same rate of local extinction 

or drift through stochastic processes, which promotes coexistence between competitively 

equivalent taxa.  

However, it is likely that these niche and neutral theories are not mutually exclusive and 

both processes can interact to shape a community (Adler et al., 2007). Similarly, the 

environmental filtering or species sorting concepts of metacommunity ecology do not need to be 

considered separate from biotic interactions. Both abiotic aspects (e.g., salinity or water 
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availability) and biotic aspects (e.g., microhabitats created by vegetation, facilitation, predation) 

contribute to the local environment (Thakur & Wright, 2017). 

1.3.2 Stream metacommunities 

In headwater streams, local environmental variables have been found to be the strongest 

structuring components of metacommunity dynamics (Göthe et al., 2013; Heino et al., 2012); 

however, the position of the stream branch in relation to the stream network (Brown et al., 2017; 

Grant et al., 2007) and dispersal capabilities of organisms (Cañedo-Argüelles et al., 2015) are 

also important in structuring communities. In a review of riverine metacommunity literature, 

Brown et al. (2011) suggested that focusing solely on local factors limits our comprehension of 

the dynamics and structure of communities. Processes occurring at regional scales can have 

strong influences on community composition. For example, Brown and Swan (2010) observed 

that the spatial component was a weak structuring force in headwater regions of streams and that 

environmentally similar headwaters had similar benthic invertebrate communities. However, in 

mainstem regions of streams, both environmental constraints and dispersal distance influenced 

community structure (Brown & Swan, 2010).  

 An issue with the metacommunity framework in streams is that there is no obvious 

separation between the local and regional habitat. Rivers and streams are unlike typical 

metacommunity “patches” or habitats due to their branching or dendritic nature (Grant et al., 
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2007). Additionally, dispersal is often directional, and thus both local and spatial signals could 

be masked by mass effects due to continuous dispersal downstream. Isolated habitats, such as 

ponds, allow for a clear boundary to be distinguished around the local habitat (from the point of 

view of aquatic organisms) because it is surrounded by unsuitable terrestrial habitat (Brooks, 

2000; Daniel et al., 2019) rather than being a continuous branch. Riverine systems therefore offer 

a unique perspective on metacommunity dynamics as there are no discrete boundaries between 

upstream and downstream habitat patches, and the constant flow of water can allow for 

continuous dispersal.   

1.4 Molecular ecology 

1.4.1 DNA barcoding and metabarcoding 

Over the past decade, there have been major advancements in molecular sequencing 

options to complement traditional morphological identification. In animal taxa, the mitochondrial 

cytochrome c oxidase subunit I (COI) gene has a high rate of evolution and can generally 

distinguish between even closely related species (Hebert et al., 2003). This forms the basis of 

DNA barcoding, which uses a standardized sequence to identify individual specimens to species 

(Hebert et al., 2003). DNA barcoding is particularly useful in the case of cryptic species, or when 

it is not possible to perform morphological identifications (Hebert et al., 2004). Standard DNA 

barcode sequences are obtained by extracting DNA from a single specimen or tissue sample, 
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followed by polymerase chain reaction (PCR) to amplify the barcode region of COI (or other 

target) and Sanger sequencing (Sanger et al., 1977) to obtain the ‘barcode’ sequence. In most 

cases, the voucher specimen is preserved, allowing for a combination of both morphological and 

molecular identifications which is especially effective for creating reference databases which can 

then be used to identify newly acquired sequences (e.g., BOLD - the Barcode of Life Database; 

Ratnasingham & Hebert, 2007).  

Aquatic insects present challenges to traditional morphological identification as some 

immature stages cannot be reliably identified, and routine monitoring is often performed by non-

expert taxonomists and therefore prone to errors in identification (Haase et al., 2006; Haase et 

al., 2010). Due to these constraints, environmental assessments using morphological 

identifications often use coarse taxonomic resolution (e.g. family-level), which could potentially 

mask species-level turnover within a genus or family, or not prove sensitive enough to detect 

impairment (e.g., Gleason & Rooney, 2017). Molecular identification is advantageous for aquatic 

macroinvertebrates as it can generate sequence data for immature stages, very small individuals, 

or even damaged specimens which otherwise cannot be identified (Sweeney et al., 2011). 

Generating fine-resolution taxonomic community datasets using DNA barcoding has proven 

valuable for biomonitoring and community ecology, as tolerances to environmental conditions 

can vary within a family or genus. When comparing approaches to identifying stream 

macroinvertebrates, Sweeney et al. (2011) found that identification method and resolution 
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changed the total number of observed taxa from 26 (amateur family-level identification), to 67 

(expert genus-level identification), 88 (expert species-level identification), and 150 (DNA 

barcoding OTUs). The four levels of aquatic macroinvertebrate identification yielded different 

sensitivities to community structure analyses and water-quality metrics, and DNA barcoding 

identifications were able to detect greater differences between sites (Sweeny et al., 2011). 

However, biodiversity assessments using insects and other invertebrates typically contain 

hundreds to thousands of individuals per sample and sequencing each specimen individually 

would be both cost and time prohibitive for studies incorporating multiple sites and time points. 

Metabarcoding, a method combining the principles of DNA barcoding with high 

throughput sequencing (HTS), involves parallel sequencing of numerous organisms (Taberlet et 

al., 2012). Through HTS, it is possible to sequence an entire sample (e.g., a kicknet sweep) in a 

single sequencing run that is both faster and more cost effective than traditional Sanger 

sequencing (Shokralla et al., 2012). Metabarcoding has huge potential for entomology, 

biomonitoring and community ecology, as HTS platforms can efficiently sequence samples 

which can then be matched against a reference sequence database (Elbrecht et al., 2017; 

Hajibabaei et al., 2011; Liu et al., 2020).  

However, there are challenges associated with HTS and there are a number of decisions 

to make for both laboratory and bioinformatics methods which can influence the quality of a 

dataset. For example, to approximate species-level identifications, sequences are often clustered 
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into Operational Taxonomic Units (OTUs; also referred to as molecular or MOTUs) based on a 

threshold of sequence divergence (e.g., 97% similarly). This clustering approach can match 

species delineations; however, it is dependent on the taxa of interest having a ‘barcoding gap’ 

where interspecies divergence is larger than intraspecies divergence in the target region (Čandek 

& Kuntner, 2015). A conservative clustering threshold (relatively larger divergence) can 

potentially lump closely related species together as a single OTU, while a stricter threshold 

(relatively smaller divergence) can ‘split’ species with high intraspecific divergence into multiple 

OTUs. In addition to OTUs, recent studies have avoided clustering sequences based on sequence 

similarity and have used a haplotype-level approach (ESVs/ASVs, exact/amplicon sequence 

variant; Callahan et al., 2016; Callahan et al., 2017; Porter & Hajibabaei, 2020). In addition to 

selection of clustering criteria, there are numerous other challenges to working with HTS data, 

which include developing effective and reproducible bioinformatics protocols to manage large 

datasets of sequences (Coissac et al., 2012). There is also the potential for laboratory protocols to 

skew biodiversity assessments, such as primer amplification biases (Elbrecht & Leese, 2015) or 

stochastic PCR sampling (Leray & Knowlton, 2017), and thus there is a clear need for robust and 

repeatable protocols that allow for accurate interpretation of DNA metabarcoding data (Zinger et 

al., 2019). 
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1.4.2 Environmental DNA 

In addition to directly sequencing individuals or entire samples, genetic information can 

be obtained through the collection of environmental DNA (eDNA), meaning the collection of 

organic material from a habitat directly (e.g., water, soil, air). Multispecies eDNA sequencing 

was originally applied to bacterial communities, but successful studies have been carried across 

numerous groups, including invertebrates, fish, and plants (Cristescu, 2014). The collection and 

sequencing of eDNA instead of voucher specimens has the potential to streamline and enhance 

the process of sampling aquatic insect communities and generating fine taxonomic resolution 

datasets. For example, Deiner et al. (2016) detected 296 families of eukaryotic metazoans along 

a Swiss river (approximately two-thirds belonged to the Arthropoda phylum) and observed 

greater family-level richness in eDNA sampling versus traditional kicknet collection.  

There are challenges surrounding the use of eDNA in field assessments as there is 

uncertainty about the fate of genetic material in aquatic systems (e.g., the origin, transport and 

longevity of eDNA; Barnes & Turner 2016). In streams, genetic material should flow 

downstream (Deiner & Altermatt, 2014; Jane et al., 2015), which can bias community datasets. 

For example, eDNA samples reflected a fish community composition more consistent with 

actual observation data in upstream samples compared to downstream (Nakagawa et al., 2018). It 

is also unclear how much variation exists in eDNA samples and how reliable these samples are 

(Barnes & Turner, 2016). Macher and Leese (2017) collected water samples for eDNA 
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metabarcoding at four proximate sample points in three different rivers and, in some streams, 

observed differences in community composition based on sample location (right or left river 

bank) or depth (top or bottom of water column). In addition to within-site variation, Macher and 

Leese (2017) also observed temporal variation in eDNA-generated community composition data, 

but not in all streams. The uncertainty surrounding the fate and variation of eDNA in riverine 

systems merits examination, as large variation in community datasets at small spatial scales 

could bias conclusions.  

Currently, knowledge gaps exist surrounding eDNA collection at a community scale in 

natural systems. It is unclear how closely eDNA sampling reflects the community composition 

physically present (e.g., within a kicknet sample) at a given location within a river. The 

collection of both voucher specimens and eDNA samples is considered an essential validation 

step in the reliability of eDNA datasets. Additionally, it is possible that eDNA samples collected 

from the same location may vary in the identity of organisms detected, and there is currently no 

benchmark to estimate this variability. At small sample scales, unreliable variation in eDNA 

samples can be detrimental to the goals of both biomonitoring and ecological research. However, 

spatial integration is less of an issue if sampling is occurring at larger spatial scales. Testing the 

variability of eDNA samples within a single location can inform best-practice protocols for the 

use of eDNA in environmental assessments.  
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1.5 Thesis summary 

In Chapter 1, I describe the major themes of my thesis and how my research fits into an 

existing framework of freshwater conservation, invertebrate biodiversity, metacommunity 

ecology, and DNA metabarcoding. In Chapter 2 (eDNA chapter), I address a major knowledge 

gap in eDNA research by comparing the overlap in invertebrate community composition 

between eDNA and kicknet metabarcoding samples collected from the same location. I found 

extremely low overlap in taxonomic composition between paired samples, suggesting that eDNA 

is sampling a different community than the local benthic macroinvertebrates. Based on these 

results, kicknet metabarcoding is probably a more accurate representation of local invertebrate 

communities in streams, and I take this into account in my next chapter. In Chapter 3 

(biodiversity chapter), I use DNA metabarcoding to unveil vast levels of diversity in stream 

systems. I demonstrate how family-level identification is drastically underestimating taxonomic 

richness in invertebrate stream communities and that samples taken only ten meters apart in 

streams have extremely high turnover. Thus, robust sampling regimes are required to uncover 

local biodiversity adequately (particular amongst the Chironomidae). In Chapter 4 

(metacommunity chapter), I take a metacommunity perspective and integrate local, spatial, and 

temporal processes and evaluate which factors contribute most strongly to metacommunity 

dynamics. Rather than focus explicitly on a single metacommunity paradigm (Leibold et al., 

2004), I use a more integrative approach (e.g., Winegardner et al. 2012) as it is likely that there is 
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more than one paradigm or set of processes that structure a community (e.g., dispersal, drift and 

selection; Vellend, 2016). I find an effect of both local and regional land use, as well as spatial 

position, suggesting all these factors interact to influence communities. However, I also observed 

that the strength of environmental variables changed seasonally, suggesting that communities 

respond differently at different points in the year. I also found evidence for large degrees of 

stochasticity in the dataset, as many changes in taxonomic composition were unrelated to 

environmental variables, and there was very high turnover between sites with few generalist 

taxa. Finally, in Chapter 5, I present a synthesis of my thesis research and major conclusions, 

highlight the significance of this research and how it fits into existing frameworks, and discuss 

limitations and how future research may build upon my work.  
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1.6 Tables 

Table 1-1: The monthly mean discharge (flow rate) in m3/s for each quartenary watershed in southern 

Ontario sampled for benthic macroinvertebrates. Codes below each watershed name correspond to the 

relevant hydrometric station. Values are displayed for 2018 and 2019 across the sampling period (May to 

September) as well as the yearly mean. All data obtained from the Historical Hydrometric Data portal 

(Environment and Climate Change Canada, 2022). 

 *Dedrick’s Creek data is included with Big Creek. 

 

Watershed Year 
Monthly Mean Discharge m3/s (May-September) Yearly 

Mean May June July August September 

Big Creek* 

(02GC007) 

2018 8.56 6.16 3.61 3.32 3.53 8.22 

2019 13.6 7.91 5.41 4.65 3.87 9.08 

Catfish Creek 

(02GC018) 

2018 1.4 0.61 0.503 0.54 0.437 3.89 

2019 7.54 1.71 2.28 0.99 0.31 3.95 

Kettle Creek 

(02GC002) 

2018 2.43 0.55 0.52 0.98 0.305 4.93 

2019 8.55 1.52 1.6 0.44 0.143 4.38 

Nith River 

(02GA010) 

2018 9.85 4.88 4.75 3.53 3.6 13.5 

2019 18.8 7.05 3.28 5.07 3.1 12.6 

Otter River 

(02GC026) 

2018 7.46 5.05 2.92 2.8 3.07 11.1 

2019 19.4 7.73 5.34 4.67 3.22 11.9 
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1.7 Figures 

 

Figure 1-1: A map of southern Ontario land use. Agricultural land use is in yellow, urban centers are 

represented in red, and green is forested space. Land use data were acquired from the Natural Resources 

Canada (2015). The black rectangle represents the rough location of streams sampled in this thesis. 
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2  

 

Assessment of stream macroinvertebrate communities with 

eDNA is not congruent with tissue-based metabarcoding 

 

A version of this chapter was published in Molecular Ecology (https://doi.org/10.1111/mec.15597) in 

2020. This manuscript was co-authored by Jennifer E. Gleason, Vasco Elbrecht, Thomas W. A. 

Braukmann, Robert H. Hanner and Karl Cottenie. JEG, RHH, and KC designed the study. JEG conducted 

the field work. JEG, VE, and TB conducted the lab work. JEG performed the analyses and wrote the 

manuscript. All authors edited and approved the final version. 

 

2.3 Abstract 

Freshwater biomonitoring programs routinely sample aquatic macroinvertebrates. These 

samples are time-consuming to collect, as well as challenging and costly to identify reliably to 

genus or species. Environmental DNA (eDNA) metabarcoding has emerged as a surrogate to 

traditional collection techniques and has been used in whole-community approaches across 

several taxa and ecosystems. However, the usefulness of eDNA-based detection of freshwater 

macroinvertebrates has not been extensively explored. Few studies have directly compared bulk 

sample and eDNA metabarcoding at a local scale to assess how effective each method is at 

characterizing aquatic macroinvertebrate communities. Here, we collected both eDNA and 
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kicknet samples at the same sample transect locations across nine different streams in southern 

Ontario, Canada. We observed minimal overlap in community composition between these paired 

samples. Bulk tissue metabarcoding resulted in a greater proportion of sequences belonging to 

metazoan taxa (over 99%) than eDNA (12%) and had higher OTU richness for 

macroinvertebrate taxa. We suggest that degenerate primers are not effective for invertebrate 

eDNA metabarcoding due to the high degree of non-target amplification and subsequent low 

yield of target DNA. While both bulk sample and eDNA metabarcoding had the power to detect 

differences between stream communities, eDNA did not represent local communities. Bulk 

tissue metabarcoding thus provides a more accurate representation of local stream 

macroinvertebrate communities and is the preferred method if smaller-scale spatial resolution is 

an important factor in data analyses.  

2.1 Introduction  

Freshwater habitats are particularly sensitive to changes caused by anthropogenic stress, 

including habitat degradation, pollution, and alteration of water inputs and flow (Dudgeon et al., 

2006). Bioindicators are species or taxonomic groups that respond predictably to environmental 

changes (Cairns & Pratt, 1993), and are often used to evaluate the degree of disturbance or 

habitat impairment (Norris & Hawkins, 2000). Aquatic macroinvertebrates are commonly used 

bioindicators in both lentic and lotic systems (Bonada et al., 2006; Cairns & Pratt, 1993); 
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however, they present challenges to traditional morphological identification as some immature 

stages cannot be reliably identified. The difficulty of identifying juvenile or damaged specimens 

can result in a significant amount of human error due to misidentification (Haase et al., 2006). 

Additionally, the vast diversity of macroinvertebrates compared to other groups (e.g., 

vertebrates, plants) and the large number of individuals per sample can make sorting samples 

challenging, and obtaining species-level taxonomic resolution requires taxonomic expertise and 

is both time consuming and costly (Marshall et al., 2006). Routine biomonitoring typically 

involves processing numerous samples, and due to the above constraints, environmental 

assessments based on morphological identifications often use coarse taxonomic resolution (e.g. 

family-level) as a surrogate (Buss et al., 2015). However, benthic macroinvertebrate families can 

be very diverse and contain genera and species across several different feeding guilds with 

specific habitat preferences or tolerances (Beermann et al., 2018a; Macher et al., 2016; Resh & 

Unzicker, 1975). Lumping species together using coarse-level taxonomic identification can mask 

species-level turnover within a genus or family, or not prove sensitive enough to detect 

impairment or other ecological patterns (e.g., Gleason & Rooney, 2017).  

 Due to the challenges imposed by morphological approaches, the use of molecular 

identification through high-throughput sequencing (HTS; e.g., DNA metabarcoding, Taberlet et 

al., 2012) has become increasingly popular for aquatic macroinvertebrate communities (Carew et 

al., 2013; Elbrecht et al., 2017; Hajibabaei et al., 2011; Keck et al., 2017). The use of molecular 
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identification can yield higher taxonomic resolution than morphological approaches (e.g., 

Serrana et al., 2019; Sweeney et al., 2011), and HTS platforms can efficiently and cost-

effectively sequence entire bulk specimen samples (Shokralla et al., 2014). Several 

metabarcoding studies (e.g., Elbrecht et al., 2017; Shokralla et al., 2014) have already 

demonstrated the ability of DNA-based taxonomy to resolve difficult-to-identify 

macroinvertebrate taxa. For example, Beermann et al. (2018a) detected 183 operational 

taxonomic units (OTUs) in the family Chironomidae (a diverse and ubiquitous family of Diptera) 

in a single stream mesocosm experiment. Chironomid larvae are often the most abundant family 

in macroinvertebrate samples (e.g., Beermann et al. 2018b; Gleason & Rooney, 2018), but are 

difficult to identify and are often lumped together as one group. Using metabarcoding, Beermann 

et al. (2018a) not only unveiled the vast diversity of chironomids within a single mesocosm, but 

also demonstrated that different groups displayed unique sensitivities to environmental stressors. 

Using DNA metabarcoding in lieu of coarse-level identification can reveal species-level 

responses that were previously hidden by taxonomic surrogacy and provide valuable information 

on the response patterns of organisms to changes in environmental conditions.  

Despite the continued cost-effectiveness of HTS platforms and utility of metabarcoding 

for biomonitoring applications, this approach still requires sorting hundreds or thousands of 

individual specimens from often debris-filled benthic samples. While sorting benthic 

macroinvertebrate samples does not require taxonomic expertise, it is still a time-consuming 
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process and can bottleneck freshwater monitoring research. In some cases, specimens can be 

ground without sorting (Pereira-da-Conceicoa et al., 2021), but it is not clear if that is a 

possibility for all stream conditions (e.g., samples with a lot of organic debris or sand). A 

potential solution is to bypass benthic samples all together and collect environmental DNA 

(eDNA) directly from water samples to characterize macroinvertebrate communities (e.g., 

Deiner et al., 2016; Hajibabaei et al., 2019; Macher et al., 2018; Mächler et al., 2019). This is 

appealing because it avoids the time-limiting step of physically collecting and sorting through 

bulk samples. In addition to saving costs and person hours, eDNA field sampling avoids 

disturbance to the stream bed and minimizes the risk of transferring aquatic pathogens between 

study sites, making it appealing from a biomonitoring perspective. The interest in the potential of 

eDNA to sample entire communities (e.g., through metabarcoding) has consequently increased 

(Creer et al., 2016; Deiner et al., 2017; Valentini et al., 2016). Deiner et al. (2016) demonstrated 

the power of eDNA methods to sample diverse communities by detecting 296 families of 

eukaryotic metazoans in a Swiss river. They compared these results to benthic kicknet sampling 

and observed greater family-level richness using eDNA, suggesting that eDNA may be a more 

effective method for monitoring taxon richness (Deiner et al. 2016). The promise of a sensitive 

and cost-effective tool has made eDNA appealing for biomonitoring and biodiversity science 

(Thomsen & Willerslev, 2015), and has prompted research exploring its applications across 

many different taxa and habitat types (Deiner et al., 2017). 
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However, there are currently many unknowns surrounding the origin, fate, and longevity 

of DNA in aquatic habitats (Barnes & Turner, 2016). The transport of eDNA is particularly 

important in lotic systems. Genetic material should flow downstream (Deiner & Altermatt, 2014; 

Jane et al., 2015), but the distance it can travel and how long it persists in the environment can 

vary. For example, Wacker et al. (2019) observed no decrease in eDNA signal from freshwater 

pearl mussels (Margaritifera margaritifera) along a 1.7 km stretch of  river, whereas Nukazawa 

et al. (2018) were able to detect common carp (Cyprinus carpio) as far as 3 km downstream from 

its source, while the amount of target DNA copies/L decreased with distance. When sampling for 

another species of mussel (Unio tumidus), Deiner & Altermatt (2014) discovered that the amount 

of eDNA decreased with distance but could still be detected up to 9.1 km from the source 

population. The potential of eDNA to travel far from its point of origin in rivers and streams 

means that eDNA presence may not reflect local communities but rather a landscape-scale 

integration of taxa present across the entire watershed (Deiner et al., 2016).  

The comparison of eDNA-generated community inventories collected via water samples 

to those collected or surveyed using standard methods like kick sampling is an essential 

validation step to determine the reliability of using eDNA for a given taxon and habitat type. For 

aquatic vertebrates, the comparison of eDNA to traditional collection techniques has been 

promising. For both amphibians and fish, Valentini et al. (2016) detected an equal or greater 

number of species using eDNA across several different aquatic habitats, and Fuji et al. (2019) 
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observed a 70% overlap in species composition when comparing eDNA metabarcoding to 

traditional sampling techniques for fish. However, the effectiveness of eDNA for sampling 

benthic macroinvertebrate communities has been mixed. In a targeted approach, Mächler et al. 

(2014) compared benthic kicknet samples and eDNA samples for six macroinvertebrate species 

(including gastropods, isopods, and insects) and observed medium to high concordance between 

detections for each sampling method. However, Hajibabaei et al. (2019) reported that overall 

Arthropod richness in Canadian wetlands was three times higher using bulk sample 

metabarcoding than eDNA metabarcoding and that there was only an 18% overlap in ESVs 

(exact sequence variants) between all pooled samples. While more taxa were detected using 

eDNA metabarcoding compared to bulk sample metabarcoding in New Zealand streams by 

Macher et al. (2018), more Metazoan (and classical bioindicator taxa) OTUs were detected using 

bulk sample metabarcoding. Since environmental sampling contains all the micro-organisms 

present in the water sample, it is possible that eDNA metabarcoding results in a higher amount of 

non-specific amplification than bulk sample metabarcoding (e.g, Pereira-da-Conceicoa et al., 

2021). While Macher et al. (2018) reported the proportions of OTUs belonging to major 

taxonomic groups detected using each method using presence-absence data, it is also informative 

to compare how targeted groups are represented by total sequence reads to determine which 

method best samples the community of interest.  
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Few studies have directly compared the community composition of aquatic 

macroinvertebrate samples collected using eDNA and kicknets and those that have focused on 

overall community dissimilarities between the two methods (Deiner et al., 2016; Macher et al., 

2018; Pereira-da-Conceicoa et al., 2021). By pooling all samples and comparing them, it is not 

possible to observe variations in community composition that occur at the site or stream level. 

For example, eDNA samples taken along the same transect in a river may not detect the same 

species because eDNA is not necessarily homogenously distributed in the water column. Macher 

and Leese (2017) collected water samples for eDNA metabarcoding at four proximate sample 

points in three different rivers and, in some streams, observed differences in community 

composition based on sample location (right or left river bank) or depth (top or bottom of water 

column). At small spatial scales, this patchy distribution of eDNA can be detrimental to the goals 

of biodiversity monitoring, and it is therefore important to compare paired bulk samples and 

eDNA samples directly.  

How closely eDNA sampling reflects the community composition locally present in the 

stream benthos remains unclear. Given that previous comparative studies have reported taxa 

unique to each sampling method, it is likely that eDNA sampled from the water column and bulk 

samples collected from the benthos at the same location detect different species. Here, we 

compared paired eDNA and bulk samples using three methods of aquatic macroinvertebrate 

identification: 1) coarse-level taxonomic resolution based on morphological identification of 
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bulk macroinvertebrate samples, 2) metabarcoding tissue from bulk macroinvertebrate samples. 

and 3) metabarcoding eDNA samples collected via water filtration. Based on previous studies 

and the uncertainties surrounding eDNA transport and persistence, we predicted that the 

communities generated using eDNA metabarcoding will differ from those collected using 

traditional kicknet collection (both morphological and HTS identification), and also contain 

substantially more non-target reads than metabarcoding of bulk invertebrate samples. While we 

expect there to be differences in community composition between these two collection methods, 

we aim to quantify this difference. A large difference in community composition (e.g., minimal 

overlap in OTUs) would be important to consider for river assessments. To test these predictions, 

we determined the overall composition between major groups at both the OTU- and sequence 

read level and compared dissimilarities between methods. Additionally, we addressed an existing 

knowledge gap by comparing the ‘overlap’ in OTU identity between paired bulk and eDNA 

samples rather than the overall difference between pooled samples. Previous studies have 

combined entire eDNA datasets to compare against similarly pooled bulk tissue samples, and this 

does not accurately reflect whether or not an OTU was detected by each method at the same site. 

We further hypothesized that both molecular approaches will provide higher taxonomic 

resolution and thus have a stronger stream-level signal than coarse-level morphological 

identification. Finally, between the two metabarcoding approaches (bulk sample and eDNA), we 

expected that bulk samples will be better able to characterize aquatic macroinvertebrate 
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communities at the stream level because kicknet collecting is sampling from the local benthos, 

whereas eDNA sampling likely incorporates community information from larger spatial scales. 

2.2 Methods 

2.2.1 Field work 

Site selection 

We selected three streams in three adjacent watersheds that drain into Lake Erie for a 

total of nine stream sites in southern Ontario, Canada (Figure 2-1A). The sites were located 

either on Conservation Authority properties or on privately owned land with farms in the 

catchment and thus ranged across a gradient of local and landscape-level agricultural activity. At 

each stream, we selected a downstream and upstream transect location approximately 50 m apart. 

Six sites were sampled once at each upstream and downstream transect (2 samples total), and 

three sites were sampled more intensively (5-6 samples total, split between upstream and 

downstream sampling locations) for both eDNA and benthic macroinvertebrate sampling (Figure 

2-1B). 

eDNA collection 

We collected eDNA by filtering 1.5 L of water through a 5 µm nitro-cellulose filter on 

site using the ANDe backpack system (Thomas et al., 2018). We selected a 5 µm filter over a 
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smaller pore size as our stream sites were turbid, and we chose to prioritize total volume filtered 

over a smaller pore size, as suggested by Thomas et al. (2018). At each site, we also filtered 1.5 

L of de-ionized water through a 5 µm filter as a negative field control to assess the amount of 

field contamination that occurs during eDNA sampling. We preserved each eDNA filter (or 

negative control) in a 2 mL vial filled with 95% ethanol. The samples were stored in a cooler 

during transit from the field site and then stored in a -80°C freezer until DNA extraction. 

Benthic macroinvertebrate collection 

After eDNA sampling, we collected benthic macroinvertebrates using a standard 3-

minute travelling kick-and-sweep transect using a 500 µm mesh D-net based on the Ontario 

Stream Assessment Protocol (Stanfield, 2017). All collected material was sorted using a 500 µm 

sieve, and benthic macroinvertebrates samples were preserved on site in 95% ethanol. We 

transported the samples back to the laboratory in a cooler and stored them at 4°C until further 

processing. 

2.2.2 Laboratory work 

Benthic sorting and tissue DNA extraction 

Benthic macroinvertebrate samples were sorted and identified to family-level resolution 

for arthropods and phylum-level for molluscs and annelids. We air-dried the benthic 
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macroinvertebrate samples on a clean lab bench in grinding tubes covered with Kimwipes to 

prevent infall. Once dry, we ground the tissue samples at 4000 rpm for 30 minutes using an IKA 

Tube Mill with 20 mL tubes and ten 4 mm diameter steel beads (IKA, Staufen, Germany). 

Smaller samples were ground in 2 mL reaction tubes with two steel beads using a TissueLyser II 

(Qiagen, Hilden, Germany) set to a speed of 30 hz (or 1800 oscillations a minute) for one 

minute. After homogenization, we transferred an average of 18.89 mg (± 7.95 SD) of each 

sample to a sterile 2 mL tube. We extracted DNA from ground tissue powder using a DNeasy 

Blood & Tissue kit and (Qiagen, Hilden, Germany) and visualized the products using agarose gel 

electrophoresis.   

eDNA extraction 

We used a CTAB extraction protocol for DNA extraction from the eDNA filters (see 

Turner et al., 2014). We cut each filter into eighths and placed two filter pieces into a 2 mL vial 

containing approximately 100 µL of sterilized glass beads and 500 µL of pre-warmed (65°C) 

CTAB lysis buffer (VWR International, Radnor, PA, USA) for a total of four vials per filter. We 

homogenized the samples using a TissueLyser II (Qiagen, Hilden, Germany) at 30 hz for two 

rounds of thirty seconds each followed by an incubation period of one hour at 65°C with periodic 

inversion. We added 500 µL of 24:1 chloroform:isoamyl alcohol (Sigma Aldrich, St. Lewis, 

MO, USA) to each sample, mixed briefly using a vortex and then centrifuged at 13,000 g for 15 

minutes. After centrifugation, we transferred the supernatant to a new tube and repeated the 
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addition of 24:1 chloroform:isoamyl, mixing and centrifugation. We transferred the resulting 

supernatant to a new tube and added an equal volume of isopropyl alcohol (Thermo Fisher 

Scientific, Inc., Waltham, MD, USA) and half this volume of 5M NaCL solution (Sigma Aldrich, 

St. Lewis, MO, USA). DNA was precipitated overnight at -20°C. The following day, we 

centrifuged samples at 13,000 g for 15 minutes and discarded the supernatant. We washed the 

remaining pellets with 70% ethanol, allowed them to air dry, and then resuspended them in 25 

µL of Low TE buffer (Sigma Aldrich, St. Lewis, MO, USA). We briefly warmed the samples to 

65°C and recombined each quarter sample into a single tube (for a total volume of 100 µL DNA 

extract for sample). We visualized the extracts using agarose gel electrophoresis and quantified 

them using a NanoDrop 8000 Spectrophotometer (Thermo Fisher Scientific, Inc., Waltham, MD, 

USA). 

PCR amplification, library preparation and sequencing 

We amplified a 421 base pair region of the mitochondrial gene cytochrome c oxidase 

subunit I (COI, the animal DNA barcode region; Hebert et al., 2003) using primers designed and 

validated for freshwater macroinvertebrates (BF2 + BR2; Elbrecht & Leese, 2017). We prepared 

the PCR reaction using a Qiagen multiplex PCR kit (Qiagen, Hilden, Germany) with a total 

volume of 25 µL for each reaction. Each reaction contained 1 µL DNA extract (bulk sample 

concentration = 327.22 ng/µL ± 275.52 SD; eDNA average concentration = 56.61 ng/µL ± 35.26 

SD), 12.5 µL Qiagen master mix, 10.5 µL molecular grade water and 0.5 µL (concentration: 0.2 
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µM) of each primer (BF2 + BR2). Twelve negative controls were included containing 1 µL of 

molecular grade water in place of DNA. Our thermocycling profile was a 95°C initial 

denaturation for five minutes; 25 cycles (35 for eDNA) of 95°C for 30 seconds, 50°C for 30 

seconds, and 72°C for 50 seconds; and a final extension at 72°C for five minutes. The size of the 

PCR products was verified using agarose gel electrophoresis. For one paired sample set (e.g., one 

bulk tissue and one eDNA sample from the same site), we included a technical replicate to assess 

PCR stochasticity.   

We used a two-step PCR approach, amplifying COI using BF2 + BR2 primers (Elbrecht 

& Leese, 2017) in the first step, and fusion primers for sample tagging in the second step 

(Elbrecht & Steinke, 2018). For the second PCR, we followed the same PCR protocol as above 

with the following changes: 1 µL of PCR product from the first reaction, 12.5 µL Qiagen master 

mix, 9 µL molecular grade water, and 1.25 µL each of a forward and reverse fusion primer pair 

(concentration: 0.2 µM). Our thermocycling protocol included an initial denaturation at 95°C for 

five minutes, 15 cycles of 95°C for 30 seconds, 50°C for 30 seconds and 72°C for two minutes.  

After this second PCR reaction, we normalized the DNA concentration using the 

SequalPrep Normalization Plate (96) Kit (Thermo Fisher Scientific Inc., Waltham, MD, USA). 

We then pooled the library, separated it into eight aliquots, and used SPRIselect clean up (0.76 

ratio; Beckman Coulter Life Sciences) to purify the amplicons and remove primer dimers from 

the normalized library. The aliquots were then pooled again and quantified using a Qubit HS kit 
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(Thermo Fisher Scientific Inc., Waltham, MD, USA). We submitted the pooled library to the 

Advanced Analysis Centre, University of Guelph, Ontario, for sequencing using the Illumina 

MiSeq platform with 300 paired-end sequencing and 5% PhiX spike in. 

2.2.3 Bioinformatics pipeline 

We assessed the raw sequence data quality with FastQC v.0.11.9 (Andrews, 2019) and 

used the bio-informatics platform JAMP version 0.67 (http://github.com/VascoElbrecht/JAMP). 

After demultiplexing samples with JAMP, we used USEARCH (v. 11.0.667; Edgar, 2010) to 

merge paired-end reads and cutadapt (v. 1.15; Martin, 2011) to remove primers from sequence 

reads. We trimmed the primers from the sequences, resulting in the 421 bp target region (COI 

region amplified by BF2 + BR2) and filtered out low-quality sequences (maximum expected 

error = 1). We clustered OTUs using USEARCH (v. 11.0.667; Edgar, 2010) with a minimum 

match criterion of 97% similarity. After clustering, we removed singletons (OTUs present in one 

sample) and OTUs with very low sequence reads (minimum 0.01% abundance in at least one 

sample to retain an OTU). We used the Barcode of Life Database (BOLD; Ratnasingham & 

Hebert, 2007) reference library to assign taxonomic information to OTUs.  

2.2.4 Data analyses 

We performed all data manipulation and statistical analyses using R version 3.5.3 

statistical software (R Core Team, 2019). Before any analysis, we subtracted the maximum read 

http://github.com/VascoElbrecht/JAMP
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number of OTUs present in the negative controls from the rest of the samples. For eDNA 

samples, we also subtracted the maximum read number of OTUs present in the corresponding 

field negative control (i.e., eDNA had both field and laboratory negative controls). To compare 

the diversity between bulk sample tissue metabarcoding and eDNA metabarcoding, we 

calculated the total number of OTUs belong to major taxonomic groups (invertebrates, Algae, 

Bacteria, other). We repeated this using the number of sequence reads (instead of OTUs) to 

address better the degree of unspecific amplification between each method. We then removed 

any non-target taxa from the dataset for subsequent analyses (e.g., we focused only on 

arthropods, molluscs and annelids). Finally, OTUs that had less than a 90% similarity match to 

the BOLD reference database (e.g., identification not reliable beyond family-level resolution; see 

Emilson et al., 2017; Kuntke et al., 2020) were removed from the dataset. We thus obtained two 

OTU tables of high-quality presence/absence taxa based on 1) bulk sample tissue metabarcoding 

and 2) eDNA metabarcoding, in addition to a coarse-level taxa table based on morphological 

identification of bulk sample macroinvertebrates. 

To test our prediction that bulk samples and eDNA do not sample the same community, 

we compared OTU presence/absences in each transect by calculating the number of OTUs 

shared by each paired eDNA and benthic sample (e.g., the overlap) and the number of OTUs that 

were unique to each sampling method. Next, we scaled back identifications to match those used 

in the coarse-level morphological dataset (family-level for Arthropoda, phylum for Annelida and 
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Mollusca) and calculated Jaccard dissimilarity scores between each different identification 

method (bulk sample morphology vs. bulk sample tissue metabarcoding, bulk sample 

morphology vs. eDNA metabarcoding, bulk sample tissue metabarcoding vs. eDNA 

metabarcoding) for each sample. We used a repeated measures ANOVA to determine if there 

was a statistically significant difference between dissimilarities, followed by post-hoc repeated 

measures ANOVAs to determine which groups differed. The repeated measures ANOVA allows 

us to directly compare differences in Jaccard dissimilarity scores between paired samples, rather 

than overall differences between the methods, and therefore controls for variation due to site and 

watershed-level differences. 

To evaluate which sampling and identification method had the strongest stream-level signal, 

we used a distance-based redundancy analysis (RDA) with stream as the constraining factor. We 

calculated Jaccard dissimilarity indices based on presence/absence data for our three 

identification methods (coarse-level for morphology, OTU-level for both bulk sample and eDNA 

metabarcoding) and performed three ordinations using the ‘capscale’ function in the R package 

vegan (v. 2.4-2; Oksanen et al., 2017). The sample sites were symbolized by stream, and samples 

from the same stream were joined by a line for visualization. The differences in community 

composition within a site can also be visualized and assessed based on the RDA plots. To assess 

the significance of the ordination constraint (stream), we performed an ANOVA with 999 

permutations and calculated the adjusted R2 (Legendre & Legendre, 2012). 
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2.3 Results 

2.3.1 Sequence reads vs OTU counts 

The MiSeq run resulted in 18,142,288 sequence reads, and subsequent quality filtration 

retained 8,042,910 reads. Raw sequence data are available under the NCBI SRA ID: 

PRJNA575063. The OTU tables and taxonomic identifications used in our analyses, along with 

all metadata, are available as supplementary information (see Appendix 2). The negative field 

controls for eDNA (9 samples, one per stream site) contained 582,181 sequences, or 

approximately 7% of total sequence reads post-filtering (average of 64,686.78 sequences ± 

53587.61 SD and 113.22 OTUs ± 69.02 SD per sample). The negative lab controls (12) 

contained 230,532 sequences, which was roughly 3% of all sequences. Per sample, the negative 

controls contained an average of 19,221 sequences (± 25,080.71 SD) and 97.58 OTUs (± 49.74 

SD). The most common OTUs in the negative controls belonged to the insect orders Diptera and 

Lepidoptera. We had a total 6983 OTUs based on raw sequences. This was reduced to 6076 

OTUs after subtracting the maximum read number present in the negative controls (lab controls 

for all samples, field negatives for associated eDNA samples).  Prior to accounting for the 

negative controls, tissue samples contained a total 3,296,721 sequences (average of 109,890.7 ± 

60,496.2 SD sequences per sample) and 812 OTUs. The raw eDNA samples contained 3,933,476 

sequences (average of 126,886.3 ± 56,854.4 sequences per sample) and 5671 OTUs. As a result 
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of accounting for the negative reads, tissue samples were reduced by 197,337 sequence reads or 

99 OTUs. The eDNA samples were reduced by 182,642 sequence reads or 128 OTUs. We thus 

conclude that this method is not biased towards one sample type. 

After controlling for the reads present in negative controls, we compared the total number 

of both OTUs and raw sequence counts belonging to major groups between bulk tissue 

metabarcoding and eDNA metabarcoding. We observed a much higher amount of OTUs in 

eDNA samples (5543 OTUs) compared to bulk tissue samples (713 OTUs); however, the 

taxonomic composition of these OTUs varied considerably. In bulk tissue samples, the majority 

of the OTUs were arthropods, molluscs, or annelids (94%), followed by algae (3%) and bacteria 

(2%; Figure 2-2A). However, the majority of OTUs in eDNA samples were either bacteria (36%) 

or algae (32%; Figure 2-2B). More OTUs belonged to our three target phyla (Arthropoda, 

Annelida, Mollusca) in tissue metabarcoding samples compared to eDNA metabarcoding 

samples (21%). 

  While there were more OTUs present in eDNA samples, the total number of sequences 

between tissue and eDNA samples were similar (3,099,384 and 3,750,834 sequence reads, 

respectively). The majority of the sequences in the bulk tissue samples belonged to Arthropoda 

(87%), and over 99% of sequences (a total of 3,085,602) belonging to our target phyla (Figure 2-

2C). For eDNA, the sequences were represented by algae (73%), while sequence reads belonging 
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to target phyla only made up 12% of total eDNA sequences (a total of 456,770 sequences; Figure 

2-2D). 

2.3.2 Community dissimilarity between sampling methods 

After eliminating any non-target phyla from the dataset, we observed very little overlap in 

OTU identity between paired bulk and eDNA samples (Figure 2-3). Paired transects shared 

between 0 and 11 OTUs (or 0-18.03% of total OTUs) with an average shared percentage of 

5.43% ± 6.34 (SD). Most OTUs present in the overlap were unique (occurring in 1-3 samples), 

but OTUs matching Chironomidae (specifically Hydrobaenus sp. and Orthocladius oliveri at 17 

and 11, respectively) and Tubifex tubifex (in 9 paired samples) were the three most common 

OTUs shared between tissue and eDNA samples. 

To include an appropriate comparison with the morphological identification, we calculated 

community dissimilarity for all three identification methods scaled to family-level resolution (for 

Arthropoda), and to phylum for Annelida and Mollusca. The communities generated by eDNA 

metabarcoding were highly dissimilar to those generated by both morphological identification 

and bulk tissue metabarcoding (Figure 2-4). The Jaccard dissimilarity scores were significantly 

different between comparisons (repeated measures ANOVA: F2,56 = 74.73; p < 0.001; Figure 2-

4). Post-hoc tests revealed morphology and tissue had significantly lower dissimilarity between 

communities that the other sampling methods (Figure 2-4, Table 2-1). 
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2.3.3 Community composition and stream 

Stream identity was a significant predictor of community composition based on family-

level morphological identification (F8,20 = 2.1841, p = 0.001) and had an adjusted R2 of 26.21%. 

The stream constraint also explained a significant portion of the variation in stream communities 

for both bulk tissue (F8,20 = 1.8153, p = 0.001; Figure 2-5B) and eDNA (F8,20 = 1.7154, p = 

0.001; Figure 2-5C). The explained variation for bulk sampling was slightly higher for bulk 

tissue (adjusted R2 = 18.89%) than eDNA (adjusted R2 = 16.97%). While morphology had the 

highest explained variation, the RDA plot also had the most overlap in community composition 

between streams (Figure 2-5A). 

2.4 Discussion 

Our study compared paired bulk macroinvertebrates samples collected via benthic 

kicknet sampling to eDNA samples collected via water filtration. The bulk samples were 

identified both by coarse-level morphological identifications and via metabarcoding. Our goal 

was to evaluate the suitability of eDNA metabarcoding for local stream biomonitoring using 

aquatic macroinvertebrates as our focal community. We compared the collection methods by 

contrasting the overall richness and taxonomic overlap of paired samples collected via kicknet 

and aqueous eDNA sampling using a metabarcoding pipeline and determined how effective each 
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method was at characterizing stream communities. Previous work exploring community 

composition in streams generated by eDNA has reported differences in community composition 

based on pooled samples at coarse taxonomic resolution (e.g., Deiner et al., 2017; Macher et al., 

2018; Mächler et al., 2019). Here, we are interested in exploring differences at the local (rather 

than landscape) scale to ascertain which collection and identification method is most effective 

for aquatic macroinvertebrate biomonitoring. 

2.4.1 Sequence reads and OTU identity 

We observed greater overall OTU richness in eDNA versus bulk samples, which is 

consistent with the conclusions of previous eDNA metabarcoding studies in streams (Deiner et 

al., 2016; Macher et al., 2018). However, bulk sample metabarcoding yielded a greater 

proportion of OTUs belonging to macroinvertebrate phyla (94% of bulk sample OTUs were 

macroinvertebrates compared to 21% of eDNA OTUs). Our eDNA OTUs match the numbers 

described in Macher et al. (2018), who reported that 49.9% of OTUs were Metazoa in bulk 

samples compared to 21.2% in eDNA samples; however, our bulk samples contained 

proportionally more macroinvertebrate OTUs. In addition to calculating the number of OTUs 

belonging to our target groups, we also determined what proportion of the sequence reads were 

macroinvertebrates for both bulk samples and eDNA. We observed that over 99% of all 

sequences obtained via metabarcoding bulk tissue samples were invertebrates. Surprisingly, 

invertebrate taxa only made up a small percentage (12%) of eDNA sequences, which were 
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instead dominated by algal sequences. This large discrepancy between sequence read number 

between bulk sample and eDNA metabarcoding for macroinvertebrates is surprising, and we 

suggest that read number is an important component to include in the results of eDNA 

metabarcoding studies. Our results here indicate that bulk tissue metabarcoding is more effective 

at characterizing aquatic macroinvertebrate communities.  

 In our eDNA samples, the low proportion of non-macroinvertebrate sequences compared 

to algal sequences suggests a high amount of non-target amplification is occurring. In contrast, 

we observed very few non-macroinvertebrate sequences from bulk sample metabarcoding. In an 

in vitro test of marker choice (COI and 12S) and primer pairs for sequencing fish eDNA, Collins 

et al. (2019) determined that 12S performed better than COI due to the high occurrence of non-

specific amplification when using COI. It is possible that COI may not be an ideal marker for 

eDNA metabarcoding due to low reproducibility caused by non-specific amplification (e.g., 

Collins et al., 2019). Even if a degenerate primer mainly targets arthropod DNA, it may still 

amplify non-target DNA. Since eDNA sampling captures a large amount of non-target DNA 

(e.g., algae, bacteria) relative to arthropod DNA (as we demonstrate here), the detection of target 

taxa will be reduced when using a degenerate COI primer. Using ribosomal markers and primers 

with conserved binding sites can help (Collins et al., 2019; Elbrecht et al., 2016), but these 

markers lack the reference library that the standard barcode marker COI has. A robust reference 

library is particularly important when sequencing very diverse groups like arthropods and other 
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invertebrates. The choice of molecular marker and primer pair are of paramount importance for a 

metabarcoding study, and Collins et al. (2019) suggest that an ideal metabarcoding primer must 

successfully amplify the taxonomic group while also avoiding non-specific amplification. This 

dichotomy of a universal yet specific primer set may prove challenging to achieve for eDNA 

samples collected via water filtration, where the large proportion of prokaryotic groups present in 

the water column may overwhelm the target community, as seen in our results. However, recent 

studies have managed to reduce non-target amplification using a COI primer with limited 

degeneracy (Leese et al., 2021). While decreasing amplification efficiency for certain groups, 

most of the reads recovered from eDNA samples were target macroinvertebrate reads (Leese et 

al., 2021). While many degenerate primers designed for bulk metabarcoding are likely not 

suitable for eDNA samples, COI metabarcoding for eDNA samples can be effective if 

appropriate primers are designed, but this is not a trivial process. 

2.4.2 Community composition and taxonomic overlap 

We observed a very low overlap in taxonomic identity between paired bulk and eDNA 

samples using metabarcoding approaches to taxon identification. In some paired transects, there 

were no shared taxa between bulk samples and eDNA samples. To our knowledge, our numbers 

are the lowest reported overlap in OTU identity for stream macroinvertebrates. In Swiss streams, 

Deiner et al., (2016) report a 73% overlap between eDNA and kicknet samples identified 

morphologically across all the samples pooled and at family-level resolution. Similarly, Macher 
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et al. (2018) found a 64% overlap for EPTs (Ephemeroptera, Trichoptera, Plecoptera) for all 

samples pooled, and Mächler et al. (2019) observed a 62% overlap between bulk samples and 

eDNA at the genus-level. Contrary to these previous stream studies, Hajibabaei et al. (2019) 

compared bulk sample and eDNA metabarcoding at the individual site-level in wetlands using 

exact sequence variants (ESVs) and observed that the highest proportion of shared aquatic 

macroinvertebrate ESVs between eDNA and bulk sample metabarcoding was only 14%. 

Hajibabaei et al. (2019) clearly demonstrate the importance of taxonomic resolution when 

comparing similarities in community composition. Despite the difference in our study systems 

(lenthic vs. lotic), our results are most similar to Hajibabaei et al. (2019), and we observed very 

little taxonomic overlap between sample methods. It is likely that calculating the number of 

shared taxa between bulk sample and eDNA-generated community datasets after pooling all the 

samples does not accurately reflect the variation in community composition that occurs at the 

site-level, which would explain why our overlap percentages are much lower than previous 

studies (e.g., Deiner et al., 2016; Macher et al., 2018; Mächler et al., 2019). Additionally, 

comparing community composition at the family, or even genus, level is likely masking turnover 

within a group and artificially inflating overlap percentages.  

We expected there to be unique aquatic macroinvertebrate OTUs collected by each 

method, in part because eDNA effectively encompasses a larger sampling region (e.g., upstream 

and terrestrial run-off); however, we found it surprising that our results were so extreme. For 
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example, nearly one third of our paired samples did not share any OTUs. In addition to this lack 

of overlap, we were also surprised that bulk samples contained more unique macroinvertebrate 

taxa than eDNA samples. Previous literature has suggested that eDNA metabarcoding results in 

higher taxonomic richness than bulk samples (e.g., Deiner et al., 2016), likely due to the fact that 

eDNA is incorporating community information from upstream reaches. However, when 

considering only macroinvertebrate groups, bulk samples collected more unique taxa than 

eDNA. The higher richness of our bulk samples, combined with the minimal taxonomic overlap 

between the two methods, suggests that eDNA is not effectively characterizing the local aquatic 

macroinvertebrate communities in our study system.  

It is not clear why the overlap in our study is so low between bulk samples and eDNA, 

but several possibilities exist. The OTUs that were most commonly detected in both methods all 

belong to ubiquitous groups (Chironomidae, Elmidae, Oligochaeta). It is possible that aqueous 

eDNA sampling is not as effective at detecting less abundant benthic taxa, or that 

macroinvertebrates are shedding less eDNA into the water column than larger, more mobile taxa 

(e.g., fish and amphibians). Alternatively, the DNA shed by benthic dwelling macroinvertebrates 

could be retained in the sediment and is not being released into the water at high enough 

quantities to detect reliably. The fate of eDNA is not well understood, particularly for aquatic 

macroinvertebrates. Many of these groups are not active swimmers and spend much of their 

aquatic life cycle on or within the substrate, and it is unclear how much DNA is being shed by 

these organisms, let alone whether it is released into the water column or settles into the 
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sediment. Most of the research on the eDNA shedding rates of aquatic taxa focus on vertebrates 

(e.g., Wilcox et al., 2016), and perhaps the exoskeleton of arthropods results in less epithelial 

shedding. It is also possible that DNA is being moved downstream and the signal is being lost, 

but Hajibabaei et al. (2019) also observed low taxonomic overlap in wetlands where, 

theoretically, eDNA should be more concentrated. This discrepancy between bulk tissue and 

eDNA-generated community composition suggests that the two sampling methods are sampling 

different microhabitats within a stream (e.g., the water column versus the benthic substrate).  

For other freshwater groups, eDNA has been more successful at characterizing local 

communities. For example, visual and eDNA surveys were very concordant (between 73-93% 

overlap) for fish communities in large rivers (Pont et al., 2018). However, in marine 

environments, eDNA metabarcoding was more likely to detect algae and small-bodied 

invertebrates, and visual surveys primarily detected larger arthropods, such as kelp crabs (Shum 

et al., 2019). This suggests that visual or physical surveys are biased towards larger-bodied 

organisms; however, our kicknet sampling was more effective at surveying macroinvertebrate 

biodiversity than eDNA. 

2.4.3 Stream signal and implications for biomonitoring 

All three identification methods (family-level morphological identification, bulk tissue 

metabarcoding, eDNA metabarcoding) had a significant stream-level signal, meaning that stream 

had an influence on the community composition of aquatic macroinvertebrates for all sampling 
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and identification types. Surprisingly, coarse-level morphological identifications had the highest 

explained variation when we expected that molecular identifications would yield further insight 

into community patterns. While some studies suggest that little information is lost by using 

coarse-level taxonomy (e.g., Marshall et al., 2006), others demonstrated the power of using 

molecular identification to detect complex patterns within a family (e.g., Macher et al., 2016; 

Beermann et al., 2018a). When comparing approaches to identifying stream macroinvertebrates, 

Sweeney et al. (2011) found that identification method and resolution changed the total number 

of observed taxa from 26 (coarse family-level identification) to 150 (DNA barcoding). Likewise, 

the number of OTUs in our metabarcoding datasets greatly exceeded the number of families in 

the morphology dataset. The smaller amount of possible variation likely contributed to the higher 

adjusted R2  value for our morphological dataset. When observing the RDA plots, the 

morphological dataset (Figure 2-5A) had the most overlap in community composition between 

sites, whereas both bulk sample and eDNA metabarcoding had more unique community 

compositions between streams (Figures 2-5B and 2-5C). Based on this and the increased 

diversity, we still suggest that species-level resolution is preferred to detect patterns that occur 

within a family (e.g., Beermann et al., 2018a), and given the costs and challenges associated with 

morphological identification, bulk sample metabarcoding is an effective way to characterize 

macroinvertebrate biodiversity (e.g., Gibson et al., 2015; Elbrecht et al., 2017; Elbrecht & 

Steinke, 2018). 
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 Metabarcoding both bulk tissue and eDNA samples allowed us to detect differences in 

community composition between streams, indicating that each method is collecting communities 

that are unique to each stream. However, we determined that bulk tissue and eDNA are not 

sampling the same communities (e.g., sampling different stream microhabitats) as there was very 

little overlap in community composition between paired local samples. Our eDNA samples were 

lower in OTU richness than the bulk samples and perhaps did not capture sufficient aquatic 

macroinvertebrate eDNA to accurately characterize local stream communities. While increasing 

the number of biological and technical replicates could increase our detection success with 

eDNA (Alberdi et al., 2018), our current sampling method was robust enough to detect patterns 

using bulk samples. While we did not test for inhibition in the eDNA samples, partial inhibition 

could be occurring and could result in low-abundance OTUs not amplifying during PCR. 

Currently, inhibition testing is not common in the eDNA metabarcoding literature, but we 

suggest that future work explore the effect of inhibition in field samples, particularly for low-

abundance taxa. Another possibility for the lack of overlap in our study, and the low proportion 

of macroinvertebrate DNA in the water samples, could be that macroinvertebrate eDNA 

fragments are too small to be collected with 5 µm filters (Moushomi et al., 2019), but decreasing 

our filter pore size would have reduced the volume of water we were able to filter on site. 

Finally, despite precautions being taken during all sample processing and laboratory work, the 

sequences present in our negative controls indicate that contamination is still occurring and may 

increase the presence of false positives in our dataset. Morey et al. (2020) detected and reported 



 

 

64 

 

evidence of contamination in an eDNA metabarcoding study of a tropical fish aquarium and 

commented on the lack of standardization the field has for treatment of negative controls. Indeed, 

while most literature report that negative controls have been included in the dataset and 

somehow accounted for, there is little discussion of what is present in these controls or how the 

data were treated, indicating the need for transparency in future studies in order to develop 

appropriate thresholds (see Morey at al. 2020). While there is promising literature on the use of 

eDNA in routine freshwater assessments, such as its effectiveness for difficult-to-detect 

organisms (salamanders in Spear et al., 2015), there remain many methodological choices than 

can influence its success. Here, we demonstrate that metabarcoding bulk samples is more 

effective at representing local communities of aquatic macroinvertebrates than metabarcoding 

eDNA, but it is important to consider the influence of primer sets and marker choice on the 

results of such comparisons as degenerate COI primers may not be an appropriate choice for 

eDNA metabarcoding studies based on our results. 

2.4.4 Synthesis 

We observed that bulk sample and eDNA metabarcoding differ in community composition 

for stream macroinvertebrates, and that there is very little overlap in OTU identity at the site-

level. We demonstrated that morphological identification (at family-level resolution), bulk 

sample metabarcoding, and eDNA metabarcoding are all successful at characterizing stream 

communities. However, bulk tissue metabarcoding captured the highest aquatic 
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macroinvertebrate diversity in addition to detecting differences in community composition 

between streams. We suggest that eDNA does not adequately sample local aquatic 

macroinvertebrate DNA as it is not reflecting what we collected with kicknet sampling. While 

eDNA may be an effective tool for detecting physically larger and less diverse groups (e.g., fish, 

amphibians), there are still challenges associated with sampling macroinvertebrate eDNA. Future 

studies could further explore the differences in shedding rates between macroinvertebrates and 

vertebrates, or the fate of macroinvertebrate eDNA (e.g., water column versus substrate 

sampling; Westfall et al., 2019), in order to inform better sampling strategies. It is possible that 

aquatic macroinvertebrate DNA is being retained in the benthic sediments, and we suggest that 

future work comparing paired kicknet samples to both sediment and water eDNA samples would 

be a valuable contribution to the eDNA literature. We also acknowledge that methodological 

decisions in the field (pore size, volume of water filtered), lab (choice of polymerase, primer set, 

inhibition testing) and during bio-informatic processing of data (e.g., clustering thresholds) can 

all influence the results. We suggest that detailed methodological studies are important to address 

the challenges of eDNA, including mesocosm work that explores the influence of water quality 

parameters on eDNA success rates. Finally, eDNA detected more OTUs from non-arthropod 

groups (e.g., algae, bacteria), and there is the potential that our reliance on community 

composition of large-bodied invertebrates for bioassessments may need to revisited in the era of 

eDNA. However, here we conclude that eDNA does not match local aquatic macroinvertebrate 

communities, and if small-scale spatial resolution is important to a study design, metabarcoding 
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bulk samples is a more accurate representation of community composition. This work has 

important implications for biomonitoring programs, many of which already use aquatic 

macroinvertebrates as indicators. Incorporating metabarcoding pipelines into routine 

biomonitoring can provide greater estimates of biodiversity and thus provide better tools to 

detect ecological patterns and offer greater insight into stream condition. 
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2.5 Tables 

Table 2-1: Post-hoc repeated measures ANOVA values for Jaccard dissimilarity scores between 

each identification method (MO = family-level morphology; TI = metabarcoding tissue; eDNA = 

metabarcoding eDNA). 

Methods F1,28 p-value 

MO vs TI & MO vs eDNA 65.19 < 0.0001 

MO vs TI & TI vs eDNA 103.5 < 0.0001 

MO vs. eDNA & TI vs eDNA 0.032 0.86 
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2.6 Figures 

 

Figure 2-1: A) A map of nine stream sites in three sub-watersheds in southern Ontario, Canada and B) a 

diagram of our paired eDNA and benthic kick net sampling design. 
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Figure 2-2: Pie charts representing the major groups detected by bulk sample metabarcoding and eDNA 

metabarcoding (Invertebrates, Algae, Bacteria, Other). Panels A) and B) represent the number of OTUs 

and their identity in bulk tissue samples (713) and eDNA samples (5543 total). Panels C) and D) 

represent the total number of sequence reads and their identity in bulk tissue samples (3,099,384) and 

eDNA samples (3,750,834). 
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Figure 2-3: The number of OTUs unique and shared to each paired sample between sampling 

methods (bulk tissue metabarcoding and eDNA metabarcoding). Each stack bar represents one 

sample pair. A larger space between bars indicates that samples were taken from a different 

stream site. The T above two of the bars indicates that these are technical replicates. 
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Figure 2-4: Jaccard dissimilarity scores for comparisons between communities generated by three 

different identification methods (MO = morphology identification from bulk samples; TI = tissue 

metabarcoding from bulk samples, eDNA = eDNA metabarcoding from water samples; Repeated 

measures ANOVA: F2,56 = 74.73; p < 0.001). The lines represent the same paired sample set (bulk sample 

and eDNA) across each comparison. A different letter above a box plot represents a statistically 

significant difference. 
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Figure 2-5: Redundancy analysis (RDA) ordinations based on presence/absence Jaccard dissimilarity 

indices of aquatic macroinvertebrate community composition for A) morphological identification (coarse-

level identification), B) bulk sample tissue metabarcoding (OTUs) and C) eDNA metabarcoding (OTUs). 

Each symbol represents an individual sample (benthic kicknet or water filtration for eDNA) and lines 

connect samples collected from the same stream (different streams are also represented by different 

colours).  
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Hidden diversity – DNA metabarcoding reveals hyper-diverse 

benthic macroinvertebrate communities 

 

A version of this chapter is currently undergoing revisions at BMC Ecology & Evolution and is available 

on bioRxiv as a preprint (https://doi.org/10.1101/2022.02.28.481642). This manuscript was co-authored 

by Jennifer E. Gleason, Robert H. Hanner, and Karl Cottenie. JEG, RHH, and KC designed the study, 

JEG performed the field and laboratory work, performed the bioinformatics and data analysis, and wrote 

the first draft of the manuscript; JEG, RHH, and KC edited the manuscript and approved the final version. 

 

3.1 Abstract 

Freshwater ecosystems, such as streams, are facing increasing pressures from agricultural land 

use. Aquatic insects and other macroinvertebrates have historically been used as indicators of 

ecological condition and water quality in freshwater biomonitoring programs; however, many of 

these protocols use coarse taxonomic resolution (e.g., family) when identifying 

macroinvertebrates. The use of family-level identification can mask species-level diversity, as 

well as patterns in community composition in response to environmental variables. Recent 

literature stresses the importance of robust biomonitoring to detect trends in insect decline 

globally, though most of these studies are carried out in terrestrial habitats. Here, we incorporate 

molecular identification (DNA metabarcoding) into a stream biomonitoring sampling design to 
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explore the diversity and variability of aquatic macroinvertebrate communities at small spatial 

scales. We sampled twenty southern Ontario streams in an agricultural landscape for aquatic 

macroinvertebrates and, using DNA metabarcoding, revealed incredibly rich benthic 

communities which were largely comprised of rare taxa detected only once per stream despite 

multiple biological replicates. In addition to numerous rare taxa, our species pool estimates 

indicated that after 240 samples from twenty streams, there was a large proportion of taxa 

present which remained undetected by our sampling regime. When comparing different levels of 

taxonomic resolution, we observed that using OTUs revealed over ten times more taxa than 

family-level identification. A single insect family, the Chironomidae, contained over one third of 

the total number of OTUs detected in our study. Within-stream dissimilarity estimates were 

consistently high for all taxonomic groups (invertebrate families, invertebrate OTUs, chironomid 

OTUs), indicating stream communities are very dissimilar at small spatial scales. While we 

predicted that increased land use would homogenize benthic communities, this was not 

supported as within-stream dissimilarity was unrelated to land use. 

3.2 Introduction 

As the effects of climate change become more severe and we enter a sixth mass extinction 

event (Ceballos et al., 2015), it is now more than ever critical to conserve vulnerable habitats and 

slow the rate of biodiversity loss. While trends in vertebrate species have been easier to 
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document and traditionally received more attention (e.g., Ceballos et al., 2017, 2020; Rosenberg 

et al., 2019), the importance of insects and threats towards them have garnered a broader interest 

in the past decade with the publication of alarming trends in insect decline. For example, 

Hallmann et al. (2017) estimated that there has been a 75% decline in flying insect biomass in 

Germany since the late 1980s, and Sánchez-Bayo & Wyckhuys (2019) have predicted that 40% 

of insect species will be extinct in the next few decades. While there has been debate whether the 

decline will be as severe as Sánchez-Bayo & Wyckhuys (2019) predicted (e.g., Thomas et al., 

2019), it nevertheless remains clear that there is a consistent pattern of insect decline across a 

broad range of taxonomic groups and habitats in response to climate change and land use 

(Fourcade et al., 2019; Raven & Wagner, 2021; Wagner et al., 2021).  However, it is incredibly 

challenging to document accurately declines in insect abundance and diversity due to the lack of 

long-term records (Montgomery et al., 2020), and estimates suggest approximately 86% 

(upwards of six million) of terrestrial and freshwater eukaryotic species have yet to be described 

and named by taxonomists (Costello et al., 2013; Mora et al., 2011). As many existing insect 

population records are limited to a narrow geographic range and lack sufficient temporal scope 

(e.g., Thomas, 2005), the need for long-term, cost-effective biomonitoring projects to detect 

changes in insect communities has become increasingly apparent. 

Freshwater habitats, such as streams, are particularly threatened by anthropogenic land 

use and climate change, despite their irreplaceable ecosystem services (Albert et al., 2021; 
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Dudgeon, 2019). The biodiversity of freshwater systems is declining at a faster rate than marine 

or terrestrial habitats (Reid et al., 2019), stressing how essential stream biomonitoring and 

conservation projects are to preserve these ecosystems. Biomonitoring assessments often 

incorporate aquatic invertebrates, which are key bioindicator taxa and sensitive to habitat 

disturbances (Rosenberg & Resh, 1993). However, these groups present challenges to traditional 

morphological identification. For example, many immature larval stages cannot be reliably 

identified to species level, and routine monitoring is often performed by non-expert taxonomists, 

which can result in identification errors (Haase et al., 2006; Haase et al., 2010). Due to these 

constraints, environmental assessments using morphological identifications often use coarse 

taxonomic resolution (e.g., family-level) as a surrogate for species-level identification, which 

could potentially mask species-level turnover and ecological patterns within a family (e.g., 

Bringloe et al., 2016; Martin et al., 2016) or not prove sensitive enough to detect impairment 

(Gleason & Rooney, 2017). The limitations in time and financial resources, large volumes of 

samples, and either coarse taxonomic resolution or narrow taxonomic focus can be impediments 

to monitor stream systems exposed to complex physical and chemical stressors.  

The above challenges, combined with the need for species detection in an ongoing 

biodiversity crisis, has prompted research programs which suggest that molecular tools can 

provide a promising future for freshwater biodiversity assessments (Baird & Hajibabaei, 2012; 

Blackman et al., 2019; Pauls et al., 2014). Over the past decade, there have been major 
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advancements in molecular identification tools (e.g., high-throughput sequencing or 

metabarcoding; Cristescu, 2014; Taberlet et al., 2012), which have the potential to be 

incorporated into biomonitoring programs and ecological research. Metabarcoding has huge 

potential for environmental assessments as high-throughput sequencing (HTS) platforms can 

efficiently sequence and identify entire samples (Elbrecht et al., 2017; Taberlet et al., 2012). In 

previous studies comparing morphological identification and DNA metabarcoding of 

invertebrate communities, molecular methods have proven either equally or more effective than 

traditional approaches at investigating patterns of biodiversity (e.g., Beermann et al., 2018a, 

2018b; Elbrecht et al., 2017; Emilson et al., 2017).  

Very speciose taxa, such as the family Chironomidae (non-biting midges, a ubiquitous 

group of flies with a freshwater larval stage), can especially benefit from metabarcoding 

applications. Chironomids occupy most freshwater habitats and are often grouped at family-level 

resolution in assessments (Nicacio & Juen, 2015); however, a mesocosm experiment 

demonstrated that this family contained 183 operational taxonomic units (OTUs, a proxy for 

species) when using metabarcoding, and many OTUs had unique associations to water quality 

and physical habitat parameters (Beermann et al., 2018a).  

 While metabarcoding provides an avenue for efficient and cost-effective 

macroinvertebrate identification for biomonitoring programs, the variability of stream habitats 

can make it challenging to determine whether sampling efforts have been sufficient. Local 
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microhabitat-level conditions, such as riparian vegetation, sediment type, organic matter, and 

flow regime (e.g., riffle versus pool), are important factors in structuring benthic communities 

(Beisel et al., 1998; Dobson, 1994). Since stream microhabitats can vary on small spatial scales, 

this creates a very patchy system in terms of physical stream attributes and resources, and thus 

affects community composition of aquatic invertebrates (Heino et al., 2004). River and stream 

microhabitats are unlike typical habitat “patches” due to their branching or dendritic nature 

(Grant et al., 2007). Isolated habitats, such as ponds, have a clear boundary around the local 

habitat (from the point of view of aquatic organisms) because it is surrounded by unsuitable 

terrestrial habitat (Brooks, 2000). Riverine systems offer a unique perspective on community 

dynamics as there are no discrete boundaries between upstream and downstream habitat patches. 

The constant flow of water can allow for continuous dispersal, and defining a “local” community 

in streams thus poses a challenge for biomonitoring programs as it is unclear how much 

sampling effort is necessary to represent accurately diversity within a site. The knowledge gap 

surrounding the spatial extent necessary for adequate sample collection, combined with the 

potentially unknown taxonomic diversity of benthic invertebrates, can be uniquely answered by 

sampling methods based on metabarcoding principles to inform biomonitoring protocols and 

efficiently record biodiversity in stream systems.  

 Small-scale variations in stream habitats can be caused by both natural and anthropogenic 

processes, although loss of microhabitats (e.g., habitat homogeneity) is often associated with 
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adjacent agricultural land use, which results in channelization and reduction of riparian 

vegetation (Allan, 2004). Heterogeneous habitats tend to support higher species richness (Ortega 

et al., 2018; Stein et al., 2014), and it is perhaps unsurprising that increasing agricultural land use 

in the surrounding catchment area can cause taxonomic and functional homogenization in 

aquatic macroinvertebrates, resulting in more similar communities of ‘tolerant’ taxa (Siqueira et 

al., 2015, Martins et al., 2017). However, the relationship between beta diversity (a measurement 

of community dissimilarity) and both land use and habitat heterogeneity in stream 

macroinvertebrates is unclear and often case dependent. In Finland, Heino et al. (2013) 

determined that heterogeneity was not a significant predicator of invertebrate beta diversity in 

streams using a mix of species and genus-level identifications. Additionally, research using 

predominately genus-level identifications by Petsch et al. (2021) concluded that land use did not 

cause homogenization of stream invertebrates in boreal (Finland) or subtropical (Brazil) regions. 

However, contrasting patterns have been detected in New Zealand, where habitat heterogeneity 

was a strong driver of beta diversity in stream invertebrate communities (Astorga et al., 2014) 

and in North America (Maryland, USA) where Maloney et al. (2011) detected a negative 

relationship between beta diversity and increased pasture and crop cover.  

To address the spatial knowledge gap in streams, field collection needs to occur at an 

appropriate scale. The above studies of stream invertebrate beta diversity patterns are performed 

at large spatial scales (e.g., comparing beta diversity between major watersheds or geographic 
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regions), and there are few stream studies that explore spatial resolution at small scales (e.g., 

microhabitat level, but see Costa & Melo, 2008 and Heino et al., 2013). In addition to this, many 

of these studies are performed at variable taxonomic resolution using morphological 

identification (a mix of family, genus, and rarely species), focus on specific taxonomic groups 

(e.g., Heteroptera only; Dias-Silva et al., 2020), or exclude diverse insect groups such as 

chironomids (e.g, Astorga et al., 2014; Costa & Melo, 2008; Petsch et al., 2021). Molecular 

identification methods have been extremely effective at revealing incredibly diverse 

communities of terrestrial invertebrates (D’Souza & Hebert, 2018; Maggia et al., 2021; Steinke 

et al., 2021a, 2021b), and it is likely that using DNA metabarcoding to explore similar patterns in 

streams will provide greater insight into both alpha and beta diversity patterns.   

 In this study, we used DNA metabarcoding to determine how variable benthic 

invertebrate communities are at small spatial scales across three time points in a single year. We 

determined the importance of taxonomic resolution in revealing biodiversity patterns by 

performing all analyses at both family-level and OTU-level resolution. As chironomid OTUs 

generally comprise high levels of diversity in freshwater samples, we also repeated all analyses 

using only OTUs from this family. We assessed whether overall taxonomic richness is linked to 

land use and calculated within-stream dissimilarity to determine if small-scale changes in 

community composition are influenced by agricultural activity. We hypothesized that 

agricultural landscapes homogenize stream communities and will result in more uniform benthic 
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communities due the loss of habitat complexity, and therefore predicted that within-stream 

dissimilarity will decrease (e.g., more homogenous communities) as the percentage of 

agricultural land use in the catchment increases. We also explored how stream biodiversity 

estimates change between different levels of taxonomic resolution by calculating rarefaction 

curves and estimating the total regional species pool, calculating the sampling coverage at each 

stream site and determining the percentage of a local community made up by rare taxa in order to 

inform future sampling efforts.  

3.3 Methods 

3.3.1 Site selection and stream sampling 

We collected benthic macroinvertebrates from twenty streams in southern Ontario across 

three time periods (May, July, and September 2019; Figure 3-1). We selected streams on a 

continuum of surrounding land use, and sites were located either on Conservation Authority 

property or privately owned land (farm sites), and additionally were required to be wadable and 

wet for the entire study period. We used the Ontario Flow Assessment Tool (OFAT; Ontario 

Ministry of Natural Resources and Forestry, 2020) to determine stream watershed boundaries in 

ArcGIS v. 10.6.1 (Esri, 2020) and the Ontario Land Cover Compilation v. 2.0 (Ontario Ministry 

of Natural Resources and Forestry, 2016) to determine the percentage of agriculture land use 

(cropping) surrounding each stream site. 
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For field collection of aquatic macroinvertebrates, we collected four biological replicates 

within each stream (i.e., four bulk samples per stream) by selecting four transects that were 

approximately 10-20 meters apart and positioned downstream to upstream to avoid 

contamination from sampling-related disturbance. We placed transects to include multiple 

microhabitats if present (e.g., riffles and pools, different substrates) and collected benthic 

macroinvertebrates and associated habitat information based on the Ontario Benthic 

Biomonitoring Network (OBBN; Jones et al., 2007) and the Ontario Stream Assessment Protocol 

(OSAP; Stanfield, 2017). Each sample consisted of a 3-minute travelling kick-and-sweep using a 

500 µm D-net across the width of the stream. We then transferred the bulk sample to a 500 µm 

mesh sieve for rinsing and the removal of large debris, before storing in a sample container and 

preserving in 95% ethanol on site. We kept the invertebrate samples in a chilled cooler until 

transfer to the lab on the same day, where they were stored in a 4°C fridge until further 

processing. All of our sampling equipment (e.g., nets, sieves, forceps, waders) were cleaned with 

a 10% bleach solution and rinsed with de-ionized water (DI) between sites. In total, we collected 

four biological replicates per stream and 80 samples each month, for a total of 240 bulk samples. 

3.3.2 Sample sorting and DNA extraction 

Bulk macroinvertebrate samples were rinsed with DI water over a sterilized 500 µm sieve 

and sorted under a dissection microscope. Benthic macroinvertebrates were removed from 

sample debris and placed in a sterile 20 mL tube containing 95% ethanol and ten 4 mm diameter 
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steel beads. As many bulk samples were very large, we used a subsampling approach based on 

equal effort by stopping sorting after 4 hours had elapsed. The unsorted portion of sample was 

placed on a white grid and scanned for two minutes for any rare taxa that had not been 

encountered during the initial subsampling. After the specimens had been removed from debris, 

they were air dried for one week while covered with a kimwipe to prevent any infall. The dry 

biomass of each sample was recorded, and then samples were homogenized using an IKA Tube 

Mill (IKA, Staufen, Germany) at 4000 rpm for 15 minutes. Smaller samples were ground in a 2 

mL sterile tube with two steel beads using a TissueLyser II (Qiagen, Hilden, Germany) at 30 hz 

for one minute. We subsampled 20 mg (± 1 mg) of ground tissue into a sterile 2 mL tube and 

used a DNeasy Blood & Tissue Kit (Qiagen, Hilden, Germany) following manufactures’ 

guidelines for DNA extraction, follow by quantification using a Qubit 3.0 Fluorometer 

(ThermoFisher Scientific, MA, USA). Several samples contained less than 20 mg of tissue, and 

the entire sample was used for DNA extraction in place of sub-sampling. 

3.3.3 PCR amplification and library preparation 

We selected the mitochondrial cytochrome c oxidase subunit I (CO1) gene as our marker 

and targeted a 421 base pair region to amplify in our initial PCR reaction. We used the Qiagen 

multiplex PCR kit (Qiagen, Hilden, Germany) as our master mix and selected a primer pair (BF2 

+ BR2; Elbrecht & Leese, 2017) that has been successful at amplifying a broad range of 

invertebrate taxa, including aquatic invertebrates collected from our study region (Gleason et al., 
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2021; Persaud et al., 2021). Each reaction consisted of 2.5 µL DNA extract, 12.5 µL of 2x 

Qiagen master mix, 9 µL of molecular water, and 0.5 µL of each primer (BF2 + BR2, initial 

concentration of 0.2 µM) for a total reaction volume of 25 µL. Our thermocycling profile 

followed Qiagen’s manufacturer’s protocol: a 95°C initial denaturation for fifteen minutes, 

followed by 25 cycles of 94°C for 30 seconds, 50°C for 90 seconds, 72°C for 60 seconds, and a 

final extension at 72°C for ten minutes and visualized using precast 2.0% agarose e-gels (E-Gel 

96 SYBR Safe DNA stain; ThermoFisher Scientific, MA, USA). Each sampling period (e.g., 

month) consisting of 80 samples were prepared in their own plate, in addition to 6 PCR negative 

controls, 1 sequencing negative control, and 1 extraction negative control. We included 8 PCR 

technical replicates per plate to ensure PCR reproducibility and explicitly selected samples of 

both lower and higher invertebrate abundance. This resulted in three 96-well PCR plates 

consisting of 240 samples, 24 technical replicates, and 24 negative controls. The resulting PCR 

products were purified using NucleoMag NGS clean up and size select magnetic beads 

(Macherey-Nagel, USA) with an 0.8x ratio of beads to PCR product as per Milián-García et al. 

(2021). 

A second indexing PCR reaction was prepared using Illumina indexing primers (Set A) to 

tag samples for library preparation. Here, we prepared a 50 µL PCR reaction using 5 µL of our 

purified PCR product, 25 µL of 2x Qiagen master mix, 10 µL of molecular water, and 5 µL each 

of forward and reverse indexing primers (initial concentration 10 µM) based on Illumina’s 
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standard indexing protocol. The thermocycling profile included an initial denaturation at 95°C 

for fifteen minutes, 8 cycles of 95°C for 30 seconds, 55°C for 30 seconds, 72°C for 30 seconds, 

and a final extension of 72°C for five minutes. After e-gel visualization to confirm amplification, 

we again purified the PCR products using NucleoMag beads (0.6x ratio, Milián-García et al., 

2021). After a final visualization, we submitted the prepared libraries to the Advanced Analysis 

Center at the University of Guelph. Each plate was normalized, pooled, and sequenced separately 

on the Illumina MiSeq platform for a total of three separate runs.  

In some cases, samples did not perform well in sequencing and were subsequently 

filtered out of the dataset based on low sequence read (36 samples filtered out with fewer than 

80k sequences). Most of the failed samples came from the same streams and had lower-than-

average DNA concentration, and we re-ran these samples following the same protocol as above, 

but instead increased the template volume to 5 µL in the initial amplification PCR and added an 

additional 10 cycles to the thermocycling program and submitted a fourth plate for sequencing as 

above to replace failed samples.  

3.3.4 Bioinformatics pipeline 

We used the bioinformatics platform JAMP v. 0.67 

(http://github.com/VascoElbrecht/JAMP) to process the raw sequence data. The protocol is listed 

in detail in Persaud et al. (2021), but in brief this involved paired-end merging of de-multiplexed 

http://github.com/VascoElbrecht/JAMP
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reads using USEARCH (v. 11.0.6668; Edgar, 2010) followed by trimming primer sequences 

from reads using cutadapt (v. 1.15; Martin, 2011.). We assessed sequence size by filtering out 

any that were more than ten base pairs longer or shorter than our target (421 bp) and filtered out 

low-quality sequence with expected errors ≥ 1. We used USEARCH (v. 11.0.6668; Edgar, 2010) 

to cluster sequences into Operational Taxonomic Units (OTUs) using a 97% similarity threshold, 

and OTUs with less than 0.01% abundance across all samples were filtered out (e.g., Beermann 

et al., 2018b; Steinke et al., 2021a). We matched our OTUs to the Barcode of Life Data System 

reference sequence library (BOLD; Ratnasingham & Hebert, 2007) using the Python program 

BOLDigger (Buchner & Leese, 2020). Raw sequences are available on NCBI’s Sequence Read 

Archive (BioProject ID: PRJNA783201), and our final OTU table with sequence reads per 

sample and associated taxonomic metadata are available as supplementary information (see 

Appendix 2). 

3.3.5 Data quality control 

All of our statistical analyses and figures were performed using R version 4.0.3 (R Core 

Team, 2020), and all plots were created using the package ggplot2 (v.3.3.3; Wickham, 2016). 

We used the R package metabaR (v. 1.0.0; Zinger et al., 2021) to assess the quality of our 

metabarcoding data, including confirming sequencing depth was appropriate and checking for 

contamination on sequences present in our negative controls (see Appendix 1 for further details). 

A sequence was identified as a contaminant if it had a relative abundance that was highest in a 
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negative control (as no other DNA should be present in negative controls, contaminants should 

be preferentially amplified). If more than 10% of reads within a sample corresponded to 

contaminant sequences, the sample was removed from the dataset. Based on the small number of 

reads in sequencing controls, we tested multiple filtering thresholds to lower the influence of tag 

jumps and prevent false positives. The abundance of an OTU in sample was changed to zero if 

the relative abundance of that OTU was less than 0.001% of the total abundance of that OTU in 

the entire dataset. We then filtered out samples with low sequence reads (less than 1 SD below 

average sequence read; 87,344) and assessed the quality of technical replicates for 

reproducibility based on Bray-Curtis distances within and between samples (e.g., contrasting the 

dissimilarities in OTU composition). A sample was flagged as failed if the distance within a 

sample (e.g., between technical replicates) was greater than the threshold of the intersection 

value for within and between-sample distances. We filtered out any non-target taxa and retained 

only arthropods, annelids, and molluscs, which were the three must abundant phyla in terms of 

both total sequence reads and OTU counts. We did not include nematodes in any further analysis 

as we did not obtain many sequences nor OTUs matching to this group, likely due to a 

combination of the small size of some species and primer bias. Finally, we filtered out poor-

quality taxonomic matches (< 90% match to reference database). After cleaning the data using 

metabaR, we calculated the total number of sequences and OTUs that were removed from the 

dataset during this process. See Appendix 1 for additional details and figures for the above 

protocol.  
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3.3.6 Statistical analysis 

To assess the influence of taxonomic resolution on ecological patterns, we analyzed the 

data first at OTU level and then repeated all analysis with data scaled back to family-level 

resolution. We also repeated all analyses using only the chironomid OTUs, the most abundant 

and species-rich family in our dataset. All data were analyzed at all three time points in our data 

set (May, July, September) and at three taxonomic levels (all invertebrate OTUs, all invertebrate 

families, chironomid OTUs only).  

We first used a two-way ANOVA to determine if there were significant differences in 

taxon richness between stream type (e.g., located in a conservation area or on private property) 

and between sampling months. To assess how within-stream dissimilarity is influenced by 

surrounding land use, we calculated the Raup-Crick index between the four biological replicates 

(transects) within a stream using the ‘raupcrick’ function with 999 simulations in the R package 

vegan (v. 2.5-7; Oksanen et al., 2020) and then took the mean of all pairwise comparisons as the 

dissimilarity value for that site. Using Raup-Crick as a dissimilarity index is ideal for 

metabarcoding data as it treats the number of sequence reads per OTU as binary (e.g., 

presence/absence) as opposed to an abundance value, and it is based on occurrence probabilities 

in proportion to frequency of a species occurrence and thus should be robust to the influence of 

rare taxa and large differences in richness between sites. We then used linear regressions to 
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determine if there was a significant effect of the percentage of agricultural land use surrounding 

the stream on the overall dissimilarity.   

We used the R package iNEXT (v. 2.0.20; Hsieh et al., 2020) to generate species 

rarefaction and extrapolation curves to estimate the total landscape-scale diversity in each 

sampling period (month) for each taxonomic resolution group. To estimate how many undetected 

taxa remained at each stream site (e.g., locally), we calculated the number of expected total taxa 

at each based on Chao’s equation using the ‘specpool’ function in the R package vegan (Oksanen 

et al., 2020) and plotted this as the percentage of coverage achieved by dividing the observed 

number of taxa over the expected number of taxa. Finally, to assess how many rare taxa make up 

a local community, we calculated the percentage of taxa which only occurred in one (of four) 

biological replicates at each stream site. We performed two-way ANOVAs on both datasets (the 

percentage of coverage and the percentage of rare taxa) to determine if there were significant 

differences between sampling months or levels of identification. To determine which levels of 

variables differed significantly, we used Tukey’s multiple comparison of means to calculate 

adjusted p-values using the ‘TukeyHSD’ function. 
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3.4 Results 

3.4.1 Summary and taxonomic richness 

We received 74,771,159 sequence reads from the four MiSeq runs (average of 18,893,999 

sequences per run), and after post-bioinformatic processing our samples contained a total of 51, 

334, 969 reads (average per sample 161,430 ± 69,286) and 2276 OTUs (average 72 per sample ± 

33), while all negative controls combined had only 1954 reads (average per control 57 ± 16) and 

241 OTUs (average per control 16 ± 13). Notably, our OTU table originally contained 5597 

OTUs which were filtered out after clustering for not meeting the 0.01% abundance threshold 

(these OTUs corresponded to only 33,840 sequences in total). Three OTU sequences were 

flagged as contaminants through metabaR (Zinger et al., 2021), two of which were unidentified 

algae and one matched to a species of maple tree (Acer sp.), indicating that the most likely cause 

of the small amount of sequences in the negative controls were tag jumps during sequencing. No 

samples were flagged as contaminated, and all technical replicates passed our reproducibility 

criteria. Three samples were removed from the dataset for sequencing depth lower than one 

standard deviation of the mean (< 86k sequences). The most common reason for an OTU to be 

removed from the final dataset was a match of less than 90% to the sequence reference database 

(BOLD). There were 463 OTUs with poor matches and roughly one third of these OTUs 

belonged to non-target taxa, and the remainder were low-level matches (order) to annelids or 
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insects. The average number of sequences per OTU with a percent similarity less than 90% was 

1404 ± 6541, with the majority (86%) being under 1000 sequences. See Appendix 1 for further 

summary details on data cleaning methods. 

Post metabaR (Zinger et al., 2021), our cleaned dataset contained a total of 49,978,040 high 

quality reads (177,156 per sample ± 47,828.58) and 1681 macroinvertebrate OTUs (61 per 

sample ± 29). We created two more data frames from the cleaned data, one with OTUs scaled 

back to family-level resolution (149 families total) and one containing only OTUs from the 

family Chironomidae (586 OTUs), as chironomids contained a third of the total diversity within 

the invertebrate dataset. 

There was no significant influence of site type (CA versus farm; F1,56  = 0.67, p = 0.4) or 

sampling month (F2, 56 = 0.74, p = 0.5) on average OTU richness (Figure 3-2). Likewise, there 

was no effect of either site type or sampling month on average family richness (type: F1,56  = 

0.16, p = 0.69; month: F2,56  = 1.31, p = 0.28) or average chironomid OTU richness (type: F1,56  = 

0.13, p = 0.72; month: F2,56  = 1.66, p = 0.20; Figure 3-2).  

3.4.2 Site dissimilarity and agricultural land use 

Within-site Raup-Crick dissimilarity was not significantly correlated with the percentage 

of agricultural land use for any month or level of identification (all families, all OTUs, 

chironomid OTUs; Figure 3-3). Mean dissimilarity was generally consistent across sampling 
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months for family resolution but was lowest in May for the OTU-level datasets, and dissimilarity 

was generally high for all sites (i.e, most values within range 0.5-1.0; Figure 3-3).   

3.4.3 Rare and undetected taxa 

We collected a total of 80 samples for each sampling period, but the species rarefaction 

curves did not level off (Figure 3-4). Extrapolations estimated that at 150 sampling units, the 

number of new taxa would begin to level off for family-level identification and for chironomid 

OTUs. Based on Chao’s equation, we determined that each sampling month collected 

approximately 71% of total invertebrate families present, 69% of all invertebrate OTUs present, 

and 77% of chironomid OTUs present, and at the stream level this value ranged dramatically 

from 29-94% for families, 27-85% for all invertebrate OTUs, and 14-90% for chironomid OTUs, 

indicating that many taxa can be missed locally (Figure 3-5). We found that there were 

significantly more ‘undetected’ taxa in the OTU datasets compared to the family-level dataset 

(F2,175 = 5.65, p = 0.004) and observed that sampling month had a significant effect on the 

percentage of coverage (F2,175 = 4.25, p = 0.01), with September being significantly different 

from May and July (adjusted p = 0.02). 

In addition to undetected taxa, we also calculated the proportion of rare taxa at each 

stream to determine how variable streams are at small spatial scales. Streams had on average 

59% (range 40-87%) of invertebrate OTUs that were only detected in one of four biological 
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replicates, indicating a high degree of turnover within a single site (Figure 3-6). Likewise, there 

was an average of 46% of unique taxa per stream (range 24-71%) for invertebrate families and 

61% (range 31-94%) for chironomid OTUs (Figure 3-6). We observed significantly more rare 

taxa in the two OTU datasets compared to family-level resolution data (F2,175 = 26.1, p < 0.001), 

and found no significant effect of sampling month on the percentage of rare taxa locally (F2,175 = 

2.09, p = 0.127). 

3.5 Discussion 

3.5.1 Rare and missing taxa 

Our approach of sampling at small spatial scales within streams revealed incredibly diverse 

benthic macroinvertebrate communities which varied considerably over short distances. While 

we collected a total of 80 samples for each sampling month, this was not sufficient to detect 

biodiversity at the OTU-level at either the local scale (within a stream; alpha diversity) or the 

regional scale (total species pool; gamma diversity). Even at family-level taxonomic resolution, 

we consistently underestimated the total number of taxa present both locally and regionally, and 

this increased dramatically for OTUs. Our extrapolations suggest that after 150 samples, the 

accumulation curve would begin to level off for both families and chironomid OTUs as the 

estimated richness was approached; however, all invertebrate OTUs continued to increase past 

our extrapolation threshold. This not only indicates a vast level of diversity masked at the family 



 

 

102 

 

level, but also suggests that we needed to double our sampling effort to represent adequately 

OTU-level diversity. While few aquatic metabarcoding papers explore biodiversity at the site 

level or compare observed versus expected number of taxa, morphological studies using family-

level resolution have found similar results as our study. In shallow streams in Brazil, Ligeiro et 

al. (2010) detected 53 invertebrate families and determined that 81% of them were rare (in this 

case based on a threshold of less than 1% abundance, which differs from our definition). 

However, Ligeiro et al. (2010) concluded that, since sampling a single riffle in a stream collected 

approximately 75% of invertebrate families present, intensive sampling is not efficient and that 

the priority should be broad spatial coverage. In contrast, we observed that a single sample 

within a stream in our study is highly dissimilar in OTU composition from a second point only 

ten meters away and can represent anywhere between 27-85% of the total OTUs detected. Based 

on our results, we conclude that one sampling point is not sufficient, and a more thorough 

sampling protocol is necessary for a more accurate representation of local diversity. While 

sampling intensity is an important consideration, a caveat of course is that improvements in 

sequencing analyses (e.g., increasing read depth) could improve the detection of rare taxa.  

 Our results more closely resemble terrestrial arthropod metabarcoding studies using Malaise 

traps to explore community composition. In southern Ontario, Steinke et al. (2021a) surprisingly 

discovered that ten Malaise traps (tent-like insect collection traps) placed in a row had 

remarkably high differences in community composition. This field design of trap placement is 
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comparable to our four kicknet transects within a stream, where we similarly found very high 

within-stream dissimilarity, numerous rare taxa, and large estimates of undetected taxa. For 

example, Steinke et al. (2021a) estimated that their OTU pool contained approximately 60% of 

the total diversity in the region, whereas our estimates were 69% for all invertebrate OTUs (and 

78% for chironomid OTUs only). These patterns not only resemble our study in terms of missing 

taxa, but also display strikingly similar patterns in the number of rare taxa or those occurring 

only once within a site. Steinke et al. (2021a) detected close to 3000 OTUs, and almost half of 

these only occurred once in the same location. At the site level, the percentage of rare taxa in our 

study (e.g., only occurring at one of four transects in a stream) ranged from 40-90% and 

averaged approximately 60%.  

This pattern of arthropod rarity persists across geographic regions, as a tropical DNA 

barcoding study using Malaise traps (D’Souza & Hebert, 2018) observed very high beta diversity 

amongst traps, which did not decrease with increased local sampling, indicating that the regional 

species pool had not been adequately sampled. However, repeated yearly sampling of the same 

localities decreased beta diversity and allowed  D’Souza & Hebert (2018) to determine which 

taxa were present yearly (even if rare) and which were ‘transient’ taxa. D’Souza & Hebert's 

(2018) study clearly demonstrated the need for both spatially and temporally robust datasets to 

estimate accurately taxon richness and beta diversity both within a site and over time. In our 

dataset, we see a large proportion of rare taxa; however, repeated yearly sampling would allow 
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us better power to determine which taxa are rare and which are transient. This is an ongoing 

challenge of attempting to characterize local communities in streams with no discrete boundaries 

and of how to delineate local sites in a continuous system. The spatial extent and sampling grain 

of a study can significantly alter conclusions drawn regarding community composition (Cottenie, 

2005; Viana & Chase, 2019). It is possible that sampling small spatial scales like in our study 

can result in an overinflation of local richness due to mass effects swamping out local 

environmental signal (e.g., Heino et al., 2013), such as taxa being carried to the site due to water 

flow but not actually being able to establish there (e.g., a “sink” habitat for that species) and thus 

result in these transient taxa skewing dissimilarity estimates. Alternatively, sampling too large an 

area can miss changes in community composition in response to environmental signals due to 

dispersal limitation. Here, we demonstrated a vast amount of both diversity and variability in 

aquatic macroinvertebrates at both the local and regional scale, underscoring the importance of 

developing consistent, long-term monitoring programs to assess more accurately patterns in 

insect declines and thus better inform protection measures. 

3.5.2 Taxonomic richness and land use 

While both family and OTU-level richness varied between streams, this was not 

significantly linked to seasonality or site location (i.e., whether the stream was located on private 

land or on conservation authority property). This is perhaps unsurprising as local richness (or 

alpha diversity) can be influenced by a number of habitat parameters in aquatic systems, such as 
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microhabitat availability in streams (Beisel et al., 1998) or hydroperiod in wetlands (Daniel et al., 

2019), or can be unrelated to any habitat parameters (Ligeiro et al., 2010). While aquatic 

macroinvertebrates have been successfully used as indicators for decades (Buss et al., 2015; 

Rosenberg & Resh, 1993), it is likely that a binary category (e.g., farm or conservation area) was 

not an effective tool to classify stream quality, especially in a heavily impacted landscape such as 

southern Ontario. Streams vary in physical habitat parameters, such as the riparian buffer width 

and the slope of the bank, and these metrics may provide a local buffer from adjacent or 

upstream landscape-scale agricultural practices (Allan, 2004). The importance of local habitat 

conditions has been shown also in previous work in southern Ontario streams by Yates & Bailey 

(2010), who determined that aquatic macroinvertebrates (at family level) were more associated 

with human activity directly adjacent to the stream such as channel alteration (e.g., decreased 

sinuosity) and buffer width. In contrast, more mobile fish communities were more responsive to 

landscape-scale parameters over local conditions in the same system (Yates & Bailey, 2010). 

Fish also have a more evident threshold response in community composition to agricultural 

impairment, whereas macroinvertebrates (albeit at family-level resolution) respond more 

gradually to such changes (Yates & Bailey, 2011) However, there is also the potential that 

largely developed landscapes, such as southern Ontario, have historically excluded sensitive taxa 

through centuries of agriculture, and invertebrate communities are already homogenous due to 

lack of true reference-condition streams (Krynak & Yates, 2018).  
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While it is possible these invertebrate communities are homogenous at the family level as 

suggested by Krynak & Yates (2018), and our total family count was generally in concordance 

with other stream studies in this region using family resolution through morphological 

identification (Krynak & Yates, 2018; Yates & Bailey, 2011, 2010), the total OTU richness in 

our study indicates that vast levels of turnover within a family are possible. At over 1600 OTUs, 

our metabarcoding richness appears to be much higher than stream metabarcoding studies in 

various geographic regions (Carew et al., 2018; Emilson et al., 2017; Kuntke et al., 2020; 

Serrana et al., 2019) and more closely resembles richness counts in terrestrial (Steinke et al., 

2021a, 2021b) and soil (Young & Hebert, 2022) metabarcoding papers. It is likely that 

bioinformatic decisions in clustering and matching OTUs have a large influence on the 

taxonomic diversity in a dataset (Clare et al., 2016). While our choice of clustering threshold for 

OTU delineation (97%) is comparable to other studies, it is a more conservative choice in terms 

of richness than would be achieved at 98% clustering or by using exact or amplicon sequence 

variants (ESV/ASV; Brandt et al., 2021) and thus probably not responsible for the high level of 

diversity found in our dataset. Our OTU count may also be considered a conservative estimate of 

diversity due to the potential for taxonomic blind spots arising from the use of a single marker 

(COI) and primer set (Morey et al., 2020). We additionally filtered out very low-read OTUs post-

clustering (less than 0.01% abundance), which would have reduced the diversity in our dataset. 

This filtering threshold is commonly used in other invertebrate metabarcoding studies 

(Beermann et al., 2018b; Steinke et al., 2021a); however, it decreased the total OTUs in our 
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dataset by half. While these OTUs made up 50% of the total OTUs, they only corresponded to 

33,840 sequence reads (0.06% of total sequences), and it is important to define a threshold to 

eliminate OTUs based upon erroneous sequences. We also selected a threshold of 90% sequence 

similarity to the reference database (BOLD) in order to be included in the final dataset. While 

many studies use a conservative 98% threshold for COI sequences (e.g., Emilson et al., 2017; 

Steinke et al., 2021a), others have selected a 85% similarity threshold (e.g., Kuntke et al., 2020). 

In our dataset, it is likely that 98% is too strict a cut-off due to the sparsity of reference 

sequences for understudied taxa such as chironomids. A match of 90% similarity is generally 

accepted as a ‘family-level’ match in multiple metabarcoding studies (e.g., Emilson et al., 2017; 

Kuntke et al., 2020) and thus aligned well with our approach of comparing OTU and family-

level diversity. 

In our system, chironomids had the highest OTU count of any family. This is consistent 

with previous aquatic metabarcoding work, notably by Beermann et al. (2018a), who detected 

nearly 200 chironomid OTUs in a stream mesocosm experiment. Of these total chironomid 

OTUs, 85% did not have a binomial name assigned from BOLD, which is nearly identical to the 

value we detected (84.8% without a binomial name in the reference database, high similarity 

matches). Even with unnamed OTUs, Beerman et al. (2018a) detected unique responses to 

environmental stressors (even amongst OTUs which matched to the same binomial name). 

Reference databases are not complete for many groups, especially very species-rich groups or 
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difficult-to-identify taxa such as aquatic insect larvae, and improvement in species coverages 

must be made in order to improve the quality of metabarcoding datasets. It is also important to 

consider that the use of 97% as a clustering threshold can also result in the “splitting” of OTUs 

(e.g., a single species with large intraspecific divergence of CO1 being split into two OTUs) and 

thus artificially inflating the OTU count. For example, some chironomid species complexes can 

have as high as a ten percent divergence (Lin et al., 2017), which would result in multiple OTU 

clusters when using a 97% threshold. Ultimately, there are numerous bioinformatic decisions 

which can either increase or decrease the number of OTUs in a metabarcoding study. The vast 

diversity of the chironomid family in particular merits future study to determine the extent of 

haplotype diversity, which may interfere with establishing discrete OTUs using a set clustering 

threshold (e.g., Beermann et al., 2018a; Lin et al., 2017). 

3.5.3 Dissimilarity and habitat heterogeneity 

Mean Raup-Crick dissimilarity values were consistently high for all levels of taxonomic 

assignment and sampling season, indicating that our biological replicates were quite unique from 

each other even when collected at the same stream. While a categorical land-use variable did not 

prove informative in distinguishing macroinvertebrate communities from farm or conservation 

area streams, we expected the percentage of land used for cropping in the catchment would be a 

more accurate indication of stream condition. We expected an increased level of agriculture 

would result in more homogeneous invertebrate communities within a stream (i.e., lower beta 
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diversity) due to the reduction in habitat complexity (e.g., as in Astorga et al., 2014; Maloney et 

al., 2011; Martins et al., 2017; Siqueira et al., 2015). We detected no significant relationship 

between land use and beta diversity (as in Heino et al., 2013; Petsch et al., 2021), and 

dissimilarity values were quite variable.  

Interestingly, we observed lower dissimilarity values in May for all groups compared to 

other sampling months. While it is possible this is a spurious correlation, Zizka et al. (2020) 

observed seasonal community changes for aquatic macroinvertebrate OTUs in a study of urban 

streams. In reference condition (“near natural”) streams, Zizka et al. (2020) discovered that the 

community composition of invertebrates stayed consistent across seasonal sampling periods, 

whereas communities in more highly impacted streams differed across seasonal sampling 

periods. This contrasting pattern in seasonal change may be in response to the fact that the inflow 

of stressors can change over time in impacted areas, resulting in a community-level response that 

differs over time (Zizka et al., 2020). It is possible here that changes in water quality or other 

habitat parameters during the spring resulted in more homogenous communities compared to 

later in the sampling season. Of course, this may also be due to the emergence of different insect 

taxa in streams over a season. Our results here indicate that the percentage of agriculture in the 

landscape is not sufficient here to detect a complicated influence of land use; more detailed 

parameters are necessary, that our sampling was not sufficient to detect any homogenization, or 
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perhaps the variation in land use in our study was not significant enough to detect a gradient 

response in community composition.  

3.5.4 Conclusions 

Metabarcoding revealed a huge amount of diversity in southern Ontario streams, with many 

rare or undetected taxa present within each stream. This study highlights the importance of 

developing long-term monitoring plans, especially for ecological indicator taxa such as aquatic 

macroinvertebrate taxa. Field sampling design is an extremely important consideration in 

monitoring studies, and by using molecular identification we reveal that one sampling point in a 

stream in not sufficient to detect local diversity. While we detected no discernable response in 

taxonomic richness or within-stream dissimilarity to agricultural land use, it is possible our 

interpretation of agriculture land use was too narrow. Given the importance of local parameters 

to aquatic invertebrate communities, future metabarcoding studies should consider more precise 

estimates of land use, including both water chemistry and physical parameters, such as stream 

sinuosity, riparian buffer width, and bank slope to reflect more accurately site condition. In 

general, our conclusions regarding OTU diversity and rarity were similar to terrestrial 

metabarcoding work and indicate that aquatic biomonitoring programs can benefit from 

molecular identification to reflect more accurately trends in insect biodiversity. 
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3.6 Figures 

 

Figure 3-1: A map of stream sampling sites in conservation areas (blue circles) and privately owned 

farms (orange squares) in southern Ontario, Canada, along the north shore of Lake Erie. The black 

outlines demonstrate quaternary watershed boundaries where we sampled. The inset map shows the 

province of Ontario in white with our study region outlined in a black rectangle. 
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Figure 3-2: The average taxonomic richness per site in each category (conservation area - CA, n = 7, or 

farm, n = 13) over the sampling period (May, July, Sept, total n = 237). There was no significant effect of 

site type or sampling month on taxonomic richness for any group. Note the different Y-axis scales in the 3 

figures. 
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Figure 3-3: The mean Raup-Crick index of all pairwise comparisons within a site is plotted against the 

percentage of agricultural land use surrounding the stream site. There was no significant relationship 

between dissimilarity and agriculture for any identification level or sampling month. 
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Figure 3-4: Rarefaction curves for the number of taxa collected each sampling month where the solid line 

represents interpolated richness from our samples and the dashed line is an extrapolation based on 

expected number of taxa with continued sampling. Symbols indicate the point where our sampling 

stopped (n = 80). Note difference in y-axis scales. 
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Figure 3-5: Estimated percentage of taxonomic coverage achieved at each stream by dividing the 

observed number of taxa over the extrapolated number of taxa expected based on Chao’s equation for 

each sampling month. Grey lines connect the same stream over time. There were significantly more 

‘undetected’ taxa in the OTU datasets compared to the family-level dataset (F2,175 = 5.65, p = 0.004). 

Sampling month also had a significant effect on the percentage of coverage (F2,175 = 4.25, p = 0.01), with 

September having the least percentage of undetected taxa. 
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Figure 3-6: There were four biological replicates at each of the twenty streams to assess small-scale 

variation in community composition. Bars represent the percentage of the total number of taxa occurring 

at a stream that were only collected in one of four biological replicates (transects). Grey lines connect the 

same stream over time. There were significantly more unique or rare taxa in the OTU datasets compared 

to the family-level dataset (F2,175 = 26.1, p < 0.001). Sampling month had no significant effect on the 

percentage of rare taxa (F2,175 = 2.09, p = 0.127). 
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4  

 

Metabarcoding metacommunities: time, space, and land use 

interact to structure aquatic macroinvertebrate communities 

in streams 

 

A version of this chapter is intended for publication and is currently available as a preprint on bioRxiv 

(https://doi.org/10.1101/2022.05.01.490210v1). This manuscript was co-authored by Jennifer E. Gleason, 

Robert H. Hanner, and Karl Cottenie. JEG, RHH and KC designed the study, JEG performed the field and 

laboratory work, performed the bioinformatics and data analysis, and wrote the first draft of the 

manuscript; JEG, RHH, and KC edited the manuscript and approved the final version. 

 

4.1 Abstract 

There is an increasing need to move beyond evaluating the effect of land use on stream 

communities by only studying local variables, and instead incorporate a metacommunity 

perspective which integrates environmental and spatial factors across larger spatial scales. The 

use of molecular tools (DNA metabarcoding) to identify bioindicator groups, such as aquatic 

macroinvertebrates, can provide greater taxonomic resolution to explore patterns in stream 

metacommunities. In this study, we collected aquatic macroinvertebrates from streams in 

southern Ontario which spanned a gradient of agricultural disturbance and used DNA 
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metabarcoding to identify the species composition from these samples. We address a significant 

knowledge gap in previous stream aquatic macroinvertebrate metacommunity studies by 

incorporating molecular identification as well as a temporal component. We observed that a 

combination of local habitat conditions, regional agricultural land use, and spatial position 

influenced aquatic macroinvertebrate community composition, suggesting there is an interaction 

between environmental filtering and dispersal processes that structures these communities. 

However, aquatic macroinvertebrate communities were also highly dissimilar between streams 

and composed of many rare species, and a large percentage of unexplained variation suggests 

that there is a strong stochastic component to community assembly. We also observed that there 

is a seasonal component to metacommunity dynamics, with different water quality variables 

being significant to community composition in each sampling month. While we expected that an 

increased percentage of surrounding agricultural land use would result in more homogenous 

macroinvertebrate communities, we only detected this relationship in May and found evidence 

that a larger riparian buffer width can mitigate the effects of agricultural land use. We 

demonstrate the utility of DNA metabarcoding for revealing patterns in metacommunity 

dynamics that may not be detectable using coarse taxonomic identifications, and reveal the 

importance of incorporating a seasonal component when evaluating the influence of land use on 

community composition. 
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4.2 Introduction 

Agricultural land use can alter biological communities in multiple ways, through both local 

changes in environmental conditions and regional modifications to habitat availability and 

connectedness. Freshwater ecosystems, such as streams, are sensitive to agricultural impairment,  

and alterations in habitat quality pose threats to aquatic biodiversity (Albert et al., 2021; 

Dudgeon, 2019; Reid et al., 2019), as well as the complex multi-trophic food webs that streams 

support (Champagne et al., 2022; Hladyz et al., 2011). Maintaining the biological integrity of 

streams is a crucial goal of conservation and restoration programs, as streams provide 

irreplaceable services, and the maintenance of freshwater ecosystems is vital for both human 

prosperity and the preservation of biodiversity (Reid et al., 2019). In addition to their extrinsic 

value, streams not only support local biodiversity (e.g., within the stream channel itself and the 

adjacent terrestrial habitat), but also transfer resources downstream (i.e., the river continuum 

concept; Vannote et al., 1980) and into larger water bodies across the landscape (e.g., Wipfli & 

Gregovich, 2002; Richardson et al., 2021). It is therefore optimal to approach stream 

conservation using an integrative perspective, which incorporates both local and landscape-scale 

factors.  

Aquatic macroinvertebrates are important components of stream ecosystems and are often 

used as bioindicators of environmental condition in freshwater ecosystems due to their functional 
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and taxonomic diversity as well as their documented sensitivities to changes in water quality 

(Merritt et al., 2008; Rosenberg & Resh, 1993). As streams are closely tied to the terrestrial 

landscape (see Baxter et al., 2005; Hladyz et al., 2011), the use of aquatic macroinvertebrates is 

particularly relevant as they link terrestrial and aquatic ecosystems through the emergence of 

aquatic insect larvae to terrestrial winged adults. Terrestrial changes, such as agricultural land 

use, can alter stream habitats (and thus influence benthic macroinvertebrates) through changes in 

water inputs, run-off of pesticides, fertilizers and sediments from adjacent fields, and the 

alteration of stream morphology (e.g., channelization to increase space for crops; Allan, 2004; 

Reid et al., 2019). The reduction or removal of riparian zone vegetation reduces habitat 

complexity, increases erosion, and results in higher water temperatures (Allan, 2004), and can 

alter stream food webs by removing the input of terrestrial subsidies (i.e., allochthonous nutrient 

sources; Nakano et al., 1999). In addition to the influence of local and landscape-scale processes 

described above, it is possible that the effects of agricultural impairment on aquatic systems can 

vary seasonally because of the variation and timing of insect life cycles in streams (Merritt et al., 

2008). The assembly and maintenance of aquatic macroinvertebrate communities are the result 

of local, regional, and temporal processes, making these systems ideal for the incorporation of 

metacommunity ecology (Leibold et al., 2004; Leibold & Chase, 2017). 

Metacommunity theory is an important concept in modern ecological research and 

describes several paradigms linking local and regional communities through the dispersal of 



 

 

131 

 

interacting taxa (Leibold et al., 2004; Leibold & Chase, 2017). Two main themes in 

metacommunity research are influences of environmental heterogeneity and dispersal processes, 

building upon the dichotomy of deterministic (i.e., niche) and stochastic (i.e., neutral) processes 

in ecology (e.g., Chase, 2014; Mikkelson, 2005; Wennekes et al., 2012). Three of the 

metacommunity structuring processes described by Leibold et al. (2004; species-sorting, patch 

dynamics, and mass-effects) emphasize the role of environmental filtering (deterministic 

processes) in structuring communities. The fourth paradigm is the neutral model, where 

differences among communities are attributed to stochastic or random processes (e.g., 

immigration, emigration, local extinctions, ecological drift; Chave, 2004; Hubbel, 2001). Adler 

et al. (2007) suggest that niche and neutral theory should not be considered as competing ideas or 

mutually exclusive concepts, since both processes can be important in shaping communities. For 

example, Thompson and Townsend (2006) observed that riverine macroinvertebrate 

communities were best predicted by a model which combined both local environmental 

conditions and spatial distance, though this pattern differed for different functional groups. 

Focusing solely on local factors limits our comprehension of the dynamics and structure of 

communities (Brown et al., 2011). While environmental factors have been cited as being more 

important to metacommunity dynamics in smaller, first-order streams (Göthe et al., 2013; Heino 

et al., 2012), the spatial position of the stream branch is also important in structuring 

communities (Brown et al., 2017; Grant et al., 2007). The incorporation of metacommunity 
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ecology into bioassessment is a necessary step towards understanding how communities are 

affected by land use at multiple spatial scales (Heino, 2013). 

A limit of previous metacommunity studies on riverine macroinvertebrates is that studies 

are performed at coarse or mixed taxonomic resolution (e.g., Cañedo-Argüelles et al., 2015; 

Grönroos et al., 2013; Heino et al., 2004; Ligeiro et al., 2010; Yates & Bailey, 2010) and in some 

cases exclude difficult-to-identify taxa, such as chironomids (e.g., Astorga et al., 2014). The 

integration of molecular identification methods is advantageous in both biomonitoring 

applications and ecological research, particularly for detecting diverse organisms such as 

invertebrates (Baird & Hajibabaei, 2012; Taberlet et al., 2012). DNA metabarcoding (Taberlet et 

al., 2012) refers to the sequencing of an entire sample at once and then matching sequences to a 

reference database (e.g., BOLD – Barcode of Life Data Systems; Ratnasingham & Hebert, 2007) 

to assign taxonomic information. Using metabarcoding, Gleason et al. (2022; see Chapter 3) 

discovered that headwater streams in southern Ontario varied substantially in community 

composition at very small spatial scales (e.g., over ten meters) and that aquatic macroinvertebrate 

communities were largely comprised of rare taxa. Gleason et al. (2022; see Chapter 3) detected 

over 1600 Operational Taxonomic Units (OTUs, a proxy for species) from 149 families, and a 

single family (Chironomidae) made up one third of the detected OTUs, reflecting the levels of 

diversity that are not recovered when using family or even genus-level identification. Aquatic 
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macroinvertebrates communities thus contain a high amount of diversity, which is not apparent 

at coarser taxonomic resolution. 

 While initial DNA metabarcoding focused primarily on identifying taxonomic 

composition and richness metrics, this growing field holds great promise for metacommunity 

ecology (Joly et al., 2014). The potential to process numerous samples efficiently and achieve 

fine-resolution taxonomic information provides the opportunity for large-scale field studies to 

shed light on the often-complex interactions of environmental and spatial factors. For example, 

in a wetland complex in Alberta, Bush et al. (2020) observed highly diverse aquatic 

macroinvertebrate communities using DNA metabarcoding. The high spatial and temporal 

turnover could indicate that wetland invertebrate community assembly is nearly random, and 

Bush et al. (2020) suggested that stochasticity is driving metacommunity dynamics in this 

system. In other ecosystem types, DNA metabarcoding has been used to explore community 

assembly and spatial turnover of soil invertebrates (Arribas et al., 2021; Noguerales et al., 2021). 

In one study, there was very high taxonomic turnover between soil samples, and similarity 

decreased with spatial distance, suggesting that these communities were predominantly 

structured by spatial components (Arribas et al., 2021). However, Noguerales et al. (2021) found 

that both environmental filtering and spatial arrangement were important structuring components 

of soil invertebrates. These studies illustrate the applicability of DNA metabarcoding for 

metacommunity ecology, and a key uncertainty which remains is how metacommunity dynamics 
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change in response to agriculture in stream systems where 1) there are no discrete community 

boundaries and 2) community composition can vary drastically at small spatial scales (Gleason et 

al., 2022; see Chapter 3). 

In this study, we quantify the relative influence of both regional and local habitat 

conditions on the community composition of aquatic macroinvertebrates using DNA 

metabarcoding to gain greater insight into the effects of agriculture on metacommunity 

dynamics. As stream communities will change seasonally due to differences in hatching and 

emergence periods, we expect benthic communities will be highly structured by sampling period 

and that their responses to environmental conditions may not be static over time. We thus test the 

variation explained by regional agriculture, local habitat parameters, and geographic location 

during three sampling months (May, July, September). We also calculate the percentage of 

generalist taxa present each month to determine if there is a ‘core’ macroinvertebrate community 

in the landscape, and we additionally hypothesize that streams exposed to more agricultural 

pressures will become more homogenous in community composition relative to less-impacted 

streams due to environmental filtering. We therefore expect that the local contribution to beta 

diversity (LCBD) will be lower in streams with a higher percentage of cropland in the catchment. 

Ultimately, we expect all three components (local factors, landscape factors, temporal factors) 

will likely interact to influence stream macroinvertebrate communities and that the incorporation 

of DNA metabarcoding will allow us greater resolution to detect complex patterns. 
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4.3 Methods 

4.3.1 Stream monitoring and benthic macroinvertebrate collection 

We have previously described our benthic macroinvertebrate collection and subsequent 

laboratory protocols for DNA metabarcoding in Gleason et al. (2022; Chapter 3). Our study 

region encompassed six sub-watersheds in southern Ontario in the Lake Erie drainage basin. In 

total, we sampled twenty streams for aquatic macroinvertebrates, and recorded in situ water 

chemistry and physical habitat parameters, across three time points (May, July, and September 

2019; Figure 4-1). Three sub-watersheds contained ‘singleton’ stream sites, while the remaining 

17 streams were concentrated in the remaining three sub-watersheds (Figure 4-1). To be included 

in our field study, streams needed to be both wadeable and wet year long. 

Before disturbing the benthic sediment, we used an EXO2 Multiparameter Sonde (YSI 

Inc.) to measure in situ water chemistry (conductivity, total dissolved solids, dissolved oxygen, 

pH, dissolved organic matter). While depth, hydraulic head, and wetted width were also 

measured, they were not incorporated into data analysis due to the variability of such metrics in a 

single reach and because they are influenced by precipitation events (see Krynak & Yates, 2018). 

We measured riparian vegetation buffer width, stream valley slope, and stream sinuosity using 

Google Earth Pro (Google Inc.). For both buffer width and change in elevation between buffer 

and stream bed (bank slope), we averaged values between both sides of the stream and measured 
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at five distances from the sampling site (500 meter intervals between 0 and two kilometers) 

before again averaging into a single representative value per site. We calculated stream sinuosity 

by dividing the five-kilometer within-stream distance by the straight-line distance between these 

points. To determine the percentage of land used for agriculture surrounding a stream, we first 

used the Ontario Flow Assessment Tool (OFAT; Ontario Ministry of Natural Resources and 

Forestry, 2020) to determine stream catchment boundaries in ArcGIS v. 10.6.1 (Esri, 2020) and 

then overlaid data from the Ontario Land Cover Compilation v. 2.0 (Ontario Ministry of Natural 

Resources and Forestry, 2016). We also used OFAT to determine stream order.  

We collected four macroinvertebrate samples at each stream by choosing four transect 

locations ten meters apart across all microhabitats present (e.g., riffles, pools, differing 

sediments). Each sample consisted of a 3-minute kick sweep using a 500 µm D-net and was 

preserved separately in 95% ethanol on site. We cleaned all our sampling equipment (e.g., 

waders, nets, sieves, forceps) with 10% bleach and de-ionized (DI) water between each site. In 

total, there were 240 bulk invertebrate samples over our sampling period. 

4.3.2 Laboratory work 

We sorted benthic macroinvertebrates (arthropods, molluscs, and annelids) from sample 

debris under a dissection microscope and placed them in a sterile 20 mL tubes containing ten 4 

mm diameter steel beads. We air dried samples and then homogenized them using an IKA Tube 
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Mill (IKA, Staufen, Germany) at maximum speed (4000 rpm) for 15 minutes. We subsampled 20 

mg (± 1 mg) of this homogenized invertebrate tissue powder into a sterile 2 mL tube and 

extracted DNA using a DNeasy Blood & Tissue Kit (manufacturer’s guidelines; Qiagen, Hilden, 

Germany). Following extraction, we quantified DNA concentration using a Qubit 3.0 

Fluorometer (ThermoFisher Scientific, MA, USA) and stored the extracts in a -80°C freezer until 

PCR. 

 We used a two-step PCR protocol, first to amplify our marker, a 421 base pair fragment 

of mitochondrial cytochrome c oxidase subunit I (COI – the animal DNA barcode region; Hebert 

et al., 2003), and second to attach indexing primers for sequencing library preparation (see 

Gleason et al. 2022; Chapter 3). We selected a degenerate primer pair (BF2 + BR2; Elbrecht & 

Leese, 2017), which is useful in community analysis to amplify a large range of invertebrate 

taxa, and has been successful with previous benthic samples collected from our study region 

(Gleason et al., 2021; Persaud et al., 2021). Our first PCR reaction consisted of 2.5 µL DNA 

extract, 12.5 µL of 2x master mix (Qiagen  multiplex PCR kit; Qiagen, Hilden, Germany), 9 µL 

of molecular-grade water, and 0.5 µL of each primer (BF2 + BR2, initial concentration of 0.2 

µM) for a reaction volume of 25 µL, and our thermocycling protocol was as follows: a 95°C 

initial denaturation for fifteen minutes; followed by 25 cycles of 94°C for 30 seconds, 50°C for 

90 seconds, 72°C for 60 seconds; and a final extension at 72°C for ten minutes. We visualized 

the PCR product on precast 2.0% agarose e-gels (E-Gel 96 SYBR Safe DNA stain; 
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ThermoFisher Scientific, MA, USA) to check for a band and purified PCR products using 

NucleoMag NGS clean up and size select magnetic beads (Macherey-Nagel, USA) at a 0.8x ratio 

(Milián-García et al. 2021). The second PCR was a 50 µL volume reaction including 5 µL of our 

purified PCR product, 25 µL of 2x Qiagen master mix, 10 µL of molecular water, and 5 µL each 

of the forward and reverse indexing primers (initial concentration 10 µM). The indexed library 

was again purified using NucleoMag beads (0.6x ratio), and the final product was visualized 

using e-gels. Each 96-well plate included eighty samples, eight negative controls (split between 

extraction, PCR, and sequencing), and eight technical replicates for a subset of samples to 

confirm consistency. We submitted the final libraries for sequencing on an Illumina MiSeq 

platform (V3 600 cycle kit) with 10% PhiX spike in at the Advanced Analysis Center at the 

University of Guelph on four separate runs.  

4.3.3 Bioinformatics and quality control 

We used the bioinformatics platform JAMP v. 0.67 

(http://github.com/VascoElbrecht/JAMP) to process the raw sequences and have described 

similar pipelines and quality control in Gleason et al. 2022 (Chapter 3). The raw sequences were 

paired-end merged using USEARCH (v. 11.0.6668; Edgar, 2010), and cutadapt (v. 1.15; Martin, 

2011) was used to trim the primer sequences from the ends of the reads. We filtered out reads 

that did not match our target sequence length (421 ± 10 bp) and removed low-quality sequences 

with an expected error (EE) score lower than 1. We selected a 97% clustering threshold and 

http://github.com/VascoElbrecht/JAMP
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clustered OTUs using VSEARCH v. 2.18.0 (Rognes et al., 2016), and very low abundance OTUs 

(< 0.01% abundance across all samples) were removed. To match OTUs with taxonomic 

information, we used the Python program BOLDigger (Buchner & Leese, 2020) to match OTU 

sequences to the Barcode of Life Database (BOLD; Ratnasingham & Hebert, 2007).  

All of our below data management and statistical analyses were performed using R v. 

4.0.3 (R Core Team, 2021). To assess the quality of our data (e.g., checking for contamination 

and assessing sequencing depth), we used the R package metabaR v. 1.0.0 (Zinger et al., 2021). 

This package flags an OTU sequence as a contaminant if its relative abundance is highest in a 

negative control, and if more than 10% of reads of a sample corresponded to a contaminated 

sequence it would be considered a contaminated sample. No sample was flagged as containing 

contaminants, but there was a small number of reads in the sequencing controls, indicating tag-

jumps had likely occurred during sequencing. To control for the influence of tag-jumps in the 

dataset, we selected a 0.001% abundance filter threshold (i.e., an OTU representing a relative 

abundance of less than 0.001% of total sequences of that OTU was converted to a zero in 

affected samples; see Gleason et al. 2022; Zinger et al., 2021). We only included benthic 

macroinvertebrate taxa in our dataset (arthropods, molluscs, annelids) and required a minimum 

match similarity threshold of 90% to the reference database (BOLD). See Appendix 1 for further 

details on our quality control pipeline and additional figures. To create a single representative 

sample per stream, we averaged sequence reads across the four biological replicates. As 
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sequence reads are not a reliable indicator of abundance due to biomass differences and primer 

biases (Elbrecht & Leese, 2015), we converted our final OTU table to a presence/absence matrix 

for downstream data analysis. Our final dataset consisted of three seasonal data frames (May, 

July, September) for twenty streams. 

4.3.4 Statistical analysis 

We calculated the monthly OTU richness at each site and used a repeated measures 

ANOVA to test for significant changes in overall richness between seasons (Figure 4-2). To 

determine the number of generalist taxa present in the dataset, we calculated how many OTUs 

were present in 14 or more (70%) of the 20 streams as well as what percentage of the dataset 

they made up. We also report the most frequently occurring OTU(s) each month and how many 

sites they were present at. Similarly, we calculated the proportion of rare OTUs that were present 

only in one site for each sampling month. 

We used a perMANOVA to test if stream community composition remained consistent 

over time using the ‘adonis2’ function in the R package vegan (v. 2.5-7; Oksanen et al., 2020) 

with 999 permutations and a Jaccard dissimilarity matrix. We also used perMANOVA to test for 

the effects (and interaction) of the sampling month and the percentage of agricultural land use on 

the entire dataset. We then used the datasets subset by month to test the significance of 
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agricultural land use on community composition for each monthly dataset, as well as the 

percentage of variation explained. 

To reduce the number of water quality and local habitat variables in our ordinations while 

maximizing variation explained, we used forward selection prior to fitting RDA models 

(Blanchet et al.; Legendre & Gauthier, 2014). We used the ‘forward.sel’ function in the 

adespatial package (v. 0.3-14; Dray et al., 2021) with 999 permutations for both the entire dataset 

and each monthly dataset with the associated local metadata. We used a stopping criterion of 

alpha = 0.05 and an adjusted R2  equal to that of entire RDA model with all variables included 

for each monthly dataset respectively (0.168, 0.113, and 0.149). We selected significant 

environmental variables which met this threshold and only included these in downstream 

analyses for RDAs and variation partitioning. Similarly, we repeated this analysis for spatial 

parameters and network position (latitude, longitude, and stream order). For the entire dataset, 

the adjusted R2 for the entire model was zero, and thus no stopping criteria could be incorporated 

into the forward selection, and therefore only month was included as a variable in the RDA. 

We performed a constrained ordination (dbRDA – distance-based redundancy analysis) 

using the ‘rda’ function in vegan on the entire dataset using sampling month, percentage of 

agricultural land use, and buffer width (see forward selection results) as constraints and a Jaccard 

dissimilarity matrix (Figure 4-3). We tested the significance of the model with an ANOVA with 
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999 permutations. We created the ordination plot using the R package ggplot2 v. 3.3.5 (Wickham 

et al., 2021) and plotted 95% confidence ellipses to delineate sampling months. 

 We used the function ‘varpart’ from vegan to partition the variation explained by regional 

agriculture, local habitat parameters (those retained from forward selection), and spatial position 

(latitude, longitude, and stream order). The analysis was repeated for each month using a Jaccard 

dissimilarity matrix, and the proportions of variation explained (and their interactions) were 

visualized using Venn diagrams (Figure 4-4). 

 We performed RDAs for each sampling month with the percentage of agricultural land 

use, the relevant local parameters selected from the forward selection analysis and spatial 

components (latitude, longitude, and stream order) as constraints. We tested the significance of 

each model separately using ANOVAs with 999 permutations. To visualize the effect of the 

selected habitat and spatial parameters on community composition, we plotted each monthly 

ordination using the first two RDA axes (Figure 4-5) and overlayed the relevant variables 

incorporated in the model to visualize any patterns in these parameters. 

 To determine whether streams became more homogeneous as agricultural land use 

increased, we calculated the local contribution to beta diversity (LCBD) using the ‘beta.div’ 

function in the adespatial package on a Jaccard dissimilarity matrix (Dray et al., 2021). LCBD is 

a measurement of how much a site contributes to the overall beta diversity of the group of sites, 
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and the value is comparable between calculations (Legendre & Gauthier, 2014). A lower-than-

average value indicates the site contributed less to the overall beta diversity (e.g., more 

homogeneous relative to other sites). To test for significant correlations between the percentage 

of agricultural land use and LCBD, we performed linear regressions for each sampling month. 

4.4 Results  

4.4.1 OTU richness and rarity 

There were a total 41,978,040 sequences and 1681 OTUs in the final dataset post-

bioinformatics and data cleaning. The majority of the OTU pool was made up of arthropods 

(1461), followed by 214 annelids and 21 molluscs. The total richness and average richness per 

site were consistent over the three sampling months, with 1076 OTUs in May (average of 148.6 

± 58.3 standard deviation), 967 OTUs in July (144.8 ± 45.7 SD), and 1045 OTUs in September 

(162 ± 42.2 SD), with no significant change in richness over time (Figure 4-2; repeated measures 

ANOVA: F2,38 = 2.08, p = 0.139).  

For each month, the percentage of generalist taxa (present in 14 or more sites) was 

1.02%, 0.62%, and 1.15%, respectively (Table 5-1). There were no OTUs that were present in 

every site during any month. In May, there was one OTU present in 19 out of the 20 sites (OTU 

5 – Orthocladius sp.), in July the most frequent OTU occurred in 17 sites (OTU 29 – Naididae 

family), and in September there were two OTUs present in 17 sites (OTU 16 – Hydropsyche 
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betteni and OTU 29 - Naididae). The proportion of rare OTUs (present in only one site) was 

consistent between sampling months at 46.7%, 44.4%, and 44.2%, respectively.  

4.4.2 perMANOVA and forward selection of variables 

The results of the first perMANOVA indicate that there is no significant variation 

explained by stream site over time (F19,59 = 0.87, R2 = 0.29, p = 0.99). In the second 

perMANOVA, there was a significant interaction of sampling month and the influence of 

agriculture (F2,59 = 1.27, R2 = 0.04, p = 0.04). The percentage of agriculture was not a significant 

factor independently for the entire dataset (F1,59 = 0.89, R2 = 0.01, p = 0.66), while month did 

explain significant variation in community composition (F2,59 = 1.53, R2 = 0.05, p = 0.005). 

In the forward selection of environmental variables for the monthly datasets, conductivity 

(F = 1.58, p = 0.01) and buffer width (F = 1.48, p = 0.02) were selected for May (adjusted 

cumulative R2 = 0.05); conductivity (F = 2.08, p = 0.001) and dissolved organic matter (F = 1.43, 

p = 0.047) were selected for July (adjusted cumulative R2 = 0.07); and dissolved oxygen (F = 

1.79, p = 0.007) and dissolved organic matter (F = 1.46, p = 0.05) were selected for September 

(adjusted cumulative R2 = 0.06). Spatial variables (latitude, longitude, stream order) were all 

significant for each monthly dataset (May adjusted cumulative R2 = 0.12; July adjusted 

cumulative R2  = 0.13; September adjusted cumulative R2  = 0.13).  
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4.4.3 Redundancy analysis and variation partitioning 

The first RDA model using the entire dataset and month as an explanatory variable was 

significant (F2,57 = 1.44, p < 0.005), and the first two axes explained 2.53% and 2.28%, 

respectively (Figure 4-3). There were distinct clusters in stream by month, though September 

overlapped almost entirely with May and July. 

The variation partitioning explained between 12-16% of community variation depending 

on the sampling month, with September having the highest proportion of variation explained 

(Figure 4-4). For every sampling month, the spatial component explained the most variation and 

overlapped with both agricultural land use and local habitat variables. All three variables had 

shared variation represented by the models in every month. 

All monthly RDA models incorporating regional agricultural, local habitat quality, and 

spatial position were significant (May F6,13 = 1.53, p = 0.001; July F6,13 =1.51, p = 0.001; Sept 

F6,13 =1.60, p = 0.001; Figure 4-5). In May, the first axis represented 11.71% of the total 

variation and appeared driven by a correlation between higher stream order and conductivity 

(Figure 4-5A). The second axis of the May RDA (8.94%) aligned with spatial and agricultural 

parameters, with the percentage of agricultural activity and the riparian buffer width as opposing 

vectors (Figure 4-5A). In July, the first two axes represented 13.49% and 8.99% of the total 

variation, respectively (Figure 4-5B). The first axis appeared linked to stream order, while the 
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second was a combination of spatial, agricultural, and local factors (Figure 4-5B). In September, 

the first axis explained 13.16% of the variation and aligned with stream order and the percentage 

of dissolved oxygen, while the second axis explained 10.35% and appeared to be a combination 

of spatial and agricultural parameters, along with dissolved organic matter (Figure 4-5C). 

4.4.4 Local contribution to beta diversity 

In May, there was a strong negative relationship between the percentage of agricultural 

land use and LCBD values, with sites surrounded by more agricultural land contributing less to 

overall beta diversity (Figure 4-6; adjusted R2 = 0.19, F1,18 = 5.44, p = 0.03). While a very weak 

negative relationship persisted in July, there was no longer any significant correlation between 

agriculture and LCBD (Figure 4-6; adjusted R2 = 0.02, F1,18 = 1.39, p = 0.25). There was a very 

weak positive relationship between agriculture and LCBD in September, but this was not 

significant (Figure 4-6; adjusted R2 = 0.01, F1,18 = 1.16, p = 0.30). 

4.5 Discussion 

4.5.1 Environmental filtering and spatial components  

A major goal of this work was to incorporate DNA metabarcoding into a metacommunity 

framework and demonstrate the utility of these two fields to monitor the effect of land use on 

stream ecosystems. Through variation partitioning and distance-based redundancy analyses, we 
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demonstrate the relative influence of local and regional environmental conditions, as well as 

spatial position, on the community composition of aquatic macroinvertebrates. We observed that 

roughly twelve to sixteen percent of the variation in community composition was explained by a 

combination of 1) local environmental factors, such as water chemistry and riparian buffer width; 

2) the percentage of agricultural land use in the drainage area; and 3) the spatial position of the 

stream. There was an overlap in the variation explained for almost every factor, suggesting that 

the spatial position of streams and both local and regional factors interact to influence 

community composition, and that it is challenging to disentangle these effects from one another. 

While the spatial components explained slightly more variation than the environmental variables 

included in our analyses, these values did not suggest that dispersal-based processes were more 

important than environmental filtering.  

In a large meta-analysis of 95 datasets, Heino et al. (2015) observed that both spatial and 

environmental variables were typically poor predictors of how stream insect metacommunities 

were structured. Streams are very heterogenous habitats and support many rare species, which 

can make it challenging to describe patterns in invertebrate distributions (Heino et al., 2015). 

Previous research using DNA metabarcoding in Ontario streams supported this description of 

heterogenous streams as aquatic macroinvertebrate communities were highly variable within a 

single stretch and largely composed of rare OTUs (Gleason et al. 2022; see Chapter 3). However, 

while Heino et al. (2015) detected only weak relationships between environmental and spatial 
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factors and macroinvertebrate community structure at genus-level resolution, we found 

significant relationships between all variables (local, regional, spatial) even though DNA 

metabarcoding increases the number of rare taxa detected. 

While we found that immediate habitat conditions, regional land use, and spatial position 

all influenced the community composition of stream macroinvertebrates, the literature describing 

metacommunity dynamics in these systems is complicated, with varied results. Benthic 

macroinvertebrate communities in headwater streams in Maryland, USA, were primarily 

structured by local factors with no distance-decay relationship (i.e., species sorting with 

sufficient dispersal), whereas mainstem regions were influenced by a combination of both 

environmental filtering and dispersal effects (attributed to mass effects; Brown & Swan, 2010). 

While previous stream macroinvertebrate studies have concurred that the environmental 

component is the most important structuring factor in headwater steams (Göthe et al., 2013; 

Heino et al., 2012), we did not find that environmental filtering was the strongest component of 

stream community assembly in our study. Rather, we observed spatial components often 

explained more variation, though longitude was always along the same ordination axis as the 

percentage of agricultural land use, suggesting that there is a correlation between these variables. 

Our results suggest that land use does act as an environmental filter, though it is linked to the 

spatial location of the stream, which indicates an effect of dispersal limitation in these 

communities.  
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The majority of stream macroinvertebrate metacommunity studies are completed at 

mixed taxonomic resolution (often genus), and future work incorporating DNA metabarcoding is 

needed to draw stronger conclusions regarding niche and neutral processes. The spatial grain of a 

metacommunity ecology study is also an important consideration when interpreting results as the 

relative importance of environmental factors have been demonstrated to decrease at smaller 

spatial scales (Cottenie, 2005; Viana & Chase, 2019). Environmental processes have been 

described as more important for stream insects across large spatial scales (Heino et al., 2017), 

suggesting that stochasticity may be more evident at very small scales. We observed very high 

turnover between streams, with few generalists and many rare taxa occurring in only one stream, 

and at even smaller spatial scales, Gleason et al. (2022; see Chapter 3), observed a similar trend 

between stream transects. The high degree of community variability in these streams and the 

modest amount of variation explained by environmental and spatial variables in our study 

suggest that individual habitat patches may provide unique resources while also being subject to 

stochastic colonization (i.e., an interaction of niche and neutral assembly).  

While the identity of early colonizers on a patch may be due to chance dispersal (i.e., 

stochastic effects), the presence of certain taxa can act as an additional biotic filter lens (e.g., co-

existence theory; Aiken & Navarrete, 2014; Chesson, 2000; HilleRisLambers et al., 2012). 

Though we did not test for any effect of interaction between taxa, both abiotic aspects (e.g., 

water chemistry) and biotic aspects (e.g., microhabitats created by vegetation, facilitation, 
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competition, predation) contribute to the local environment and thus community assembly 

(Thakur & Wright, 2017). Species traits are also an important component as environmental 

filtering can affect taxa differently based on their dispersal capabilities (Cañedo-Argüelles et al., 

2015; Li et al., 2021), and therefore habitat fragmentation by land use may be more of an issue 

for weak-dispersing taxa. 

4.5.2 Seasonal influence of land use 

Habitat conditions, which influence community composition, can vary over time, and 

seasonality is an important consideration for metacommunity dynamics. Throughout the year, 

seasons can alter habitat conditions in ways that increase habitat availability (e.g., resource 

pulses) or through imposing new environmental filters, and thus it is surprising that the temporal 

component of metacommunity dynamics is often neglected (Holyoak et al., 2020). Aquatic 

macroinvertebrate community structure can change seasonally due to variations in habitat 

condition, such as in a floodplain in China where environmental filtering effects became stronger 

over a season as habitats became more fragmented (Li et al., 2022). Land use can also have a 

seasonal effect on streams, and the influence of contaminants on water quality has been shown to 

be elevated during wetter periods (Shi et al., 2017; Zhang et al., 2021).  

In our study system, we observed that the relative importance of local environmental 

conditions varied each month while the percentage of regional cropland and spatial parameters 
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remained consistent. Notably, the width of the riparian buffer (a static measurement over a 

season) explained the most variation in May and was directly opposite from percentage of 

agriculture land use along the second ordination axis, suggesting a gradient of disturbance. 

Riparian buffers can mitigate the influence of agriculture on stream macroinvertebrates (Marques 

et al., 2021), and perhaps this is at its most significant early in the cropping season. The 

importance of water chemistry parameters (conductivity, dissolved organic matter, dissolved 

oxygen) varied between months, suggesting that environmental conditions are not static within a 

site. Aquatic insect communities change seasonally due to differences in hatching and emergence 

times, and do not remain consistent over a season. As expected, we observed unique aquatic 

macroinvertebrate community compositions between our three sampling months. In addition to 

changes in agriculture pressures over time, it is also possible that each of these seasonal 

communities have their own sensitivities to agricultural pressures. 

We expected that increased agricultural pressures would homogenize aquatic invertebrate 

communities through environmental filtering and predicted that streams with higher percentages 

of surrounding agricultural land use would contribute less to the beta diversity of the region (i.e., 

lower LCBD values). We found that there was only a significant negative relationship between 

LCBD and land use in May, meaning our hypothesis was only supported for one sampling 

month. Previous work on aquatic macroinvertebrates has discovered that land use causes both 

taxonomic and functional homogenization (e.g., low beta diversity) and that highly impacted 
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streams are composed of a smaller subset of tolerant taxa (Martins et al., 2017; Siqueira et al., 

2015). However, there is a clear knowledge gap regarding the effect of seasonality on land use 

and beta diversity, along with how differences in taxonomic resolution (i.e., molecular 

identification) can change these patterns. Here, we use DNA metabarcoding to demonstrate that 

aquatic invertebrate communities may be more vulnerable to homogenization in the spring (May 

in Ontario) and that increased riparian buffer widths can mitigate this effect. 

4.5.3 Taxonomic resolution and OTUs 

The use of DNA metabarcoding allowed us to incorporate higher levels of aquatic 

macroinvertebrate biodiversity into metacommunity analyses, which may provide a more 

accurate representation of how environmental and spatial components interact to influence 

community composition. In a study of Ontario streams, Martin et al. (2016) demonstrated that 

the response of aquatic macroinvertebrates to environmental conditions differed at three 

taxonomic resolutions (family, genus, and DNA barcoding). While environmental variables 

explained more community variation than spatial factors across all taxonomic resolutions, the 

proportion of variation explained was greatest at family-level (Martin et al., 2016). While this 

might suggest family-level identification is ideal, the decrease in variables (e.g., species to 

family) statistically allows for more variation to be explained by decreasing the ‘noise’ of within-

family patterns. It is also possible that some species within a genus, or even genera within a 

family, are interchangeable through neutral processes rather than subject to specific 
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environmental tolerances. The theory of lumpy species distribution suggests a reconciliation 

between the niche and neutral approaches where very similar species do not directly compete 

(e.g., they become competitively neutral) but instead compete with other ‘clumps’ of likewise 

similar species (Scheffer & van Nes, 2006). Martin et al. (2016) observed that environmental 

covariates explained less community composition as taxonomic resolution decreased in 

coarseness, suggesting that species can be interchangeable within a genus under certain 

conditions. 

A limitation of using molecular identification is that the use of OTUs as taxonomic units 

is not a guarantee of species-level identification, and it is possible that some species may be 

mistakenly lumped together or split across multiple OTUs. The choice of clustering threshold 

can influence the number of OTUs generated, as well as how closely these clusters match actual 

species delineations (Clare et al., 2016). We observed very high counts of OTUs from the 

dipteran family Chironomidae (nearly one third of our dataset), and the majority of these OTUs 

could not be assigned a binomial species name due to gaps in the reference database. Our results 

are consistent with other DNA metabarcoding studies, which similarly detected high levels of 

chironomid OTUs (e.g., Beermann et al., 2018), and future work establishing reference databases 

and species delineations are necessary for this large yet understudied group. For example, Lin et 

al. (2017) revealed that some chironomid groups had very high within-species divergences, and 

the lack of a ‘barcode gap’ can severely interfere with the effectiveness of OTU clustering 
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(Čandek & Kuntner, 2015). An alternative to OTU clustering, which can overcome this issue, is 

the use of haplotype-level diversity (exact sequence variants or ESVs) to avoid clustering 

altogether (Porter & Hajibabaei, 2020), which may be an effective tool for highly diverse groups 

such as chironomids.  

4.5.4 Conclusions and future work 

The use of DNA metabarcoding to uncover large amounts of diversity in a system can 

provide greater insight into the relative importance of environmental filtering and stochasticity in 

freshwater ecosystems, particularly those impacted by anthropogenic land use. There is a clear 

need to move beyond using only local assessments to evaluate habitat conditions, as stream 

networks are large, connected ecosystems, which vary temporally (Cid et al., 2022; da Silva et 

al., 2021; Gounand et al., 2018). In this study, we demonstrate the importance of both 

environmental and spatial components in structuring aquatic invertebrate metacommunities and 

that these processes were also seasonally influenced. The temporal component of environmental 

variability and metacommunities is an area which demands future work, particularly as shifts in 

environmental timings are changing due to climate change (Holyoak et al., 2020). In addition to 

seasonal effects, we also observed very high diversity in our stream sites, with few generalist 

taxa and many rare species. In general, more research needs to be done globally to detect trends 

in freshwater insect biodiversity (Jähnig et al., 2021), ideally incorporating both taxonomic 

experts as well as molecular approaches. In this work, we have demonstrated the utility of DNA 
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metabarcoding for improved resolution in biomonitoring programs and to detect patterns in 

metacommunity dynamics. Advances in these research directions should stress the utility of 

DNA metabarcoding and applied metacommunity ecology in conservation, and ideally improve 

our understanding of how best to protect freshwater resources. 
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4.6 Tables 

Table 4-1: The number of generalist OTUs (present in at least 70% of streams) was calculated for each 

sampling month (May, July, September), and their proportion of the total monthly richness was 1.04%, 

0.63%, and 1.15%, respectively. The OTU identification number is provided here as well as the 

taxonomic data that the OTU sequence matched to on the BOLD reference data ( > 90% similarity). 

Bolded OTUs are those which occurred most frequently in that sampling month. 

Month OTU Phylum Class Order Family Genus 

Specific 

epithet 

May OTU_5 Arthropoda Insecta Diptera Chironomidae Orthocladius   

  OTU_7 Arthropoda Insecta Coleoptera Elmidae Stenelmis crenata 

  OTU_20 Arthropoda Insecta Trichoptera Hydropsychidae Cheumatopsyche analis 

  OTU_50 Annelida Clitellata Haplotaxida Naididae Limnodrilus hoffmeisteri 

  OTU_60 Arthropoda Insecta Diptera Chironomidae Orthocladius oliveri 

  OTU_116 Annelida Clitellata Haplotaxida Naididae     

  OTU_254 Arthropoda Insecta Diptera Limoniidae     

  OTU_312 Arthropoda Insecta Diptera Chironomidae Orthocladius   

  OTU_673 Arthropoda Insecta Diptera Chironomidae Orthocladius oliveri 

  OTU_821 Arthropoda Insecta Diptera Chironomidae Orthocladius oliveri 

July OTU_20 Arthropoda Insecta Trichoptera Hydropsychidae Cheumatopsyche analis 

  OTU_21 Annelida Clitellata Haplotaxida Naididae Tubifex tubifex 

  OTU_29 Annelida Clitellata Haplotaxida Naididae     

  OTU_50 Annelida Clitellata Haplotaxida Naididae Limnodrilus hoffmeisteri 

  OTU_98 Arthropoda Insecta Diptera Chironomidae     

  OTU_99 Mollusca Bivalvia Sphaeriida Sphaeriidae Pisidium walkeri 

September OTU_7 Arthropoda Insecta Coleoptera Elmidae Stenelmis crenata 

  OTU_16 Arthropoda Insecta Trichoptera Hydropsychidae Hydropsyche betteni 

  OTU_20 Arthropoda Insecta Trichoptera Hydropsychidae Cheumatopsyche analis 

  OTU_29 Annelida Clitellata Haplotaxida Naididae     

  OTU_36 Annelida Clitellata Haplotaxida Naididae     

  OTU_47 Arthropoda Insecta Coleoptera Elmidae Optioservus sp. CABIN1 

  OTU_50 Annelida Clitellata Haplotaxida Naididae Limnodrilus hoffmeisteri 

  OTU_75 Arthropoda Insecta Odonata Calopterygidae Calopteryx maculata 

  OTU_218 Arthropoda Insecta Diptera Chironomidae Parakiefferiella   

  OTU_254 Arthropoda Insecta Diptera Limoniidae     

  OTU_362 Arthropoda Insecta Odonata Calopterygidae     

 OUT_867 Arthopoda Insecta Odonoata Calopterygidae   
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4.7 Figures 

 

Figure 4-1: A map of the study region in southwestern Ontario, Canada. Sampling sites are represented 

by white triangles and their respective sub-watersheds are outlined in black.   
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Figure 4-2: The OTU richness at each stream per month (n = 20). There is no significant difference 

between richness and sampling month (ANOVA: F2,57 = 0.76, p = 0.47). Grey lines represent the same 

site over time. 
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Figure 4-3: The plot of an RDA model with sampling month as a constraint (n = 60 streams). The 

percentage of variation explained by each axis is listed in brackets. Ellipses represent 95% confidence 

around sampling month. Symbols represent sites, and month is distinguished by colour and shape (May = 

blue circles, July = orange triangles, Sept = red squares). 
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Figure 4-4: The results of variation partitioning visualized using Venn diagrams (circles not proportional 

to values) for each sampling month (May, July, September). The variables are Regional Agriculture 

(percentage of agricultural land use surrounding the stream), Local Habitat (the results of forward 

selection on a number of water quality and physical habitat parameters), and Space (latitude, longitude, 

and stream order). The residuals are shown in the bottom right corner of each plot.
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Figure 4-5: The RDA plots with sampling month, relevant local parameters, and the percentage of 

agricultural land use as constraints (n = 20 streams) by sampling month. The percentage of variation 

explained by each axis is listed in brackets. Symbols represent sites, and relevant habitat parameters are 

overlayed as vectors (% Ag = percentage of surrounding agricultural land use, Buffer = riparian buffer 

width, Cond = conductivity, % DO = percent dissolved oxygen, FDOM = fluorescent dissolved organic 

matter, Lat = latitude, Long = longitude, Order = stream order). 
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Figure 4-6: The percentage of agricultural land use in a stream catchment and the stream LCBD (local 

contribution to beta diversity) based on a Jaccard dissimilarity matrix for each sampling month (n = 20 

streams). There was a significant negative relationship between agricultural land use and LCBD in May 

(adjusted R2 = 0.19, F1,18 = 5.44, p = 0.03) while July and September did not have significant correlations. 

The horizontal line represents the null value of 0.05, which would be the value if each site contributed 

equally to beta diversity (e.g., 1 divided by 20 sites). 
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5  

 

Conclusions 

 

5.1 Thesis summary 

Freshwater biodiversity is declining at unprecedented rates, and there is an urgent need 

for integrative approaches to understand the factors that affect species distributions and the 

conservation of aquatic ecosystems in the Anthropocene (Dudgeon, 2019; Maasri et al., 2022). In 

a call to action for freshwater preservation, Maasri et al. (2022) identified multiple research 

priorities, including ecology and biomonitoring, and both fields can benefit from the 

incorporation of molecular methods for taxonomic identification (e.g., DNA barcoding and DNA 

metabarcoding; Hebert et al., 2003; Taberlet et al., 2012). The goal of this thesis was to 

incorporate molecular identification of aquatic macroinvertebrates, a common bioindicator 

group, into biomonitoring, biodiversity, and metacommunity ecology research to address the 

need for freshwater preservation and sustainable agriculture. 

5.1.1 Environmental DNA 

In Chapter 2 (Assessment of stream macroinvertebrate communities with eDNA is not 

congruent with tissue-based metabarcoding; Gleason et al., 2021), I compare bulk tissue and 
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environmental DNA (eDNA) metabarcoding to evaluate the congruency between these methods 

for aquatic macroinvertebrate identification and to assess the efficacy of eDNA at representing 

local communities in stream habitats. Aquatic macroinvertebrates are time consuming and 

challenging to identify morphologically, particularly for routine monitoring programs which 

amass large volumes of samples and are prone to human error (Haase et al., 2006; Haase et al., 

2010). Many juvenile stages of aquatic insects cannot be identified reliably due to lack of 

diagnostic characteristics, and challenging groups are often lumped at coarser levels of resolution 

(e.g., genus or family; Jones, 2008), or altogether excluded from analyses (e.g., chironomids; 

Astorga et al., 2014; Costa & Melo, 2008). DNA metabarcoding is thus advantageous for 

biomonitoring programs as it combines massively parallel sequencing with molecular 

identification techniques (Baird & Hajibabaei, 2012; Taberlet et al., 2012). Recent research 

exploring the analysis of eDNA to identify stream biodiversity has been promising (Deiner et al., 

2016), yet there are currently many unknowns surrounding eDNA, particularly at small spatial 

scales (e.g., origin, state, fate, transport, technical challenges; Barnes & Turner, 2016).  

I collected paired bulk tissue and eDNA samples (i.e., collected from the same location in 

a stream) and revealed a substantial lack of taxonomic overlap between methods, which was a 

novel result compared to previous stream eDNA studies. In some cases, paired bulk tissue and 

eDNA samples did not share any operational taxonomic units (OTUs) in common. Despite using 

the same primer set and obtaining a similar number of overall sequences per sample, bulk tissue 
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metabarcoding was far more successful at amplifying aquatic macroinvertebrate taxa (over 99% 

of sequences), whereas eDNA samples were largely composed of algae sequences (only 12% of 

sequences belonging to macroinvertebrates). Tissue metabarcoding also had higher concordance 

with family-level identifications obtained through morphological identification than eDNA 

samples, which were highly dissimilar from both morphological identifications and tissue 

metabarcoding. Based on the minimal overlap in aquatic macroinvertebrate OTUs, I suggest that 

these methods sample different communities (e.g., water column DNA and bulk samples from 

benthic sediment) and that bulk tissue metabarcoding provides a more accurate representation of 

stream communities at small, local scales. 

5.1.2 Aquatic macroinvertebrate biodiversity 

There remain vast levels of undescribed diversity amongst invertebrate taxa (see Zhang, 

2011), and the advancement of biodiversity research is necessary in the face of global insect 

declines (Costello et al., 2013; Wagner et al., 2021). This is particularly true of freshwater 

habitats which, despite the essential services they provide, are amongst the most threatened 

ecosystems on the planet (Jähnig et al., 2021; Maasri et al., 2022). In Chapter 3 (Hidden 

diversity – DNA metabarcoding reveals hyper-diverse benthic macroinvertebrate 

communities; Gleason et al., 2022a), I use DNA metabarcoding to explore the variability of 

stream communities at small spatial scales and evaluate whether an increased agricultural 

gradient results in more homogenous communities within a stream. Since local-scale resolution 
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is necessary for this work, I use knowledge gained from the research presented in Chapter 2 and 

incorporate a bulk tissue, rather than eDNA, metabarcoding approach for the evaluation of 

aquatic macroinvertebrates in this study. 

I detected incredibly diverse aquatic macroinvertebrate communities, with over 1600 

OTUs from 149 families. I found that diversity was incredibly high in all of the streams sampled, 

and extrapolations of taxonomic richness revealed that a two-fold increase in sampling effort 

would be necessary to detect all OTUs present both locally and regionally. Within a stream, there 

were extremely high levels of community turnover between transects only ten meters apart. I 

observed that 40-80% of OTUs were unique to a single transect and not collected anywhere else 

at that stream. These values represent unprecedented freshwater diversity detected within a 

single stream and indicate the need for robust sampling designs to reflect accurately the 

freshwater communities present. This was particularly relevant for chironomids, a dipteran 

family, which encompassed over a third of the OTUs detected in this dataset, many of which 

could not be matched to a binomial species name. Due to the high number of rare taxa, within-

stream beta diversity (e.g., within-stream dissimilarity) was very high for all streams sampled 

across each time point. While I expected that increased agricultural land use would homogenize 

stream habitats and thus benthic communities, there was no relationship between within-site beta 

diversity and the percentage of agricultural land use. I suggest that it is imperative to incorporate 
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both local and spatial factors to reflect accurately the influence of agricultural land use and better 

detect trends in aquatic macroinvertebrate distributions. 

5.1.3 Stream metacommunities 

Stream networks are large, connected ecosystems, and evaluations of habitat condition 

should address associations between multiple aspects of stream ecosystems (Cid et al., 2022). To 

build upon my work in Chapter 3 exploring variation in local communities, in Chapter 4 

(“Metabarcoding metacommunities: time, space and land use interact to structure aquatic 

macroinvertebrate communities in streams”; Gleason et al., 2022b) I use a metacommunity 

framework to evaluate the environmental, spatial, and temporal factors that influence aquatic 

macroinvertebrate community composition. Few studies have incorporated molecular 

identification into metacommunity research, and the fine levels of taxonomic resolution provided 

by DNA metabarcoding may greatly advance our understanding of metacommunity dynamics. 

In this chapter, I observed a complex relationship between all tested variables (local habitat 

conditions, regional agricultural land use, and spatial position) and aquatic macroinvertebrate 

community composition. A large meta-analysis of metacommunity dynamics at predominately 

genus-level resolution found that both environmental and spatial components were poor 

predictors of stream macroinvertebrate communities (Heino et al., 2015). However, I found that 

each of these factors, and the interaction between them, explained significant portions of 
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variation in stream macroinvertebrate communities, particularly between regional agriculture and 

spatial position. It is likely that both environmental filtering and dispersal processes are 

responsible for structuring these diverse communities. I also observed a large proportion of 

unexplained variation as well as high numbers of rare taxa (roughly 45% of OTUs occurred in 

only one stream) and few generalist taxa (only 1% of OTUs were present in more than 70% of 

sites). The extreme dissimilarity between sites that is unexplained by environmental or spatial 

factors suggests that there is a strong stochastic or neutral component to metacommunity 

dynamics in this system. 

I also examined temporal dynamics of metacommunity structure in Chapter 4, which is an 

area of metacommunity research that is often neglected (Holyoak et al., 2020). I found a distinct 

seasonal effect as different local parameters significantly influenced community composition in 

each sampling month. Interestingly, I found evidence that earlier-season aquatic 

macroinvertebrate communities (May in Ontario) may be more impacted by regional land use 

than those in July and September. In May, I observed that communities surrounded by a greater 

percentage of agricultural land use contributed less to the overall beta diversity of the region, 

though this effect may be mitigated by a larger riparian buffer. 
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5.2 Research significance 

My thesis research successfully evaluated molecular protocols for aquatic 

macroinvertebrate biodiversity assessments in a novel way by using a paired sample approach. 

While previous eDNA studies have reported sufficient overlap in community composition 

between eDNA and bulk sampling approaches, these studies evaluated taxonomic congruency by 

comparing all samples collected from an entire region (e.g., a pooled sample approach; Deiner et 

al., 2016; Macher et al., 2018; Mächler et al., 2019). Prior work has not evaluated site-level 

variations even though large differences in community composition at the site-level can have 

substantial implications for biomonitoring and ecological research programs looking to 

incorporate eDNA. I address this knowledge gap in my research and present novel results 

reflecting the startling lack of taxonomic overlap at the site-level. 

 I build upon this work by using bulk-sample DNA metabarcoding to describe vast levels 

of aquatic macroinvertebrate biodiversity in Ontario streams. This was the first study to use 

molecular methods to explore macroinvertebrate diversity at small spatial scales in stream 

systems, and I uncovered unprecedented taxonomic turnover between adjacent habitat patches, 

as well as high levels of rare and undetected taxa. This work is significant in highlighting the 

necessity for robust field sampling regimes to reflect accurately invertebrate biodiversity, as well 

as the importance of these monitoring studies to improve our knowledge of invertebrate species 
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richness and distributions. The results presented here closely resembled terrestrial metabarcoding 

studies in terms of high turnover across small spatial scales and large numbers of rare OTUs 

(Steinke et al., 2021), suggesting that rare or transient species may be equally important in 

ecosystems where there is no aerial dispersal. 

Given the high level of diversity unveiled using DNA metabarcoding, it is surprising that few 

studies to date have incorporated molecular identification and metacommunity dynamics to 

advance our understanding of how patterns in biodiversity are shaped through local and regional 

processes, particularly in relation to anthropogenic disturbance. I address this knowledge gap in 

my thesis in addition to including a seasonal component to explore how agricultural pressures 

can change over time. I demonstrate the importance of both environmental and spatial 

components in structuring aquatic communities and suggest both processes work in tandem. I 

also provide evidence that there is a strong component of stochastic assembly, which influences 

community composition, though it is also possible that some closely related OTUs may form 

competitively neutral groups (i.e. “lumpy species distribution”; Sakavara et al., 2017; Scheffer & 

van Nes, 2006). Through DNA metabarcoding, large amounts of otherwise ‘hidden’ diversity 

can be incorporated in metacommunity studies and provide greater insight into the relative 

importance of environmental filtering and stochasticity in freshwater ecosystems, particularly 

those impacted by anthropogenic land use.  
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5.3 Limitations and future directions 

There are numerous aspects of field protocols (e.g., collection methods, replication, filter 

pore size, preservation, water volume) and laboratory pipelines (e.g., choice of primer set and 

marker) that will ultimately affect the outcome of any study, and these are particularly important 

to acknowledge in a burgeoning field such as eDNA metabarcoding. The use of degenerate 

primers in this thesis was effective at characterizing diverse macroinvertebrate communities 

from kicknet samples, though they result in high levels of non-target amplification from eDNA 

samples as stream water contains genetic material from numerous organisms (compared to bulk-

tissue metabarcoding). The choices of primers and markers are essential considerations, and 

ideally must successfully amplify the target group (which is often diverse in the case of 

invertebrate) while minimizing non-target amplification and also matching to a robust reference 

library (Collins et al., 2019). The use of PCR-free metagenomic methods, such as shotgun 

sequencing, can avoid the issue of primer biases altogether and may provide more reliable 

estimates of biomass (e.g., Bista et al., 2018), however the lack of sequence reference libraries 

can be problematic. Recent research continues to develop primers with limited degeneracy to 

improve the performance of eDNA metabarcoding for target macroinvertebrate groups, which is 

very promising for future eDNA studies (Leese et al., 2021). However, an alternative perspective 

is that while eDNA analysis detected many OTUs from non-arthropod groups in this study (e.g., 

algae, bacteria), future work should consider the incorporation of alternative metrics for 
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bioassessments as this ‘molecular bycatch’ may prove to have unique community signals 

detectable through eDNA metabarcoding.  

 In addition to continued development and improvement of laboratory protocols, there 

remain many unknowns regarding the shedding rates of macroinvertebrates or the fate of eDNA 

in natural systems (e.g., water column versus substrate sampling). It is possible that aquatic 

macroinvertebrate eDNA is retained in sediments, and extracting DNA from water samples is not 

an accurate reflection of community composition. I suggest that detailed methodological studies 

continue to address the challenges of eDNA metabarcoding for aquatic invertebrate groups. For 

example, the incorporation of mesocosm work with mock communities could prove particularly 

useful to address settling rates and persistence of eDNA to inform best practices for future field 

collection. Recent work has additionally observed the utility of environmental RNA (eRNA) 

which may better reflect community composition than eDNA (Cristescu, 2019). For example, 

eRNA had a higher rate of true positives between paired eRNA and eDNA for detecting fish 

community composition (Littlefair et al., 2021), and this is a promising avenue for future studies 

using invertebrates. 

  I observed high levels of macroinvertebrate biodiversity in my thesis, but bioinformatics 

parameters can have a strong effect on how many OTUs are detected (Clare et al., 2016). I 

selected an OTU clustering threshold of 97% similarity based on previous DNA metabarcoding 

work using COI as a marker; however, it is unclear how closely OTU clustering reflects actual 
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species delineations. In recent years, the use of exact sequence variants (ESVs or haplotype-level 

diversity) has been suggested to avoid clustering altogether and potentially detect population-

level trends (Brandt et al., 2021; Porter & Hajibabaei, 2020). While the generation of ESVs is 

computationally expensive and have a higher risk of introducing sequencing errors in the dataset, 

they have the advantage of being more comparable between studies and can provide greater 

insight into invertebrate diversity. The use of either method (ESVs or OTU clustering) both have 

the potential to introduce ‘false’ ESVs/OTUs from PCR or sequencing errors and these are often 

difficult to detect, though rigorous data curation methods can minimize these errors (Frøslev et 

al., 2017). In spite of the differences between bioinformatic methods, there has been congruence 

between ecological patterns detected between OTUs and ESVs for microbial communities 

(Glassman & Martiny, 2018), soil arthropod communities (Arribas et al., 2021), and benthic 

kicknet samples (Porter & Hajibabaei, 2020). While it is promising that broad-scale patterns 

remain robust to sequence clustering parameters (or lack thereof), it is likely that ideal clustering 

thresholds differ between taxonomic groups and ongoing research is necessary to delineate 

barcode gaps, particularly for diverse groups such as chironomids (e.g., Lin et al., 2017). There 

also remain significant gaps in sequence reference databases, and taxonomic research must be 

supported to improve identification success.   

In general, more research must be done to document trends in freshwater macroinvertebrate 

biodiversity (Jähnig et al., 2021). Larger-scale, multi-year sampling regimes can provide greater 



 

 

187 

 

insight into trends over time, and the incorporation of DNA metabarcoding can improve our 

understanding of the diversity in these systems. The existence of robust reference datasets is 

necessary to observe ongoing patterns, particularly in the wake of climate change and global 

species declines. The seasonal component of environmental variability is also a promising area 

for future work as shifts in environmental timings due to climate change can result in a mismatch 

between species emergences and their environment in freshwater systems. Advances in these 

research directions should stress the importance of applied metacommunity ecology and DNA 

metabarcoding in conservation, and ideally result in more sustainable land-use practices. 

5.4 Final remarks 

My research program has always incorporated my fascination with entomology, 

particularly patterns in biodiversity, as well as a goal to see ecological research applied towards 

environmental sustainability. The ideas from this thesis originally evolved from previous work 

on aquatic macroinvertebrates in pothole wetland habitats in Alberta, Canada, where I used 

family-level identification to evaluate patterns in community composition in response to land use 

(e.g., Gleason & Rooney, 2017; Gleason & Rooney, 2018; Gleason et al., 2018). While I was 

able to attribute changes in community composition to environmental variables such as 

hydroperiod and microhabitat availability, I felt that my research was not complete and 

ultimately yielded further questions regarding the role of taxonomic resolution in both 
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biomonitoring and ecological applications. I embarked upon my doctoral work with a desire to 

incorporate molecular identification into freshwater research, both from a biomonitoring 

perspective and to address questions in metacommunity ecology that remained unexplored using 

molecular datasets.  

My PhD thesis demonstrates the utility of molecular tools for routine monitoring, as well 

as the need to view habitats beyond their immediate local boundaries. I observed very high levels 

of aquatic macroinvertebrate biodiversity using DNA metabarcoding, and many of these taxa 

could not be matched to a binomial species name against the sequence reference database 

(particularly for chironomids). There are vast amounts of invertebrate biodiversity left to uncover 

and describe, and we currently do not understand all factors which contribute to their 

distributions nor the functional roles these taxa play in freshwater ecosystems. Through the novel 

integration of DNA metabarcoding and temporal metacommunity ecology, my research suggests 

that maintaining riparian buffer habitats can act to mitigate the effects of agricultural land use, 

particularly in May. The preservation of freshwater resources is critical to our planet, as is the 

production of sustainable food. Through my research, I have stressed the importance of 

integrative approaches to biomonitoring and conservation, and I hope that future work will build 

upon the recent and urgent call to preserve freshwater biodiversity.
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Appendices 

Appendix 1 – Data quality control methods post-bioinformatics 

For chapters 3 and 4, we used the R package metabaR (v. 1.0.0; Zinger et al., 2021) to 

assess the quality of our metabarcoding data. We first plotted the total number of reads and the 

total number of OTUs in each negative control type (extraction, PCR, sequencing) and samples 

(together) to visualize the proportion of reads/OTUs in each control type (Figure A1-1). To 

assess visually that sequencing depth was sufficient, we plotted the number of sequence reads 

per PCR reaction and the number of OTUs to confirm that there was no correlation between read 

number and OTU count (Figure A1-2). If reads were significantly correlated with OTU number, 

it would indicate that sequencing depth was not sufficient. We used the function ‘ggpcrplate’ to 

visualize the number of reads per PCR reaction between samples and controls in plate format to 

confirm that there was no pattern in samples containing low sequence reads (e.g., all in the same 

row/column; Figure A1-3). To assess sequencing depth in each sample, we used the function 

‘hill_rarefaction’ with a bootstrap value (the number of resampling steps) of 20. Rarefaction 

curves were generated using species richness, Shannon index, inverted Simpon’s index (Hill 

numbers of q = 0, 1, 2 respectively; Chao et al., 2014), and Good’s coverage index (Figure A1-

4).  
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To flag potential contaminants, we first subset the data into the four respective plates 

using the function ‘subset_metabarlist’. As each plate was processed and sequenced separately, 

the negative controls were unique to a plate. For each plate, we used the function ‘constaslayer’ 

to identify and flag OTUs as contaminants if the relative abundance of that OTU across the entire 

dataset was highest in a negative control. For a sample to be excluded as contaminated, more 

than 10% of reads within that sample had to correspond to an OTU flagged as a contaminate. No 

samples were removed due to contamination as this threshold as not met. 

We flagged OTUs as non-target amplification if they did not belong to the phyla we 

targetted in our dataset: arthropods, molluscs, and annelids. We chose not to include nematodes 

here as our dataset contained very few nematode sequence reads (4397). This could be due to 

their potentially small size; perhaps they were not sufficiently collected in the field or recognized 

during sample sorting. The majority of nematode sequences matched to Gordius sp. (3929), 

which are large horsehair worms (phylum Nematomorpha) that would not have been missed 

during collection/sorting. It is also possible that nematode sequences were not amplified 

effectively due to primer biases. There were 40,620,884 arthropod sequences, 9,055,936 annelid 

sequences, and 1,166,259 mollusc sequences. In addition to flagging OTUs that were not our 

target taxa, we also flagged those that had a match similarity of less than 90% to our reference 

database (Figure A1-5). While some studies use a conservative 98% threshold (e.g., Emilson et 

al., 2017; Steinke et al., 2021), others have selected a 85% similarity threshold (e.g., Kuntke et 
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al., 2020). In our dataset, it is likely that 98% is too strict a cut-off due to the sparsity of 

reference sequences for understudied taxa such as chironomids. We based our threshold on 

examining the spread of our similarity data (Figure A1-5), and selected 90% to balance the 

inclusion of species not recorded on the Barcode of Life Database (BOLD; Ratnasingham & 

Hebert, 2007) while still excluding potentially low-quality sequences. The average sequence 

similarity for our target taxa was 96%. 

Based on our initial three sequencing runs, we calculated the average and standard 

deviation of sequence reads for all samples (153,632 ± 66,288). We re-ran any samples that 

contained fewer reads than one standard deviation below the average (less than 87,344 

sequences), beginning from the extraction step to ensure no errors were carried over from 

previous laboratory work. This ‘redo plate’ was then sequenced, and all OTUs were clustered 

together to create the final dataset. When filtering data, we retained this cut-off threshold for 

sequence reads and excluded samples that had too few sequence reads (Figure A1-6). In total, 

this only removed three biological replicates out of 240 in our dataset. 

To assess how consistent PCR replicates were, we calculated pairwise Bray-Curtis 

dissimilarity within samples (e.g., between technical replicates) and between samples using the 

function ‘pcr_within_between’ and visualized the intersection of these values using 

‘check_pcr_thresh’ (Figure A1-7). We expect PCR replicates that perform well will be more 

similar to each other than to other samples (i.e., a low Bray-Curtis dissimilarity value). We used 
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the threshold of intersection (0.51) as our cut-off value to remove any outlier PCRs with within-

sample dissimilarity scores higher than this. This means a sample would be flagged if the 

distance within a sample (e.g., between technical replicates) was greater than expected given the 

typical dissimilarity within and between samples. 

Tag-jumps occur when a sequence is erroneously assigned to a sample it does not belong 

to, resulting in a false positive. The frequency of tag-jumps in a dataset can be assessed using 

sequencing negative controls. We used the function ‘tagjumpslayer’, which reduces an OTU 

abundance in a sample to zero if the total abundance (i.e., sequence reads) of that OTU across the 

entire dataframe is lower than a set threshold. This threshold is when the relative abundance of 

an OTU in a sample is considered to be a tag-jump. We tested multiple thresholds and selected 

0.001% as this is when a drop in sequence reads in the negative sequencing controls occurred 

(Figure A1-8). 

We summarized the noise in our dataset by plotting the total number of OTUs that were 

retained and those that were removed (including reason for removal; Figure A1-9) and did the 

same for the number of samples (Figure A1-10). After all data quality control steps described 

above, we plotted the total number of both sequences and OTUs before and after our data 

cleaning (Figure A1-11). 
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Appendix 1 - Figures 

 

 

Figure A1-1: The total number of reads and the total number of OTUs in each negative control type 

(extraction, PCR, sequencing) and samples to visualize the proportion of reads/OTUs in each control 

type. 
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Figure A1-2: The number of sequence reads per PCR reaction and the number of OTUs detected in that 

reaction. The OTUs in the samples (black circles) are not correlated with number of sequence reads and 

thus we can confirm that sequencing depth was sufficient. 
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Figure A1-3: The number of reads per PCR reaction are visualized in plate format for samples and 

controls to confirm that there was no pattern in samples containing low sequence reads.   
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Figure A1-4: The rarefaction curves for species richness, Shannon index, inverted Simpson’s index, and 

Good’s coverage index for every PCR. All curves level off, suggesting read depth was sufficient in our 

samples. 
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Figure A1-5: The percent similarity of the best match against the reference database for both OTUs and 

sequence reads. The dashed red vertical line indicates our threshold of 90% similarity. 
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Figure A1-6: The number of sequence reads and their frequency of occurrence (number of samples). 

Note that negative controls are included here. The dashed red vertical line indicates our cutoff for 

sequence reads (87344). 
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Figure A1-7: The density of Bray-Curtis dissimilarity values within samples (e.g., PCR technical 

replicates) in orange and between samples (in blue). The threshold of where these values intersect (0.51) 

is our cutoff threshold. 
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Figure A1-8: The effects of each filtering threshold (an OTU reduced to zero abundance in a sample if its 

relative abundance is this percentage of the total abundance for that OTU) for both sequence reads and 

OTUs. The drop in reads in the sequencing controls indicate that tag jumps have been controlled for in the 

dataset. The red dashed vertical line represents the selected threshold of 0.001%. 
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Figure A1-9: The total number of OTUs in our dataset and the proportion that were retained. OTUs in 

blue were retained. OTUs in grey were removed for being untargeted taxa, those in orange were both 

untargeted and low similarity to the reference database (< 90%), and those in red were low similarity. 

Three OTUs in black are not visible on the plot, but were removed for being both contaminants and low 

similarity/untargeted sequences. 
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Figure A1-10: The total number of PCR reactions (including all samples and technical replicates) in our 

dataset and the proportion that were retained. Samples in blue were retained, and those in red were 

filtered out due to low sequencing depth. No samples were filtered out for other reasons checked for in 

our pipeline (e.g., low reproducibility, contamination issues). 
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Figure A1-11: The total number of OTUs (left) and sequences (right) in the raw data output after the 

JAMP pipeline (orange – pre data cleaning) and in our final dataset (blue – post data cleaning). 
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Appendix 2 – Data accessibility 

The raw MiSeq sequence data used in Chapter 2 of this thesis has been deposited in 

NCBI’s Short Read Archive (Accession #: PRJNA575063) and are available publicly. A version 

of this chapter was published in Molecular Ecology in 2020, and all relevant data are available as 

supplementary information at https://doi.org/10.1111/mec.15597. The OTU tables and 

taxonomic identifications used in our analyses, along with all metadata, are available as 

supplementary information, along with the JAMP script we used in our bioinformatics pipeline 

and the R script for data analysis and figure generation. 

Chapters 3 and 4 of this thesis are based on the same dataset and the raw sequences are 

available publicly on NCBI’s Short Read Archive (Accession #: PRJNA783201). Versions of the 

third thesis chapter (https://doi.org/10.1101/2022.02.28.481642) and fourth thesis chapter 

(https://doi.org/10.1101/2022.05.01.490210) are available online as preprints at bioRxiv. 

Supplementary information relevant to both Chapters 3 and 4 have been made available online 

on Zenodo (https://doi.org/10.5281/zenodo.6588622), including the R code used to clean the data 

post bio-informatic processing (the protocol described in Appendix 1) as well as the raw OTU 

tables and associated metadata meant to be used in this code. 

 

 

https://doi.org/10.1111/mec.15597
https://doi.org/10.1101/2022.05.01.490210


 

 

211 

 

 

 

 

Bonus Figure: A sticker resembling Jennifer Gleason and Ian Thompson field sampling streams 

for benthic macroinvertebrates in 2019. Sticker is a cherished post field work gift to JG from IT, 

made by artist https://www.aldermoth.com/. 

 


