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Abstract

In Canada, all active metal and diamond mines and pulp and paper mills discharging effluent are required
to monitor potential effluent related impacts on benthic invertebrate communities through regulated
Environmental Effects Monitoring (EEM) programs. Currently, EEMs include sampling benthic
invertebrates and identifying them morphologically to the family level. We sought to directly compare
traditional taxonomic identification methods with DNA barcoding of each specimen as they apply to EEM
studies. Five industry sites were sampled, each with a sample area receiving effluent and a reference
area not receiving effluent for a total of 67 benthic invertebrate sample stations across all five sites.
Specimens were identified morphologically and with DNA barcoding and statistical differences of four
endpoints between paired freshwater areas were assessed. Additionally, OTU (operational taxonomic
unit) level analyses were compared to the family-level results to determine if the OTU level could be more
informative of differences in community composition between effluent receiving environments and their
reference areas. Family-level morphology vs. family-level barcode-based identifications delivered the
same conclusions for paired-area comparisons over 70% of the time. DNA barcoding results at the OTU
level differed when determining impacts between paired areas 19-30% of the time across all four
endpoints compared to family-level barcoding and family-level morphology, respectively. Overall, DNA
barcoding could be used in EEM studies as it demonstrated similar results as morphological
identifications at the family level and provides greater taxonomic resolution and sensitivity for detecting
paired area differences.

Introduction

To help assess the adequacy of effluent regulations and to manage and mitigate impacts, the Canadian
Government, through the Fisheries Act, enacted a national Environmental Effects Monitoring (EEM)
program, which specifies monitoring requirements of effluent and the associated receiving environments
it is discharged into (Environment and Climate Change Canada (ECCC), 2008). Within this article,
reference to the EEM program encompasses both the Pulp and Paper Effluent Regulations (Legislative
Services Branch (LSB), 2018), as well as the Metal and Diamond Mining Effluent Regulations (LSB, 2024).
EEM studies are performed every three years for all active mines and mills and consist of several
monitoring components, including the amount of effluent discharged, concentrations of deleterious
substances, and monitoring for potential impacts on fish and fish habitat (Government of Canada (GC),
2002). The biotic components of an EEM study focus on the health of fish populations (using survival,
growth, reproduction, and energy storage endpoints) and on fish habitat by evaluating multiple benthic
invertebrate community endpoints (GC, 2002). An effect on any of the EEM components is determined
by a significant difference in endpoints between the area receiving effluent (exposure area) and a nearby
area unimpacted by effluent (reference area). For benthic invertebrates, there are four ‘effect’ endpoints;
total benthic invertebrate density, taxonomic richness, taxonomic evenness (using Simpson’s evenness
index), and community composition (using Bray-Curtis dissimilarity) (ECCC, 2012). The benthic
invertebrate surveys were designed to assess habitat quality and the availability of benthic invertebrates
as fish food in exposed receiving environments (lakes and streams) (ECCC, 2012). When the EEM
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program was first implemented, many practitioners used the Lowest Practical Level (LPL), which was
often genus level morphological identifications. Currently, the required level for invertebrate taxonomic
identification for the calculation of endpoints is at the family level resolution (ECCC, 2012).

Benthic invertebrates in EEM studies are identified by manually sampling and sorting specimens from
detritus followed by family-level classification using morphological characteristics. While morphological
identification is more accessible for researchers and industry as it requires no specialized equipment
beyond the availability of a microscope, it also has several shortcomings. The various sizes, life stages,
and complex morphologies of invertebrates often hamper morphological identification, and as a result,
taxonomy datasets have a taxonomic resolution that is not consistent across all organisms (Hewlett,
2000; Lenat & Resh, 2001; Pawlowksi et al., 2018). This inconsistency is further complicated by the
experience level of the taxonomist conducting the identifications. Other constraints of morphological
taxonomic classification include specimen quality, the availability of identification keys and resources,
and availability of highly experienced taxonomic experts (Bush et al., 2019).

With the advent of newer methods for identification that use specimen DNA, morphology often begins to
fall short when comparing the quality of taxonomic classification and time efficiency (Gibson et al., 2015;
Bush et al., 2019; Pawlowski et al., 2018). Molecular tools like DNA barcoding (Hebert et al. 2003) can
bridge many of the limitations listed above and help support morphological identifications. Relying on
the extracted DNA of specimens, these methods can provide accurate and high-resolution
identifications, often to the species level or a species proxy, known as an operational taxonomic unit
(OTU) (Sweeney et al.,, 2011; Gibson et al., 2015; Pawlowski et al., 2018). DNA barcoding is also helpful in
linking life stages, as diagnostic characteristics are often present in adults only, making morphological
larval identifications difficult (Sweeney et al., 2011). Most importantly, barcoding has shown to yield
similar results to morphological methods when used in biomonitoring, often demonstrating greater
accuracy (Sweeney et al., 2011; Gibson et al., 2015; Pawlowski et al., 2018).

While DNA metabarcoding is receiving increasing attention in the literature for use in biomonitoring
studies (Fernandez et al., 2018; Uchida et al., 2020; Brantschen et al., 2021), EEMs rely on individual-
based endpoints that cannot currently be fully achieved through metabarcoding. There is thus a need to
compare morphological methods with DNA barcoding, as barcoding provides a molecular, specimen-by-
specimen approach that aligns with EEM methods, procedures, and outcomes.

DNA barcoding is a molecular method for specimen identification that uses a specimen-by-specimen
workflow and requires a similar process of sample sorting as morphological methods. Therefore,
barcoding is subject to some of the same limitations as morphological methods, as the sample
processing can be time-consuming, and both methods often rely on the subsampling of a larger sample,
which can lead to variable results in analyses (Clarke et al., 2006; Vlek et al., 2006). Due to the lengthy
nature of specimen sorting, portions of the total sample are taken, sorted, and adjusted to represent the
entire sample. Depending on the size of the subsample, this practice can result in differing endpoint
results, thereby hindering the ability to properly identify water bodies as impacted or unimpacted by a
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given contaminant (Doberstein et al., 2000; Vlek et al., 2006; Petkovska & Urbani¢, 2010). Despite this
shortcoming, DNA barcoding sets itself apart from morphology by its increased taxonomic resolution
and by its greater ability to encompass and assess the broader invertebrate community (Sweeney et al.,
2011; Carew et al., 2013). Gibson et al. (2015) noted that while DNA barcoding was able to replicate all
studied metrics found morphologically, Sweeney et al. (2011) observed that barcoding resulted in a
higher number of taxa and a greater degree of accuracy for the calculated metrics.

There is continued discussion as to which taxonomic level is most appropriate when sampling
invertebrates for biomonitoring purposes. While some studies, including EEMs, only require family-level
identifications, many others have found this identification level unsatisfactory (Lenat & Resh, 2001; King
& Richardson, 2002; Molineri et al., 2020). Specifically, family and even genus-level identifications of
invertebrates were shown to be inadequate when classifying habitat quality compared to species-level
identification (Lenat & Resh, 2001, King & Richardson, 2002; Carew et al., 2011; Molineri et al., 2020).
There is concern that sampling at the family level will mask much of the variability found at the species
level, as several families and genera are known to have species of varying pollution tolerances (Resh &
Unzicker, 1975; Lenat & Resh, 2001).

Freshwater invertebrates are an important part of a healthy ecosystem and ensuring that they are
accurately monitored at the appropriate identification level is vital. As an important foundation of
freshwater food webs, benthic invertebrates provide nutrients primarily to fish, but also to terrestrial
mammals, reptiles, amphibians, and birds (Macadam & Stockan, 2015). Invertebrates aid in the
breakdown of organic matter in the water column, cycling of nutrients, and water filtration (Losey &
Vaughan, 2006; Macadam & Stockan, 2015). Ensuring accurate biomonitoring of freshwater benthic
invertebrates is a first step in protecting these ecosystems and the services they provide.

To evaluate whether the DNA barcoding method can yield similar results to the currently used
morphological methods of identifying invertebrates, we conducted sampling at four mines and one pulp
and paper mill in Canada following EEM protocols and identified invertebrates using traditional
morphological identifications and DNA barcoding. We hypothesized that family-level identifications
obtained using DNA barcoding would yield similar results to the morphological results at the family level
as molecular approaches have been shown to replicate the results found by morphology (Martins et al.,
2021; Shackleton et al., 2021). Further, with the addition of higher taxonomic resolution through
molecular methods, we hypothesized that OTU-level impacts will vary from family-level and provide more
accurate classifications as higher taxonomic resolution has shown to provide greater insight into the
quality of impacted streams (Sweeney et al., 2011; Stein et al., 2014; Macher et al., 2016). This study is
the first to perform a specimen-based comparison of morphological and molecular methods for EEMs in
Canada and is important for providing biological and methodological insights into the use of barcoding
methods relative to those derived from traditional morphological taxonomy.

Methods
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Aquatic invertebrates were sampled by Ecoreg Solutions from five sites including four mines and one
paper mill in Canada in the fall of 2020 and 2021. Each site consists of an area receiving effluent
(exposure) and a corresponding reference area not receiving effluent, with each consisting of five to six
benthic invertebrate community sample stations. Part of the EEM study design also requires the careful
selection of exposure and reference areas as they must reflect similar habitats and watersheds to
reduce natural variability between sample areas. The sites in this study will be denoted with numbers
(Site 1, or S1, S2... S5) to protect the identities of private partner organizations, with one site referring to
all its reference and exposure areas. Each benthic station consisted of a composite of three sediment
replicates with a Petite Ponar® dredge for a total sampled area of 0.0696 m?. After collection,
composite benthic samples from each replicate station were fixed with ethanol and stored at room
temperature. Prior to sorting, each benthic sample was strained over a 500 ym steel strainer to remove
silt and smaller organisms that are not used in standard EEM protocols. The collected invertebrates were
sorted and identified to the lowest practical level based on morphology and imaged either with a Leica
M205-A Z-stack microscope or by a Keyence VHX-7000 directly in a microplate done at the CBG (Centre
for Biodiversity Genomics, University of Guelph). The CBG also performed the sequencing of specimens.

DNA extraction from individual invertebrates was conducted using a magnetic bead-based protocol
(deWaard et al., 2008). Mollusc DNA was extracted using a CTAB (cetyltrimethylammonium bromide)
protocol (Steinke et al., 2016). A standard primer pair, C_LepFolF + C_LepFolIR (see Table 1 for details)
was used to amplify the COI barcode region for all invertebrates except Mollusca, where several
alternative primer cocktails were used (see Table 1 for details). The following thermocycling protocol
was used for all primer combinations: initial denaturation for two minutes at 94°C, then five cycles of
denaturation for 40 seconds at 94°C followed by annealing for 40 seconds at 45°C and extension for one
minute at 72°C, 35 cycles of denaturation for 40 seconds at 94°C followed by annealing for 40 seconds
at 51°C, extension for one minute at 72°C, and final extension for five minutes at 72°C. Sequencing of
mollusc DNA was done using an ABI 3730xI DNA Analyzer (Applied Biosystems), while the remaining
invertebrates were sequenced using a Pacific Biosciences Sequel Il platform (Hebert et al., 2018). The
resulting sequences were all uploaded to the Barcode of Life Data System (BOLD - Ratnasingham &
Hebert, 2007) and were downloaded and filtered based on quality checks including discarding too-short
sequences, detecting and correcting sequences with possible insertion/deletion errors or stop codons,
and checking for sequence outliers in the dataset. The project containing the dataset used here is
available on BOLD through the following doi: dx.doi.org/10.5883/DS-ECORG. The specimens in the
barcoding dataset were assigned their taxonomy using BOLDigger (Buchner & Leese, 2020), sorting
results by percent match and selecting the top hits. The dataset was then filtered for the presence of
family-level identification.
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Table 1

Primer details, including sequences and publications, for all of the primers used for PCR amplification of
the barcode region of the COIl gene in this study.

Original Target Taxa  Primer Sequences Publication
Target Taxa  for this Code
Study
Lepidoptera  Arthropoda, @ C_LepFolF LepF1: Hebert et
Annelida al. (2004)
ATTCAACCAATCATAAAGATATTGG
Folmer et
LCO1490: al. (1994)
GGTCAACAAATCATAAAGATATTGG
Lepidoptera  Arthropoda, C_LepFolR LepR1: Hebert et
Annelida al. (2004)
TAAACTTCTGGATGTCCAAAAAATCA
Folmer et
HC02198: al. (1994)
TAAACTTCAGGGTGACCAAAAAATCA
Bivalves Molluscs BivF4_t1 TGTAAAACGACGGCCAGTGKTCWAC Layton et
(Bivalves) al. (2014)
WAATCATAARGATATTGG
Bivalves Molluscs BivR1_t1 CAGGAAACAGCTATGACTAMACCTC Layton et
(Bivalves) al. (2014)
WGGRTGVCCRAARAACCA
Gastropod Gastropod C_GasF1_t1  GasF1_t1: Steinke et
al. (2016)
TGTAAAACGACGGCCAGTTTTCAACA
AACCATAARGATATTGG
GasF2_t1:
TGTAAAACGACGGCCAGTATTCTACA
AACCACAAAGACATCGG
GasF3_t1:
TGTAAAACGACGGCCAGTTTTCWACW
AATCATAAAGATATTGG
Gastropod Gastropod GasR1_t1 CAGGAAACAGCTATGACACTTCWGG (Stein ()at al.
2013

RTGHCCRAARAATCARAA

All further analyses were performed in R (version 4.3.3, R Core Team, 2021), and code used for quality,
cleaning, and analyses can be found at Dutheil (2025a) and Dutheil (2025b). The four EEM ‘effect’
endpoints were calculated for each of the two methods of taxonomic identification (morphology and
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barcoding) and at two taxonomic levels (family and species-like units represented by BOLD’s OTUs,
Barcode Index Numbers (BINs, Ratnasingham & Hebert, 2013)). Endpoint values were calculated for
each benthic station, meaning that one site would have two or three sampled areas (a reference and one
to two exposures). In total, this dataset had 67 benthic stations across the 5 study sites.

Taxonomic richness was calculated as the total number of unique taxonomic groups (whether families
or BINs) for each benthic subsample. Density (m?) was calculated using the number of individuals
divided by the sampled area from the ponar grab (0.0232 m? x 3 grabs for a total sampled area of 0.0696

m?) per benthic subsample. Simpson’s Evenness Index follows the equation described by ECCC (ECCC,
2022), which takes the inverse Simpson'’s Evenness divided by the total number of taxa in a benthic
subsample. In R, the diversity function from the vegan package (version 2.6—6.1, Oksanen et al., 2024)
was used to calculate the inverse Simpson index, which was subsequently divided by the taxonomic
richness. Bray-Curtis Dissimilarity also follows the ECCC method for EEM calculation (ECCC, 2022),
which calculates the dissimilarity index based on species composition. The function vegdist from the
vegan package was used in the calculation of the EEM Bray-Curtis index (Oksanen et al., 2024). The
mean, standard error, standard deviation, median, minimum, and maximum values of all benthic stations
within an area for each endpoint were also included. Effect sizes were calculated for each exposure area,
denoted as: (exposure mean - reference mean) / reference standard deviation.

Significant differences between endpoint values of each exposure area and its corresponding reference
area were calculated using either an ANOVA or, if various assumptions of the test could not be met, a
Mann-Whitney test. First, the assumptions of an ANOVA test were checked using Shapiro’s test (stats
package version 4.3.3, R Core Team, 2021) for normal distribution and Levene’s test (car package
version 3.1-2, Fox et al., 2024) for homogeneity of variance. If the assumptions were met, an ANOVA test
was done, and if not, then a non-parametric (Mann-Whitney) test was done (stats package, R Core Team,
2021), with one test per exposure area as some industrial locations have two exposure areas paired with
a single reference area. For EEMs, a p-value less than 0.1 represents a significant difference between
areas. To compare each identification method, the number of exposure areas deemed significantly
different or not significantly different from their paired reference areas was tallied and used to assess
each method’s ability to determine statistical significance, indicating a potential impact.

Results

In total, 7,180 specimens were sorted from all five sites, including reference and effluent exposure areas,
which were used for the morphology and DNA barcoding identification methods. From this total, and
after filtering out specimens with no identifications at the family level, the morphology dataset
comprised 7,153 specimens. It included 6,108 Arthropoda, 818 Mollusca, and 227 Annelida. Of the 7,180
specimens plated and sent for sequencing, 5,713 records (80% of the morphology dataset) had
sequences, with an additional 555 flagged records including 436 contaminated sequences and 119
sequences with stop codons. After filtering for high-quality sequences and identifications at the family
level, the barcoding dataset consisted of 4,674 specimens, with 4,204 Arthropoda, 379 Mollusca, and 91
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Annelida. This dataset represents 82% of the records with sequences (5,713) and 65% of the total
number of specimens collected and filtered (7,160). Post filtering, approximately 99% of specimens in
the barcoding dataset had a percent match between 98-100% with the assigned taxonomy from
BOLDigger, with the lowest percent match at 89.24%. The BIN dataset, which uses the same sequences
from the barcoding dataset, has a total of 4,711 specimens, as we did not filter out specimens without
family-level identification, and includes 389 BINs, 90 of which are unique within BOLD. Thus, there are
two datasets resulting from the barcoding process, but they are each used at their respective taxonomic
levels in this study (family-level and BIN-level).

In one of the locations (Site 1 or S1), three of the five sample stations contained no invertebrates in each
of the two exposure areas for this location, meaning that six out of 10 benthic stations were empty.
These stations were considered empty and included in the calculation of all the endpoints. However,
benthic stations that did collect some specimens but whose DNA did not get successfully sequenced or
was filtered out (resulting in no sequences for an entire benthic station) were not included in the dataset.
Such cases were only present in S1, with two stations missing from exposure area 1 (EXP1) and one
from exposure area 2 (EXP2). S1 is distinct from the other locations, as both exposure areas collected
very few specimens, totalling three (EXP1) and four (EXP2) invertebrates, compared to 590 invertebrates
in the corresponding reference area. None of the other locations showed such a large discrepancy
between paired areas.

For the remaining datasets, paired areas allowed for comparing reference and exposure areas and for
calculating effect sizes. Of the three datasets and four endpoints, only one set (family-level barcoding,
Bray-Curtis dissimilarity) passed the assumptions for normal distribution and homogeneity of variance.
All 11 other sets did not pass, so we applied the Mann-Whitney non-parametric tests on all datasets for
consistency.

P-values of the non-parametric tests for the family-level morphology, family-level barcoding, and BIN-
level barcoding are shown in Table 2 and raw values of the endpoints for each dataset are available in
Appendix 1. In total, every effluent exposure area exhibited a significant difference between paired areas
for at least one endpoint and one identification method. In a few cases, the significant difference
determined by Simpson’s evenness index was in favour of the exposure area, meaning that the exposure
area had a higher value for this index. A key finding was that many of the determined significant
differences for an area were similar between family-level morphology and family-level barcoding, with
the BIN-level barcoding demonstrating similar but slightly differing conclusions. To illustrate the
comparison between morphological and molecular methods for family-level identifications, the
consensus between each method in determining a significant difference between exposure and
reference areas is illustrated in Fig. 1. The figure highlights the percentage at which both methods
determined the same effect (significant, p < 0.1 or non-significant, p > 0.1) across all locations and for
each endpoint. All four endpoints demonstrated a consensus between the methods that is greater than
60%, for an average agreement between methods of 72%. Specifically, the taxonomic richness and Bray-
Curtis endpoints had 100% consensus between the morphological and barcoding methods, meaning
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they came to the same conclusion regarding statistical differences between paired reference and
exposure areas at all locations.
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Table 2

Mann-Whitney test p-values for all three datasets (BIN-level barcoding, family-level morphology, and
family-level barcoding) for all four EEM endpoints when comparing exposure areas to reference areas.
Areas are denoted as the exposure area for an effluent location, with some locations having up to two

exposure areas paired with a single reference area. Values in bold designate a significant difference

between the exposure area and its paired reference area. Values with * denote a p-value that is
significantly different between paired areas but in the direction of the exposure area, meaning that
greater values are found at the exposure area, and not the reference.

Areas Morphology Barcoding Barcoding (BIN)
(Family) (Family)
Density (m?) S1-EXP1  0.0112 0.0325 0.0325
S1-EXP2  0.0109 0.0179 0.0179
S2-EXP1 1.0000 0.9166 0.9166
S2-EXP2 0.1508 0.1732 0.1732
S3-EXP 0.3939 0.6991 0.6991
S4-EXP 0.6905 0.1508 0.1508
SS5-EXP1 0.0317 0.2222 0.2222
S5-EXP2  0.0079 0.0079 0.0079
Taxonomic Richness S1-EXP1 0.0107 0.0282 0.0325
S1-EXP2  0.0107 0.0160 0.0179
S2-EXP1  0.0117 0.0400 0.1732
S2-EXP2 0.1693 0.7496 0.8340
S3-EXP 1.0000 0.5669 0.8723
S4-EXP 0.0290 0.0192 0.0212
S5-EXP1  0.0109 0.0073 0.0119
S5-EXP2  0.0847 0.0731 0.0079
Bray-Curtis S1-EXP1 NA NA NA
Dissimilarity
S1-EXP2 NA NA NA
S2-EXP1 0.3095 0.5556 0.0318
S2-EXP2 0.3095 0.6905 0.0159
S3-EXP 0.0152 0.0649 0.0022
S4-EXP 0.0317 0.0556 0.0079

Note: NA values for S1-EXP1 and S1-EXP2 for some of the endpoints are due to a very low specimen
abundance in the exposure areas for that site and calculations could not be made.
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Areas Morphology Barcoding Barcoding (BIN)
(Family) (Family)
S5-EXP1 0.0952 0.0952 0.0079
S5-EXP2  0.0079 0.0159 0.0079
Simpson’s Evenness ST-EXP1 NA NA NA
Index
ST-EXP2 NA NA NA
S2-EXP1 0.0317* 0.2857 1.0000
S2-EXP2  0.0317 0.3095 0.2222
S3-EXP 0.8182 0.5887 0.4848
S4-EXP 0.0317* 0.0318* 0.2222
S5-EXP1 0.0079* 0.0119* 0.5476
S5-EXP2  0.0317* 0.0318* 0.0952*
Note: NA values for S1-EXP1 and S1-EXP2 for some of the endpoints are due to a very low specimen
abundance in the exposure areas for that site and calculations could not be made.

The values for all four endpoints were also compared across all the different identification methods.
Family-level morphological and barcoding identifications were compared for the density, richness, Bray-
Curtis dissimilarity, and Simpson’s evenness endpoints (Figure 2). Similar to Figure 1, there is a strong
agreement between the values of the endpoints for both methods, with some exceptions shown for
richness and density endpoints. To compare the BIN barcode values, family barcode, and family
morphology datasets, density was removed as these values would be identical between both barcoding
datasets, and taxonomic richness was removed as it would be greater for the BIN level as it represents a
higher level of resolution. Thus, the three datasets were compared for the diversity endpoints Bray-Curtis
dissimilarity and Simpson’s evenness (Figure 3). Here, the disagreement of statistical significance of the
BIN endpoints compared to both family-level datasets is pronounced.

Finally, effect sizes for the morphology and two barcoding datasets illustrate the directionality for all four
endpoints (Figure 4). Directionality is shown by negative or positive values, as the formula of (exposure
mean - reference mean) / reference standard deviation denotes higher values if the exposure mean >
reference mean and negative values if exposure mean < reference mean.

Discussion

Our study determined whether morphological and molecular identifications were comparable in terms of
assessing environmental impacts when used in biomonitoring studies such as an EEM. We evaluated if
the endpoints calculated using both family-level morphology-based identifications and family-level
molecular-based identifications would yield the same or similar results in the assessment of potential
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effects from pulp mill or mine effluent on the downstream receiving area. Ultimately, our study shows
that family-level morphology and family-level barcoding methods for identifying benthic invertebrates
produce similar and, in many cases, identical results. Additionally, we explored whether BIN-level
assessments of paired areas could provide greater detail on determining differences between reference
and exposure areas. Compared to the morphological and molecular family-level assessments, BIN-level
assessments did vary and consistently determined a significant difference between areas with the Bray-
Curtis endpoint where family-level assessments did not.

When comparing the statistical significance between reference and exposure areas, both morphology
and barcoding agree on whether an area exposed to effluent demonstrates effects over 70% of the time
across all four endpoints (density, taxonomic richness, Bray-Curtis dissimilarity, and Simpson’s evenness
index). As shown in Table 2, when the morphological dataset identifies significant differences between
paired areas, the molecular dataset often aligns. The opposite is also true as when one method
determines there is no significant difference between areas, the other often does the same. This
consensus between methods is further represented in Fig. 1, where the percentage of agreement
between each method for a given endpoint across all exposure areas is shown. The taxonomic richness
and Bray-Curtis endpoints have the highest consensus, at 100%, while density and Simpson’s evenness
follow behind at 87.5% and 66%, respectively. The high concordance of effect endpoint results shows the
effectiveness of DNA barcoding to identify specimens and support biomonitoring studies and
taxonomists using benthic invertebrates.

Furthermore, when comparing the range of values obtained for each of the four endpoints for family-
level morphology and family-level barcoding (Fig. 2), there is much similarity between the two methods.
This is especially true for the two diversity endpoints, Bray-Curtis dissimilarity and Simpson’s evenness,
as shown by the highly correlated boxplots for each location. There is less concordance between
methods for the density and family richness endpoints, likely because these endpoints rely heavily on the
size of the dataset for calculations, and the barcoding dataset represents 65% of the morphological one.
Such a difference in datasets would impact both endpoints, explaining the differences seen visually, but
as discussed above, both methods still yielded consistent results when determining impacts between
paired areas (Fig. 1). Furthermore, there is concordance between both methods in terms of effect size
values and directionality (Fig. 4) in which the family-level barcoding and family-level morphology values
are very similar to each other.

Similar studies comparing morphological and barcoding methods at the same taxonomic level are
scarce, as the comparison is often family or genus-level morphology compared to species or OTU level
from barcoding (Sweeney et al., 2011; Hajibabaei et al., 2012; Macher et al., 2016). This is likely due to
the appealing feature that molecular methods can provide a greater degree of taxonomic resolution and
potentially greater sensitivity when classifying impacts for bioassessment. However, in a related study,
Shackleton et al. (2021) compared bulk tissue metabarcoding to morphology at the same taxonomic
level when determining river health indices. They found that the results of both methods yielded
comparable characterizations of stream health when calculated at the family and genus levels. When

Page 12/27



classifying streams for water quality, the molecular scores had high congruence with the morphological
scores, and when they deviated, they classified streams to an adjacent score. Despite using
metabarcoding methods, Shackleton et al. (2021) demonstrate that tissue-based DNA sampling can
yield similar results to morphological results when classifying streams. These findings are reflected in
this study, as DNA barcoding produced similar classifications of impacted and non-impacted streams
when compared to morphology.

In addition to comparing morphological and molecular methods for specimen identification at the family
level, this study also took advantage of the molecular methods’ ability to obtain identifications at higher
taxonomic resolution such as at the OTU or, in this case, BIN level. The goal was to determine whether
BIN-level identification of invertebrates would provide greater sensitivity when classifying reference and
exposure areas as significantly different from one another, as family-level identification can often mask
more varied responses at the genus, species, or BIN level (King & Richardson, 2002; Carew et al., 2011;
Macher et al., 2016). When comparing the significance of the results from the Mann-Whitney tests
(Table 2), BIN-level results disagree with those obtained from the family-level morphological dataset over
30% of the time on average and 19% of the time from the family-level barcoding dataset, or in eight and
five instances across all four endpoints, respectively. For six and three of these differences, the BIN
dataset classified a difference as being non-significant whereas the family-level datasets classified it as
a significant difference. Of these, four and two of the instances occurred for the Simpson'’s evenness
endpoint, where most of the significant differences observed were in favour of the exposure area having
greater values. The remaining two areas diverging from each family-level dataset were for the Bray-Curtis
endpoint and represented instances where the BIN dataset assigned a significant difference between
areas where the other datasets did not. It is likely that these divergences from the morphology results
are due to the greater level of variation present at lower taxonomic levels compared to family-level
assessments. Of all the endpoints, BIN-level changes at the Bray-Curtis endpoint are significant, as BINs
represent a greater ability to distinguish communities between paired areas, an ability that is only
present because of the greater degree of taxonomic resolution. Bray-Curtis is the only endpoint that
considers the identities of specimens, and so it makes sense that this endpoint is the one where BIN-
level assessments outline a significant difference between paired areas where family-level assessments
do not.

However, it should be noted that the Bray-Curtis endpoint is the most sensitive to natural habitat
differences compared to the other endpoints, which could factor into the differences seen when
identifying specimens with higher resolution. This endpoint has been problematic in EEM evaluations
and Environment Canada issued an evaluation on the way it was calculated and developed a new
method (Borcard and Legender, 2013). However, of the four effect endpoints, this endpoint still has the
highest propensity to lead to spurious conclusions regarding potential impacts due to two main reasons,
1) the control-impact design used in the vast majority of EEM studies suffers from pseudo replication
(Huebert et al., 2011) and, 2) the benthic invertebrate community composition of two reference areas
with the same habitat is likely to have a different community composition (Bailey et al., 2004). Thus, it is
not surprising that the Bray-Curtis endpoint calculated with BIN level assignment resulted in instances
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demonstrating a statistical difference (Table 2). For this reason, any significant difference regarding
Bray-Curtis dissimilarity should be further evaluated to determine if the actual benthic invertebrate
community present is comprised of species that represent a negative impact (ECCC 2010).

The values obtained for the Bray-Curtis dissimilarity and Simpson’s evenness endpoints when compared
across BIN, family-level morphology, and family-level barcoding reveal similar divergences of the BIN
results. While Fig. 2 illustrates where morphology and barcoding yield very similar values at the family
level, Fig. 3 adds the BIN values which are more varied from the other two datasets. This variation is
especially clear for the Bray-Curtis endpoint, as nearly all the ranges of the BIN values are outside of the
ranges for the morphology and barcoding values (within an area), often representing greater dissimilarity
of results. This variation supports the idea that BIN-level assessments provide greater resolution on
benthic communities and can help distinguish areas that may be indistinguishable at higher taxonomic
levels. Additionally, a similar variance is reflected in the BIN-level effect sizes (Fig. 4) when compared to
family-level barcoding and family-level morphology, while there are several instances where the effect
sizes are all similar, there are also cases where the BIN-level effect size varies from the other two
methods.

Overall, the BIN-level results do not agree as closely with the other two datasets as do the family-level
morphology and family-level barcoding to each other. Several other studies have compared family or
genus-level morphological identifications to OTU or species-level barcoding identifications and have
found that the barcoding assessments of stream health have resulted in differing results regarding the
characterization of stream quality than what was found using morphology (Sweeney et al., 2011; Gill et
al., 2014; Jackson et al., 2014; Stein et al., 2014). Sweeney et al. (2011) compared 17 metrics at the
family (morphology), genus (morphology), genus/species (morphology), and OTU (barcoding) levels,
including taxonomic richness for several categories such as for Chironomidae (non-biting midges),
Ephemeroptera (mayflies) and others, as well as several biotic indices including Shannon’s diversity and
Simpson’s evenness. They found that the results of these metrics changed significantly with increasing
taxonomic resolution, which resulted in an increased ability to detect differences between areas, going
from 36% of metrics being significantly different at the family level to 76% at the OTU barcode level
(Sweeney et al., 2011). It has also been suggested that biomonitoring using morphology alone could be
underestimating the biodiversity of benthic invertebrates by not identifying specimens to finer taxonomic
levels through barcoding (Jackson et al., 2014). Gill et al. (2014) also compared morphology to OTU-level
DNA barcoding and found that taxonomic richness and community similarities between areas were
significantly different, leading to an increased ability for DNA barcoding to detect variability in studied
areas. Thus, there is agreement that DNA barcoding and measures of stream health at the OTU level
offer not only different results from measures using morphology but can provide greater sensitivity to
differences between areas. It is important to note that the current study evaluated whether the Bray-
Curtis dissimilarity endpoint was statistically different, and not what the species differences were
between reference and exposure areas.
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Our study is not without limitations, as we experienced moderate sequencing success for the barcoding
methods, which represent 65% of the morphological dataset. A variety of field and laboratory factors
influenced the moderate sequencing success including sample storage and time spent until sequencing.
Sample storage and preservation are important for molecular work, as temperature, time, and ethanol
concentration can all influence DNA preservation. It is generally recommended to store samples in -80°C
or -20°C freezers when not in use for long periods as DNA degrades faster at warmer temperatures (Post
et al., 1993; Vink et al., 2005; Fowler et al., 2024). In addition, time can also play a role in DNA
degradation, where the longer time a sample spends in storage results in a decrease in DNA yield (Post
et al., 1993). Furthermore, the samples in this study were stored with 80% ethanol to preserve the
physical specimens, but higher ethanol concentrations (95%) are shown to have an improved ability for
DNA preservation (Marquina et al., 2021), possibly further contributing to the moderate success of the
barcoding approach. With improved and consistent DNA storage protocols, such as controlled
temperatures and shorter time from sampling to processing, the barcoding approach could have a larger
representation of the morphological dataset, allowing for a more complete comparison between
specimen identification methods. The molluscs specifically have low sequencing success, and
improvements in this regard could help bridge some gaps between the datasets.

Of the 389 unique BINs, approximately 40% of them are singletons, appearing only once in the dataset,
which suggests incomplete sampling of the benthic invertebrate communities across five sites. The high
proportion of singletons can influence results at the BIN level, particularly for Bray-Curtis, since
singletons appearing only in one area (reference or exposure) can increase the dissimilarity values. BIN
richness is also impacted as the singletons inflate the overall richness of a site, but paired comparisons
in this study are less biased because singletons are present in both reference and exposure areas. The
effect of singletons on density and Simpson'’s Index is minimal as these metrics are less sensitive to rare
taxa. In future work, increased sampling or the filtering of singletons from a larger dataset than shown
here could help reduce this bias.

A more encompassing molecular dataset may eliminate much of the variation seen between the
endpoints relying on quantities of individuals, such as density and taxonomic richness. Some recovery of
sequences could be possible, as filtering for the highest percent matches at the family level for the
barcoding dataset, rather than the highest percent match overall, could recover up to 1% of the
sequences, partially bridging the gap between the family-level and BIN-level barcoding datasets. It is also
important to note that, while molecular methods tend to provide more accurate taxonomic
identifications, they rely heavily on the completeness of reference libraries, which still require significant
expansion, as seen with the 90 new BINs found in this dataset (Curry et al., 2018; Weigand et al., 2019).
However, significant efforts have been made to increase the reference library for macroinvertebrates in
Canada (Bush et al., 2019). This study also only includes five effluent locations and is not representative
of effects that may be observed outside of the geographical range of this study. Future work with a
greater number of industrial and reference locations and geographic spread would help expand upon the
findings of this study.
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Overall, barcoding methods could be an alternative to morphological-based identifications of
invertebrates in EEM studies, as the calculation of the four ‘effect’ endpoints and the comparison of
paired areas reveal very similar results at the family level. Barcoding methods offer the ability to
consistently identify benthic invertebrates to the species level resulting in a higher taxonomic resolution
than what can reasonably be achieved through morphology (Sweeney et al., 2011; Orlofske & Baird,
2013). Barcoding has also resulted in similar classifications of impacted areas when comparing at the
same taxonomic level as morphology (Shackleton et al., 2021). While one of the appeals of molecular
methods is the decrease in cost and time to analysis (Gibson et al., 2015; Hulley et al., 2018), this isn’t
always true for barcoding methods. The cost to barcode each benthic invertebrate was greater than
traditional taxonomy in this study, as both methods require organisms to be sorted from the detritus,
which is followed by either identifications by an experienced taxonomist or the barcoding protocol. Stein
et al. (2014) compared DNA barcoding and traditional morphology and found barcoding to be 1.7-3.4
times more expensive using Sanger sequencing. However, they did find that the overall time from
sampling to results was significantly reduced compared to morphology. In this study, SEQUEL
sequencing was mainly used instead of Sanger due to lower associated costs. Future research could
include a more thorough analysis of time and cost to results using barcoding methods. In addition, Stein
et al. (2014) also compared next-generation sequencing (NGS), such as with bulk-tissue metabarcoding,
to the two other methods, and found that this method was on par with morphology in terms of cost and
substantially reduced the time required for results. NGS approaches using bulk tissues could provide a
solution to the costly process of barcoding and the lengthy process of sorting and morphological
identification, as it has been shown to provide a greater degree of sensitivity to differences between
areas (Gibson et al., 2015), similar to OTU-level barcoding methods (Gill et al., 2014; Jackson et al.,
2014). Additionally, bulk-tissue metabarcoding has proven to yield comparable results to traditional
morphological methods for calculating river health biotic indices when used at the same taxonomic level
(Shackleton et al., 2021), further indicating the potential for this method to be used in EEM studies of
benthic invertebrates. There is potential for eDNA metabarcoding work as well, though there is little
research comparing morphological, barcoding, and metabarcoding results in the context of regulated
biomonitoring studies.

BIN or OTU-level analyses of biomonitoring studies have the potential to provide a higher resolution for
describing impacts on benthic invertebrate communities. In this study, we demonstrated that while
family-level impacts on areas were similar between morphology and barcoding, BIN-level impacts
differed, especially from morphology. BIN level (or OTU, or species) assessments of invertebrate
communities may be a more accurate representation of the impacts measured in biomonitoring,
particularly if the study design differs from the pseudo replication design conducted for most EEM
studies. It is common to observe varying disturbance tolerances of invertebrates within a unique genus
or family (Resh & Unzicker, 1975; Lenat & Resh, 2001), indicating that not all species within these taxa
respond the same way to a disturbance such as industrial effluent. The concern is that family-level
identification of invertebrates masks more varied responses at the species or BIN level, resulting in an
inaccurate representation of changes in a community facing disturbance. Here, we demonstrate that
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while there is some agreement with BIN-level results to family-level results, there are differences as well.
This effect was especially true for the endpoint that considers specimen identities, Bray-Curtis
dissimilarity, where having greater taxonomic resolution is most impactful. It is important that
biomonitoring studies, represent an accurate description of invertebrate communities to ensure that
appropriate measures are taken when an impact is determined so that further determination of causes
can be undertaken and monitored.

Conclusions

Family-level identifications with the morphological and DNA barcoding methods prove to draw similar
conclusions regarding both the results of the four EEM endpoints and the determination of whether an
exposure area is significantly different from its paired reference area. Despite the lower sequencing
success rate, the DNA barcoding dataset replicated results found by the morphological dataset over 70%
of the time. With the inclusion of molecular methods in these EEM studies, we were able to obtain
species-proxy levels of taxonomic resolution through BINs and determine that there is more variance in
the endpoints at the BIN level than is present at the family level for both methods. In certain cases,
conclusions drawn by the family-level morphology and barcoding differed from the conclusions of the
BIN-level dataset. BIN-level taxonomic resolution alleviates the various issues that morphological
taxonomist face, which limits identifications to the genus or species level. Molecular barcoding
techniques that provide consistent and accurate identifications of species will enhance impact
assessment. Overall, DNA barcoding demonstrated similar results to morphological-based
identifications at the family level of identification, justifying its use as a supplement or substitute for
morphological methods. While barcoding decreases the time from sample processing to results, the use
of sequencing platforms such as SEQUEL (rather than Sanger methods), and other methods such as
bulk-tissue metabarcoding using next-generation sequencing will further reduce barcoding costs.
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Figure 1

Proportion of consensus between family-level morphological and family-level barcoding determinations
of impact at a location across all four endpoints. When both methods make the same conclusion
regarding a paired area (either significant difference or no significant difference), this is considered a
consensus between methods. Represented here is the percent of consensus occurrences for each
endpoint.
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Figure 2

Type
- Barcoding
B Morphology

Comparison of family-level barcoding and family-level morphology results for all four endpoints and all
five sites. When a site has two exposure areas (such as with S1, S2, and S5), the values from both
exposure areas were summarized together to represent a single exposure area for visual simplicity. Note
that six benthic stations of the two exposure areas in S1 found no invertebrates, resulting in empty
values for the Bray-Curtis and Simpson’s evenness endpoints.
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Figure 3

Comparison of the family-level barcoding, family-level morphology, and BIN-level barcoding results for
the diversity endpoints Bray-Curtis dissimilarity and Simpson’s evenness index for all five sites. Note: no
data for the S1 exposure sites is due to very low specimen abundance at that site’s exposure areas and
calculations could not be made.
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Figure 4

Effect sizes (exposure mean — reference mean / reference standard deviation) for the three datasets
(family barcoding, family morphology, and BIN barcoding) and for all four endpoints. An effect size is
calculated for each exposure area, and in the case of two exposure areas for one location, the values of
replicates from both areas were used to derive box plots.

Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

e Appendix.docx

Page 27/27


https://assets-eu.researchsquare.com/files/rs-8253547/v1/ca876b2fbff35b4e26f72482.docx

