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Abstract

As a fast-growing area of technology, sequencing platforms are updated frequently and
this rapid technical revolution poses not only great advances but also challenges. To be
effective, biomonitoring programmes need to deliver comparable results across
research groups and time. Understanding the sources of bias in bioinformatics pro-
motes reliable results that accurately reflect biodiversity. We assembled two mock com-
munities of planktonic organisms to assess the accuracy of species recovery based on
sequencing the 18S rRNA V4 region using two NGS platforms, Roche 454 (the platform
of choice for early metabarcoding studies), and Illumina MiSeq (employed frequently
in recent metabarcoding studies). Our findings suggest that the two platforms have
comparable performance on metabarcoding datasets. When singletons (sequences
represented by a single read) were excluded from analyses, lllumina MiSeq had a slightly
better operational taxonomic unit (OTU) precision score than Roche 454 (calculated as
the number of species detected divided by the number of OTUs generated) but only in
one bioinformatics workflow (when paired reads were appended, not merged). Roche
454 performed slightly better than lllumina MiSeq in terms of species detection but only
when simple mock communities with a single individual per species were analysed.
When singleton sequences were included, both platforms detected more than 75%
of species with a slightly higher detection achieved by lllumina MiSeq. The OTU clus-
tering of both datasets resulted in a gross overestimation of species richness. This find-
ing suggests that studies employing OTU clustering as a proxy for genetic diversity must
carefully perform read processing, such as singleton exclusion, to avoid overestimates.
Finally, this study provides insight into technical bioinformatic strategies that should
accompany such transitions. In a field such as metabarcoding, where advances in
sequencing technology constantly drive the discipline, ensuring the comparability of
past and future technologies, and the derived ecological conclusions is important.

1. INTRODUCTION

Metabarcoding has the potential to become a powerful tool for
rapid biodiversity assessment, describing long-term biodiversity trends,
studying the ecology and evolution of natural communities, and developing
new, rapid, and efficient techniques for biomonitoring (Cristescu, 2014;
Littlefair and Clare, 2016). At the core of metabarcoding is next-generation
sequencing (NGS) technology, which allows the sequencing of mixed,
complex environmental samples (Pompanon et al., 2012; Taberlet et al.,
2012). The main advantage of NGS over the traditional Sanger sequencing
is that it provides greater sequencing depth, high-resolution analyses, and
eliminates the need to generate single-individual libraries prior to sequenc-
ing. These advantages make NGS approaches attractive for biomonitoring
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studies. However, the high depth comes with the cost of reduced length of
sequenced reads (Leigh et al., 2015) and a relatively high error rate
(Goodwin et al., 2016). Metabarcoding approaches using NGS allow the
parallel examination of multiple taxonomic groups through the use of
universal barcodes (specified short fragments of DNA), without a great deal
of a priori knowledge about the targeted organisms. Species assignments are
often conducted by matching the retrieved barcodes against large open-
access reference libraries of DNA sequences that are constantly being pop-
ulated with reference barcodes (e.g., BOLD, an informatics workbench
containing open-access COI barcode records; SILVA, an open-access data-
base which curates small (e.g., 16S/18S) and large (e.g., 23S/28S) subunit
ribosomal RINA sequences).

Within the scope of biomonitoring, metabarcoding approaches have
the potential to save time and alleviate the problem of deficient taxonomic
expertise in the identification of more obscure groups (Deiner et al., 2017);
as such expertise is often distributed unevenly around the globe (Ji et al.,
2013). It has also been shown that metabarcoding approaches can provide
taxonomic information with increased resolution in relation to existing
monitoring protocols. For example, NGS techniques provided higher tax-
onomic resolution at lower cost than morphological identification using
Environment Canada’s Canadian Aquatic Biomonitoring Network proto-
cols (Gibson et al., 2015). This “big data” approach to biodiversity science
allows us to focus on multiple taxonomic groups, rather than monitoring
with indicator species, the use of which can be problematic if not carefully
linked to ecosystem functioning and measures of true diversity (Moonen and
Barberi, 2008). If combined with almost real-time DNA sequencers cur-
rently in development (e.g., MinION, GridION), metabarcoding has the
potential to provide very fine scale temporal and spatial monitoring data
from around the globe (Bohan etal., 2017). The power derived from greater
amounts of data will allow us to monitor ecological networks and their prop-
erties, from which we can infer or model information about ecosystem
structure and stability (Evans et al., 2016). Governments are starting to con-
sider integrating molecular methods into existing monitoring programmes
(Darling and Mahon, 2011; Kelly et al., 2014). For example, in 2014 the
UK government approved the use of environmental DNA as an alternative
to conventional surveys to monitor the great crested newt, whose habitats
are protected from development by European and UK law. The European
Union has begun the integration of DNA-based tools into European eco-
logical monitoring programmes by developing a series of work packages
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known as DNAqua-NET (Leese et al., 2016; see chapter “Next generation
biomonitoring of aquatic ecosystems” by Leese). However, to integrate
NGS into existing management strategies, we need to evaluate the consis-
tency of biodiversity estimates based on metabarcoding datasets as sequenc-
ing platforms and bioinformatic tools are replaced with ever-evolving
technology.

While the tremendous amount of data produced by NGS is advanta-
geous, the accompanying need for stringent and specific filtering of data
is paramount, with appropriate recording of processing steps when it comes
to producing repeatable and reliable results and confirming species detection
(Clare et al., 2016). Additionally, bioinformatic pipelines associated with
metabarcoding continue to change rapidly with evolving NGS technology.
Rapid change can be problematic when such technologies become inte-
grated into long-term biomonitoring programmes, where consistency of,
and comparison between results is valued (Coissac et al., 2012). In particular,
NGS platforms are constantly updated as technological innovations become
available, providing more accurate and in-depth analyses (Glenn, 2011;
Goodwin et al., 2016; Zhou et al., 2013). This emphasizes the need to set
appropriate guidelines on the use of sequencing platforms and bioinformatics.

To date, the major platforms that have been used in metabarcoding stud-
ies (Table 1) are Roche 454, Illumina HiSeq, and MiSeq, and Ion Torrent
(Heather and Chain, 2016). The Roche 454 sequencing platform produces
continuous single reads by employing pyrosequencing. This involves the
addition of a nucleotide base onto a growing nucleotide chain coupled with
the enzymatic release of light, which is monitored by a camera and recorded

Table 1 A Summary of the Next-Generation Sequencing (NGS) Technologies Discussed
in This Chapter, Their Output Characteristics, and Their Main Types of Errors

NGS Output: Number Error Main Error
Technology Output: Read Length of Reads Rate % Type
Roche 454 Single reads: 400-700bp >1 million 1 Insertion/
deletion
[Mumina MiSeq Paired reads: 2 x 300bp 25 million >0.1% Substitution

MMlumina HiSeq Paired reads: 2 x 150bp >300 million ~ >0.1% Substitution

Ion Proton 1 Single reads: 200bp 60 million 1% Insertion/
deletion

Modified from Glenn, T.C., 2011. Field guide to next-generation DNA sequencers. Mol. Ecol. Resour.
11 (5), 759-769.
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as one of the four DNA nucleotides (Balzer et al., 2010; Leamon et al.,
2003). Hlumina MiSeq and HiSeq both use the same method of dye
labelling and sequencing by synthesis. Fluorescently labelled bases release
fluorescence when incorporated into a growing nucleotide chain, which
is detected by a laser and recorded. Unlike Roche 454, Illumina platforms
can also produce paired reads that represent the start and end of a target
amplicon (Bentley, 2008). These paired reads can be merged to produce
continuous sequences (contigs) if they overlap with one another (e.g., the
fragment size is shorter than the combined paired read length). HiSeq
was designed to provide much higher data output compared to MiSeq,
and can produce a much greater number of raw reads, but sacrifices short
run time and long read length to do so. lon Torrent sequencing relies on
the monitored release of hydrogen atoms from a growing strand of nucle-
otides (hydrogen atoms released into the reaction solution change the
pH, causing a signal to be recorded by an ion-sensitive field-eftect trans-
mitter). This platform can produce continuous reads at a much lower cost
compared to other NGS technologies (Rothberg et al., 2011).

Despite the importance of understanding sources of potential bias in the
lab and bioinformatics steps within metabarcoding (Alberdi et al., 2017;
Brown et al., 2015; Clare et al., 2016; Flynn et al., 2015), the taxonomic
bias introduced through the use of different sequencing technologies has
received relatively little attention, particularly within the scope of metazoan
communities. Conclusions from studies using genomics and transcriptomics
applications suggest a variety of platform-specific biases due to the differing
technologies (Table 2). For example, Quince et al. (2009) found a higher
error rates associated with Roche 454 when sequencing homopolymer
regions. Although Mlumina improves on this problem, it suffers from its
own limitations. For example, reads of different quality can be produced
depending on their location on the sequencing plate (Erlich et al., 2008).
While Illumina reads are shorter than Roche reads, the ability to use
300bp paired reads to sequence both ends of a fragment gives the option
of targeting the longer amplicons that can be analysed with Roche. Long
continuous regions of the genome assembled from Illumina reads have been
shown to be more accurate and complete when compared to Roche assem-
blies, due to the increased read depth (Luo et al., 2012). Despite these
differences, Luo et al. (2012) found that Illumina and Roche are comparable
in terms of the ability to assess the diversity of a microbial community from a
pooled genetic sample. Furthermore, while Tremblay et al. (2015) identified
a taxonomic bias associated with NGS platforms and the ability to detect



Table 2 A Summary of Comparative Studies of Sequencing Platforms

Platforms
Publication Investigated Methods and Applications Conclusions
Clooney [Mumina MiSeq, Microbiome analysis of stool samples ¢ HiSeq shotgun libraries had the greatest read depth

et al. (2016)

Mlumina HiSeq,
Ion PGM

for bacterial species detection

HiSeq shotgun sequences identified the highest number of
species

MiSeq and Ion PGM provided a better basis for identifying
functional genes due to longer read length

Mahé et al.
(2015)

[lumina MiSeq
and Roche 454

Comparison of quality and quantity of
reads in an environmental diversity
assessment

MiSeq produced an order of magnitude more reads

More amplicons of different taxonomic identity (above the
genus level) were found with MiSeq due to deeper
sequencing capabilities

Roche 454 produced reads of better quality; therefore,
more raw reads were retained after filtering

Tremblay
et al. (2015)

[Mumina MiSeq
and Roche 454

Analysis of amplified V4, V6-V8, and
V7-V8 reads from a microbial mock
community, sequenced with both
platforms

Paired end MiSeq reads produced higher quality data and
allowed for more aggressive quality control parameters,
resulting in a higher retention rate of reads for further
analysis

The impact of sequencing platform bias was relatively
minor compared to the bias introduced by primer selection

Luo et al.
(2012)

[lumina Genome
Analyzer II and
Roche 454

Compared base-call error, frameshift
frequency and contig length between
[lumina and Roche 454 sequencing
data produced from a complex
freshwater planktonic community

[lumina yielded longer and more accurate contigs

(fewer truncated genes due to frameshifts)

Roche 454 produced assemblies that contained a
significantly higher proportion of frameshift errors
compared to Illumina assemblies from the same genome
Both sequencing platforms were reliable for quantitatively
assessing genetic diversity within natural communities




Li et al. [lumina and
(2014) Roche 454

Sequencing identical libraries
composed of plasma from patients
failing antiretroviral therapy for HIV

[lumina data resulted in higher coverage as well as increased
sensitivity for detecting HIV-1 minority variants

[lumina also produced fewer false-positive variant calls
compared to Roche 454

Salipante Mlumina MiSeq and
et al. (2014) TIon Torrent PGM

Comparison of sequencers for 16S
rRNA-based bacterial community
profiling in terms of differences in
error rates, read truncation, and
species detection

Both platforms were comparable for species detection with
only minor differences

Ion Torrent PGM exhibited much higher error rates as
well as a pattern of premature sequence truncation

The suggested cause of premature sequence truncation by
Ion PGM was the secondary structure of the sequences,
as no identifiable primary sequence pattern was found to
exist among the truncated sequences

Divoll et al. Illumina MiSeq and
(2018) Ion Torrent PGM

Compared the ability of both
sequencers to resolve a list of prey
species from bat faecal matter, using
similar library preparation and
identical analytical workflows

104 prey OTUs were detected by both platforms

176 prey OTUs were detected by MiSeq only

17 prey OTUs were detected by Ion Torrent only
Results suggest that Illumina MiSeq greatly outperformed
Ion Torrent in terms of species resolution from a sample
of community DNA

There is a paucity of eukaryotic metabarcoding studies that directly compare Illumina MiSeq and Roche 454 in terms of species detection, biomonitoring, and diversity

estimates.
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species within a mock community, the bias was relatively minor, compared
to the taxonomic bias introduced through primer selection (Tremblay et al.,
2015). The authors conclude that Illumina is advantageous due to the higher
quality (lower insertion and deletion error rates) of data produced, resulting
in a higher retention rate of reads for final analysis.

Early biomonitoring studies based on metabarcoding used Roche 454
technology (e.g., Geml et al., 2014; Hatzenbuhler et al., 2017; Lallias
etal., 2015) due to its long read length and simplified bioinformatics, which
did not require merging steps for forward and reverse reads. Later, [llumina
MiSeq technologies were adopted due to the attraction of greater read
depth (Evans et al., 2017; Hanfling et al., 2016). However, platform-specific
differences exist in terms of read depth and error rate, as well as specific
bioinformatics steps necessary to account for the inherent difference in
read length. The recent transition from R oche to Illumina as the most com-
monly used NGS platform raises questions of comparability for long-term
biomonitoring studies aiming to assess changes in community composition.
If metabarcoding techniques are integrated into long-term monitoring
schemes, it is important to examine how technological transitions will
impact observational results obtained by examining experimental commu-
nities with defined species compositions. For example, increased read depth
might influence the sensitivity for species detection in complex samples, and
whether rare species and invasion fronts can be detected. Higher error
rates can obscure taxonomic identities when interspecies divergence is low.
These questions are not just important for the comparability of sequencing
technologies (Mahé et al., 2015; Tremblay et al., 2015), but also for the
field of metabarcoding as a whole. Standardization of a particular NGS
platform for biomonitoring, while it has its advantages, could prevent
researchers from using the most suitable or up-to-date platform for the
focus of their study.

Once NGS libraries are sequenced, raw reads go through several bioin-
formatics quality control steps before species identity can be assigned with
confidence. These include demultiplexing (assigning mixed sequences back
to their original samples), read length filtering, quality control filtering, and
clustering into operational taxonomic units (OTUs) (Floyd et al., 2002).
OTUs can then be used to identify species based on alignment with a species
reference sequence. Species abundance has been correlated to both sequenced
read counts and OTU richness (Lim et al., 2016). Transforming the hundreds
of thousands of raw reads produced in a sequencing run into a conclusive list
of taxa is a daunting task, and also provides many opportunities for bias
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(Schmidt et al., 2013). The analytical procedures need to be tailored to the
study and can, if misapplied, result in an overestimation of biodiversity
(Brown et al., 2015; Flynn et al., 2015). Understanding the possible introduc-
tions of bias at each step in a metabarcoding workflow is essential when it
comes to generating reliable results including sample collection, molecular
techniques, and bioinformatics tools (Alberdi et al., 2017; Clare et al.,
2016; Flynn et al., 2015; Pawluczyk et al., 2015).

In this study, we compare two NGS technologies in the context of bio-
monitoring of zooplankton communities. As NGS technologies are steadily
evolving, it is important to consider whether we can achieve consistent
results over long-term studies that use molecular methods. One major recent
transition involved the shift from the discontinued Roche 454 to lllumina
MiSeq as the platform of choice for metabarcoding studies. Here, we
use Roche 454 and Ilumina MiSeq to sequence two mock zooplankton
communities (artificial communities in which the composition of species
is known) targeting the hypervariable V4 region of the 18S rRNA gene
(18S-V4 region). We analyse the data using very similar bioinformatics pipe-
lines for both datasets. We used workflows and pipelines originally tested by
Flynn etal. (2015) with one additional step to deal with merging or appending
paired reads from the MiSeq. This study compares and contrasts the number
of reads, species detection results, and precision scores generated from both
NGS platforms with the aim of qualifying the transition from Roche to
[lumina sequencing for biomonitoring studies using metabarcoding.

2. MATERIALS AND METHODS
2.1 Mock Communities

We used two mock communities assembled by Brown et al. (2015). The
simple community 1 was represented by a single individual per species and
consisted of 56 species of zooplankton: 46 arthropods, 2 chordates, and 8
molluscs. The complex community 2 was represented by populations and
consisted of a total of 76 individuals belonging to 14 species: 12 crustaceans
and 2 molluscs (Table S1 in the online version at https://doi.org/10.1016/
bs.aecr.2018.06.002). Mock communities were assembled to avoid conge-
neric species, with some exceptions (Balanus, Daphnia, Hyallela, and
Gammarus). Individuals included in the mock communities were identi-
fied to species or genus level based on morphology and Sanger sequencing.
Although eight individuals could only be identified to the family level, we
nevertheless included them in the community since these individuals were
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taxonomically and genetically divergent from other community members.
The individual specimens, preserved in ethanol, were washed with distilled
water prior to assembly. To increase the efficiency of the DNA extraction
involving a large number of individuals, both mock communities were
assembled in four microcentrifuge tubes. Each tube, containing approxi-
mately equal numbers of individuals, was then centrifuged to remove any
liquid that remained after the specimens were washed. Genomic DNA was
extracted from each of the four tubes using DNeasy Blood and Tissue
Kit (Qiagen, Venlo, Limburg, Netherlands) following the manufacturer’s
protocol. The DNA extractions were then used to prepare NGS libraries
to be run on two separate sequencing platforms to profile the zooplankton
mock community, the Roche 454 and the Illumina MiSeq.

2.2 Library Preparation for Roche 454

DNA amplification of the 185-V4 region was performed, and the amplicons
were sequenced using the Roche 454 (Brown et al., 2015). PCR was per-
formed using universal 185-V4 primers to generate a 400-700bp fragment
(F: AGGGCAAKYCTGGTGCCAGC,R: GRCGGTATCTRATCGYCTT)
(Zhan et al., 2013). To reduce PCR amplification bias, eight reactions were
performed on each independent DNA extraction, and equimolar aliquots
of each replicate were pooled for sequencing. PCR reactions consisted of
100 ng of genomic DNA, 1 x PCR buffer, 2 mmol/L of Mg*", 0.2 mmol/L
of dNTPs, 0.4 pmol/L of each primer, and 2 U of Taq DNA polymerase
(Genscript, Piscataway, NJ, USA), in a final reaction volume of 25 pL.
PCR cycling parameters consisted of an initial denaturation step at
95°C for 5 min, followed by 25 amplification cycles of 95°C for 30s,
50°C for 30s, 72°C for 90s, and a final elongation step at 72°C for
10 min. PCR products were cleaned using the solid-phase reversible immo-
bilization paramagnetic bead method (ChargeSwitch, Invitrogen, Carlsbad,
CA, USA). Quantity and quality were assessed using gel electrophoresis
and the Quant-iT PicoGreen dsDNA assay kit (Invitrogen, Carlsbad, CA,
USA). Cleaned PCR products were then pooled together in equimolar
concentrations before pryosequencing at the 1/2 PicoTiter plate scale. Roche
454 flex adapters (A: CCATCTCATCCCTGCGTGTCTCCGACTCAG,
B: CCTATCCCCTGTGTGCCTTGGCAGTCTCAG) were added to the
5’ end of the 18S-V4 amplicons. Sequencing was performed using 454 FLEX
Adapter A on a GS-FLEX Titanium platform (454 Life Sciences, Branford,
CT, USA) by Génome Québec (Montréal QC, Canada). The data generated
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include 483,986 reads for community 1 (accession SRX884895) and 204,922
reads for community 2 (accession SRX884904) with an average length of
518bp and can be found in the Sequence Read Archive.

2.3 Library Preparation for lllumina MiSeq

Library preparation for the MiSeq was performed by first PCR amplifying the
18S-V4 region with gene-specific primers as in the Roche workflow. The
Forward gene-specific primer was as follows: Adapter—Spacer[Gene-Specific
Region]: 5-TCGTCGGCAGCGTC-AGATGTGTATAAGAGACAG
[AGGGCAAKYCTGGTGCCAGC]-3'. The Reverse gene-specific pri-
mer was as follows: Adapter—Spacer[Gene-Specific Region]: 5'-GTCTC
GTGGGCTCGG-AGATGTGTATAAGAGACAG|GRCGGTATCTR
ATCGYCTT]-3". All the initial PCR products were visualized on a 1.5%
agarose gel and submitted to the Genomics Facility at the University of Guelph
for further processing. The initial PCR products were purified using AMPure
beads and indexed by PCR amplification with primers containing the index
sequences; Forward primers were (Flowcell Adapter—Index—Adapter): 5'-
AATGATACGGCGACCACCGAGATCTACAC-INDEX-TCGTCGG
CAGCGTC-3" and Reverse primers were (Flowcell Adapter—Index—
Adapter): 5'-CAAGCAGAAGACGGCATACGAGAT-INDEX-GTCT
CGTGGGCTCGG-3'. An equal volume of the eight PCR amplicons
from each of the four samples from each community was pooled before
performing the index amplification. Two libraries were created for each
community from the pooled templates for a total of four pooled libraries.
The indexed libraries were again purified with AMPure beads, quantified,
normalized, and pooled for sequencing using the paired-end 2 x 300bp
cartridge on the MiSeq (Illumina, Inc., San Diego, CA, USA). The data gen-
erated include 1,005,261 paired raw reads and can be found in the Sequence
Read Archive, National Center for Biotechnology Information NCBI ID:
SRR 6848116 (Community 1) and SRR6848115 (Community 2).

2.4 Bioinformatics and Data Analysis

The data were processed in Unix using a series of data filtering and analysis
packages (Table 3), and were compared to evaluate the species detection
and performance of the Roche and MiSeq platforms. For all pipelines,
taxonomic assignment was performed using BLAST alignments against a
local reference database that was constructed to contain an 18S-V4 reference
sequence for all members of the mock community, which were sufficiently
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Table 3 The Major Steps of Each Bioinformatics Workflow for the Two Sequencing
Platforms (Roche 454 or lllumina MiSeq) and the Main Workflows: With Singletons
Included (S) or Excluded (N), and Merging (M) or Appending (AP) Steps for

lllumina MiSeq

Bioinformatic Steps lllumina MiSeq Roche 454

NNM NAP S M SAP N S

Adapter removal and trimming v v v v v /
(Trimmomatic)

Merging (FLASH)
Appending (FASTX)
Primer Removal (FASTX)
Dereplication (USEAR CH)

Chimera removal (UCHIME)
Singleton exclusion (USEAR CH)

Abundance sorting

Clustering (UPARSE)

NIENENENENENEN PSRN
NIENENEN ENENEN RN P
NIENEN PSRN EN AN PSRN
NIENIEN PSRN ENE N RN P
NIENIENEN EN RN RN P
SIS XSS x X

Taxonomic assignment (BLAST)

divergent such that each species could be individually identified. The local
reference database was the same database used by Brown et al. (2015), assem-
bled using reference sequences downloaded from the NCBI nucleotide data-
base and the SILVA database (Quast etal., 2013) as well as sequences generated
for closely related species using Sanger sequencing of the 185-V4 region.

We received demultiplexed reads from both Génome Québec (Roche)
and the University of Guelph (MiSeq). Reads from the two replicate libraries,
for each mock community, were pooled prior to analysis. For both Roche
and MiSeq pipelines, adapters were removed and reads were trimmed using
Trimmomatic v0.32 (Bolger et al., 2014) based on Phred quality scores
(a method of assessing the probability of an incorrect base call). Leading
(5) and trailing (3') bases were trimmed if they had a quality score of less than
10, representing a 90% base accuracy threshold. In addition, bases were
removed from a sequence if the average quality of a sliding window of 20 base
pairs (bp) fell beneath an average quality score of 10. Finally, sequences that
were shorter than 100bp were discarded.

Assembly of MiSeq paired end reads into contigs occurred using two
distinct methods: merging reads (M) and blunt-end appending reads (AP).
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The overlapping and merging of paired end reads were conducted in Flash
v1.2.7 (Magoc¢ and Salzberg, 2011). Reads that did not merge were dis-
carded, based on the expectation that the target amplicon should be smaller
than the combined read pairs (~570bp), which would mean the read pairs
would overlap. Since the merging step can introduce a bias against species
with long 185-V4 regions if read pairs do not overlap, the impact of merging
MiSeq reads was investigated through analysis of blunt-end appended paired
reads to recover species with long V4 regions that are filtered out due
to insufficient read overlap during the merging step. Appended reads were
created using FASTX-Toolkit 0.0.13.2 (http://hannonlab.cshl.edu/fastx_
toolkit/) by reverse complementing the reverse read, so both paired reads
were in the same orientation (5’-3’), and then joining them together in
the middle without overlap.

The 185-V4 amplicon primers were removed in both the Roche and
MiSeq pipelines using the FASTX clipper. Reads that did not meet a min-
imum length of 200bp were discarded prior to dereplication (collapsed into
a set of unique sequences) and chimeras were filtered out using UCHIME
(Table 4, Edgar et al., 2011). Singletons were either retained or discarded
using USEAR CH (Edgar, 2010). Datasets were analysed with OTU cluster-
ing using UPARSE with a 3% divergence threshold implemented in
USEARCH (Edgar, 2013) following Brown et al. (2015). Direct taxonomic
assessment of dereplicated sequences without OTU clustering was per-
formed (Table 4) by aligning dereplicated sequences independently against
reference sequences in the local reference database using BLAST. OTUs
were taxonomically assigned using the same method against the same local
reference database.

2.5 Assigning Taxonomy to OTUs and Dereplicated Sequences

The taxonomic classification of each dereplicated sequence and each
OTU was based on the best BLAST hit against a local reference database
used by Brown et al. (2015), which was defined as a hit with at least 90%
identity and an alignment of at least 300 nucleotides with a reference
sequence in the assembled local reference database. A threshold of 90%
was chosen to accommodate congeneric reference sequences that represen-
ted species only identified to the family level, and a minimum alignment
of 300bp was chosen based on the methods used in Brown et al. (2015).
We ensured that species-specific reference sequences for species belonging
to these genera were included in our local database to allow identification
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Table 4 A Summary of the Reads/Sequences Retained at Each Quality Filtering Step for the Mock Communities (1 and 2) Sequenced With the

Roche 454 or lllumina MiSeq Platforms

Workflow lllumina MiSeg-1 lllumina MiSeqg-2 Roche 454-1 Roche 454-2
Merged (M) or Appended (AP) M AP M AP N/A N/A
Raw reads 543,024 543,024 462,237 462,237 483,986 204,922
Trimmed reads 348,216 538,871 298,597 458,611 151,196 46,764
Dereplicated sequences 212,701 523,656 179,562 438,918 58,941 19,518
Sequences after chimera filtering 199,303 517,828 173,718 436,371 58,717 19,483
Percentage of reads that are chimeras 4.6 1.1 2.2 0.6 0.2 0.1
Sequences after removing singletons 12,959 3171 8973 2956 7321 2411
Percentage singletons 56 97 57 95 34 37
Total filtered reads 332,074 533,003 292,055 456,063 150,942 46,722
Nonsingleton filtered reads 144,980 18,334 126,976 22.636 99,501 29,620

M =merged paired-end reads. AP =appended paired-end reads.
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at the species level. We recorded the number of reads that matched a species,
as well as the number of OTUs that returned each species (Table S1 in the
online version at https:/doi.org/10.1016/bs.aecr.2018.06.002). Finally, we
compared the results from the two sequencing platforms in terms of numbers
of OTUs produced, number of species detected, and assigned precision
scores. Species detection was calculated as a percentage (number of species
detected by a workflow, divided by number of species in the mock commu-
nity). OTU precision was calculated as the number of species detected
divided by the number of OTUs generated. An OTU precision score of
1.0 indicates that each OTU correctly corresponded 1:1 to the species
included in the mock community with no extra or missing OTUs, while
a low precision score indicates the presence of many additional OTUs.
We examined read depth, OTU diversity estimates, singleton OTUs, and
species detection for the Roche data and for each treatment of the MiSeq
reads (merged or appended).

3. RESULTS
3.1 Sequence and Read Depth

The MiSeq runs produced greater numbers of retained reads and der-
eplicated sequences compared to the Roche runs, despite similar numbers
of raw reads (Table 4). After filtering, dereplication, and excluding single-
tons, MiSeq produced 12,959 and 8973 (communities 1 and 2, respec-
tively) successfully merged sequences compared to 7321 and 2411 filtered
Roche sequences. However, fewer reads (3171 and 2956) were retained
in the pipeline that involved appended MiSeq reads. Including singletons
in the analysis produced a larger proportion of new sequences from MiSeq
data, compared to Roche. Furthermore, final tallying of filtered merged
reads shows that the MiSeq produced a greater proportion of singletons
(56% and 57%) compared to Roche (34% and 37%) (Fig. 1). After assigning
taxonomy, MiSeq produced an average read depth per species of 5000 and
15,101 (communities 1 and 2) excluding singletons, and 7532 and 25,013
including singletons. Roche produced an average read depth per species
of 2584 and 2506 excluding singletons, and 3408 and 3678 including single-
tons (Table S1 in the online version at https://doi.org/10.1016/bs.aecr.
2018.06.002). Excluding singletons, 144,961 (27% of raw reads, 99% of fil-
tered reads) and 120,815 (26%, 95%) MiSeq reads successfully matched a
reference sequence in our local BLAST database, while Roche only produced
98,203 (20%, 99%) and 25,065 (12%, 85%) reads that matched a reference
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sequence (Table 5). After including singletons, these numbers increased to
331,392 (61%, 99%) and 275,147 (59%, 94%) for MiSeq, and 146,566
(30%, 97%) and 40,456 (20%, 87%) for Roche 454.

3.2 OTU Clustering and the Effect of Singletons

Similar numbers of OTUs were identified from the Roche and MiSeq data
when singletons were excluded (merged MiSeq: 53 and 26; Roche: 57 and
18; Table 5). However, the number of OTUs created during the clustering
of dereplicated reads was significantly increased by the inclusion of single-
tons, which produced 18,120 and 16,269 OTUs (communities 1 and 2,
respectively) from the merged MiSeq data and 459 and 154 OTUs from
the Roche data. When singletons were included, the number of OTUs cre-
ated from the MiSeq reads increased by three orders of magnitude, com-
pared to an order of magnitude increase for Roche. With both platforms,
the exclusion of singletons produced OTU estimates that are comparable
to the number of species that were present in the mock community, while
the inclusion of singletons created a large discrepancy between number of
OTUs and species in the mock community. Upon taxonomical assignment,
83% and 42% (communities 1 and 2) of merged MiSeq OTUs successfully
matched a species in the mock community when singletons were excluded,
compared to 84% and 78% of Roche OTUs. When singletons were
included, 99% and 94% of merged MiSeq OTUs matched a species in
the mock community, compared to only 63% and 79% of Roche OTUs.
The vast majority of singleton OTUs generated from MiSeq data matched
a species in the mock community.

3.3 Species Detection

Only species included in the mock community were represented by a ref-
erence sequence in the constructed local BLAST database. The number of
species detected in this study refers to the number of species present in the
mock communities and detected by a best BLAST hit, excluding parasites,
bacteria, or contaminants that were not included in the local database.
The large variability in OTU clustering of the Roche and MiSeq data
was not reflected in the species detected mainly because we focused on false
negatives (species present but not detected) and not false positives (species
absent but detected). Detection scores were calculated as the number of spe-
cies recovered divided by the number of species in the mock community
(Table 5). Eleven of the 56 species in community 1 and 1 of the 14 species
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Fig. 1 The depth (in thousands) of filtered reads from lllumina MiSeq and Roche 454
sequencing of mock zooplankton communities. There is increased singleton generation
in the MiSeq platform, especially in workflows that append reads (AP), instead of merg-
ing (M). The x-axis labels refer to the mock communities; simple community 1 with
56 species, each represented by a single individual and the complex community 2 with
14 species, represented by populations of individuals (Table S1 in the online version at
https://doi.org/10.1016/bs.aecr.2018.06.002).

in community 2 were never detected using either platform, with or without
including singletons. This could have been due to poor DNA extraction, but
the undetected species from community 1 were spread across the four sub-
communities (Table S1 in the online version at https://doi.org/10.1016/bs.
aecr.2018.06.002) suggesting that the tissue for these species may have been
of low quality.

When singletons were excluded, fewer species were detected in the mer-
ged MiSeq data (29 species; detection score [DS]=0.518 in community 1,
and 8 species; DS=0.571 in community 2) compared to Roche (38 species;
DS=0.679 in communities 1 and 10 species; DS=0.714 in community 2;
Fig. 2A). The inclusion of singletons increased the number of species
detected in both communities with the merged MiSeq data (44 species;
DS=0.786 for communities 1 and 11 species; DS=0.786 for community 2)
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Table 5 Comparison of Results From the Two NGS Platforms (Roche 454 or lllumina MiSeq)

Sequencing Platform lllumina MiSeq-1 lllumina MiSeq-2 Roche 454-1 Roche 454-2
SorN N S N S N S N S N S N S
Merged or Appended M M AP AP M M AP AP N/A N/A N/A N/A
Reads that matched 144,961 331,392 18,315 502,435 120,815 275,147 22,240 385,658 98,203 146,566 25,065 40,456
a BLAST hit

Number of species detected 29 44 30 44 8 11 10 13 38 43 10 11
Number of OTUs 53 18,120 35 258,914 26 16,269 15 220,207 57 459 18 154
Percentage of singleton OTUs 0 85 0 91 0 88 0 93 0 48 0 44
Number of OTUs that 44 17,924 34 243,640 11 15,283 12 161,706 48 287 14 122
matched a species in the

mock community

Percentage of raw reads that 27 61 3.4 93 26 60 4.8 83 20 30 12 20
match a reference sequence

Percentage of filtered reads 99 99 99 94 95 94 98 85 99 97 85 87
that match a reference sequence

Percentage of OTUs that 83 99 97 94 42 94 80 73 84 63 78 79
matched a species in the

mock community

Detection score 0518 0.786  0.536 0.786 0.571 0.786  0.714 0929  0.679 0.769  0.714 0.786
OTU precision 0.547 0.003 0857 O 0.308  0.001  0.667 O 0.667 0.094  0.556 0.071

Singletons were either included in (S) or excluded from (N) the analyses. Illumina MiSeq reads were either merged traditionally (M) or appended (AP) to form contigs. Precision
score refers to the number of species recovered divided by the number of operational taxonomic units (OTU) generated. Detection score was calculated as the number of species
recovered divided by the number of species in the mock community. Precision was calculated as the number of species recovered divided by the number of OTUs generated.
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Fig. 2 The detection of species in mock communities by different next-generation
sequencing platforms and bioinformatic workflows. Values were calculated by dividing
the number of species recovered by the number of species in the mock community.
(A) Workflows that exclude singletons. (B) Workflows that include singletons. Species
detection varied with choice of platform and workflow between the simple community
1 and the complex community 2. The x-axis labels refer to the choice of platform, the
workflow (M =merged MiSeq reads, AP =appended MiSeq reads), the mock commu-
nity (1 in dark grey or 2 in light grey) and the inclusion(s) or exclusion(n) of singletons.
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and Roche (43 species; DS=0.769 for communities 1 and 11 species;
DS=0.786 for community 2; Fig. 2B). We recovered one species (Hyalella
clade 8) with the MiSeq data that was never detected using the Roche data,
and one species (Hyperoche mediterranea) that was only recovered with Roche
data. With the inclusion of singletons, we recovered 15 and 3 (communities
1 and 2) additional species with merged MiSeq data compared to 5 and 1 addi-
tional species with Roche data.

3.4 OTU Precision

The increased ability to detect species with singleton inclusion was
accompanied by a large decrease in precision (Fig. 3, Table 5), which was
calculated as the number of species recovered divided by the total number
of OTUs generated (including OTUs that did not match a species in the
mock community). The precision value represents the inverse of the average
number of OTUs created per species, where a smaller precision score means
more OTUs per species, or more OTUs that do not match a species in the
mock community. Merged MiSeq data produced consistently lower OTU
precision scores (0.547 and 0.308, communities 1 and 2 without singletons;
0.002 and 0.001 with singletons) compared to Roche data (0.667 and 0.556
without singletons; 0.094 and 0.071 with singletons). After excluding sin-
gletons from the analysis, Roche produced higher precision scores than
the merged MiSeq data, but lower scores than the appended MiSeq data
(Fig. 3). The appended MiSeq data including singletons produced the lowest
precision scores. Low precision scores are due to multiple OTUs being gen-
erated for a single species (Table S1 in the online version at https://doi.org/
10.1016/bs.aecr.2018.06.002) and are prevalent even when a stringent
filtering/ clustering approach (exclusion of singletons and a 3% divergence
threshold for OTU clustering) is used.

3.5 Impact of Merging and Appending MiSeq Reads on Species
Detection and OTU Estimates

Merging MiSeq reads requires overlapping sequences, which will gen-
erally not occur with long amplicon sequences due to read length limitations
imposed by the sequencing platform. Even so, some species with long
18S-V4 regions were detected with the merged data (Table S1 in the online
version at https://doi.org/10.1016/bs.aecr.2018.06.002). However, MiSeq
read pairs can be appended to one another to create potentially discontin-
uous, but informative sequences. The appending technique joins paired
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Fig. 3 Precision scores estimated from different bioinformatic workflows analysing
next-generation sequence data from two mock zooplankton communities. Singletons
were excluded from the analysis. Precision is defined as the number of species recov-
ered divided by the number of operational taxonomic units generated. The x-axis labels
refer to the choice of platform, the bioinformatic workflow (M =merged MiSeq reads;
AP =appended MiSeq reads) and the mock community (simple community 1 in dark
grey and complex community 2 in light grey). The red and blue lines indicate the average
precision including singletons for Roche and MiSeq workflows, respectively.

reads together without overlap to generate a contig. In the appending pro-
cess, reads that would overlap and merge contain a repeated sequence in the
middle where the overlap would have occurred, and the length of the over-
lap can vary. In addition, paired-end reads that do not overlap may not
always end at the same nucleotide position. As a result, there is substantial
variation among appended sequences and they do not dereplicate into as
few sequences as merged sequences. For this reason, appending pipelines
generate a much higher number of singletons (Table 4).

There was little difference in the number of species detected with mer-
ged and appended reads, but more species were detected when singletons
were included. When singletons were excluded, 30 species (DS=0.536)
were detected in community 1 with appended reads compared to 29 species
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(DS=0.518) with merged reads (Table 5). Ten species (DS=0.714) were
detected in community 2 with appended reads compared to 8 species
(DS=0.571) with merged reads. When singletons were included, 44 species
(DS=0.786) were detected in community 1 with both merged and appended
reads. Thirteen species (DS=0.929) were detected in community 2 with
appended reads compared to 11 species (DS=0.786) with merged reads.

Clustering of appended reads into OTUs resulted in the generation of
very high numbers of OTUs when singletons were included in the analysis,
even more so than merged reads. Whereas appended reads produced 35 and
15 OTUs (communities 1 and 2) when singletons were excluded, 258,914
and 220,207 OTUs were produced when singletons were included
(Table 5). Owing to the variation generated by the appending process, very
low precision scores (1.69 x 10~ *and 5.90 x 10~ for communities 1 and 2)
were obtained when singletons were included compared to exclusion of sin-
gletons (0.857 and 0.667).

4. DISCUSSION
The Mlumina MiSeq and the Roche 454 NGS platforms were used to

sequence two mock communities, one simple community containing
56 species represented by a single individual per species and a more complex
community containing 14 species represented by individuals or populations.
The MiSeq runs produced more filtered reads compared to the Roche runs,
and a larger percentage of singleton reads, from a similar amount of raw
data. When singletons were excluded from the analysis, the MiSeq and
Roche datasets generated similar numbers of OTUs. Moreover, the two
platforms generated comparable species detection and OTU precision for
both mock communities, although the species detection rate for community
1 was slightly higher with the Roche data. When singletons were included,
one more species in community 1 and two more species in community
2 were detected with the appended MiSeq reads compared to the Roche
data. However, when singletons were included, Roche produced much
higher number of OTUs than species included in the communities (459
for community 1 and 154 for community 2). Even higher numbers of
OTUs were generated with the MiSeq data when singletons were included
resulting in very low precision scores. Even so, the majority of OTUs
matched a species in the mock community (99% and 94% for merged
and appended reads in community 1, and 94% and 73% in community 2).



Bioinformatics for Biomonitoring 23

With one exception, these values are considerably higher than those obtained
for Roche OTUs (63% and 79% for communities 1 and 2).

Merging vs appending MiSeq paired reads had a small impact on species
detection but a large impact on OTU precision as the precision scores for
appended reads were orders of magnitude lower than those for merged reads.
This is a consequence of the variation generated by the appending process
in which forward and reverse reads are joined together even if they overlap
(which is required for merging), and regardless of their length, as long as
it meets the length threshold. This results in highly variable contigs due to
the loss of quality control that occurs during merging because reads that do
not meet an overlap threshold (a combination of length of overlap and
sequence similarity of overlapped region) are discarded in merged workflows.
Other bioinformatics studies have confirmed that merging Illumina reads
helps decrease the numbers of spurious OTUs, as it improves predictions of
the overlapping sequence when forward and reverse reads are aligned
(Edgar and Flyvbjerg, 2015). While merging reads did substantially decrease
the number of OTUs in our study, it also slightly decreased species detection,
compared to appending reads.

4.1 Read Depth and Singletons

Despite a greater read depth, the MiSeq data did not provide an increase in
species detection ability compared to the Roche. The inclusion of single-
tons, which can represent rare authentic sequences or sequencing artefacts,
did aid species detection with both platforms. However, it also caused a large
decrease in precision. Singletons provided detection of 15 and 3 (commu-
nities 1 and 2) additional species with merged MiSeq data, and 5 and 1 addi-
tional species with Roche 454 data that were not detected in workflows
excluding singletons (Table 5). Most singletons detected a species already
recovered when included in taxonomic analysis. The relationship between
inclusion of singletons, an increase in number of species detected, and a
decrease in precision is conserved across sequencing platforms, although it
is more pronounced with the MiSeq data. This suggests that the MiSeq plat-
form is more susceptible to singleton generation (it generated a higher per-
centage of singletons), especially when appending reads. Most studies do
exclude singleton sequences (Abad et al., 2016; Chain et al., 2016; although
see Gibson et al., 2015). However, studies focused on the detection of rare
species such as aquatic invaders often include singletons in their analysis.
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4.2 OTU Clustering

The number of OTUs generated was extremely variable between sequenc-
ing platforms and between the workflows involving the inclusion and exclu-
sion of singletons. However, the number remained relatively consistent
within each platform in terms of order of magnitude, and for results from
communities 1 and 2. A greater number of OTUs was consistently produced
from the MiSeq data compared to Roche, which resulted in lower precision
scores. Many of the additional MiSeq OTUs matched the same species in the
mock community. For example, when reads from community 1 (excluding
singletons) were clustered into OTUs and taxonomically assigned, four
OTUs matching Artemia spp. were identified in the MiSeq data, while only
one was identified in the Roche data.

The generation of more than one OTU per species is due to increased
sequence variation produced by either genuine intragenomic variation
(genetic variation within the genome of a single individual/species) or
sequencing artefacts. OTU inflation needs to be taken into consideration
when designing a metabarcoding workflow and when generating conclu-
sions. This study found that with singletons included, MiSeq produced a
much higher number of OTUs compared to Roche. Flynn et al. (2015)
reported very high OTU estimates with Roche data and suggested that ter-
minal gaps are partially responsible. These gaps occur when the single read
falls short of the reverse primer, which can contribute to divergence during
OTU clustering. Analysis of difterent gap treatments using clustering algo-
rithms that excluded and included terminal gaps supported this hypothesis
(Flynn et al., 2015). However, merged and appended MiSeq reads do
not contain terminal gaps. With paired read sequencing, the target
amplicon is sequenced from both the 5 and 3’ ends and the reads are
merged or appended to produce a full contig. Therefore, it is likely that
internal gaps generated during the merging and appending process are
the source of OTU overestimation with MiSeq data. Studies that rely
on OTU-based diversity estimates should consider excluding singletons
to avoid gross overestimation.

When singletons were excluded from analysis, both platforms produced
similar OTU estimates. However, some species were still represented by
more than one OTU. For example, Mytilus edulis in community 1 was rep-
resented by five OTUs in the MiSeq data, but was only represented by one
OTU in the Roche data. Conversely, Leptodora kindtii was represented by
four OTUs in the Roche data for community 1, but only represented
by one OTU in the MiSeq data. These results suggest that the sequencing
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platform seems to introduce some taxonomical bias with respect to inflating
OTU diversity. One possible explanation for this phenomenon is the
genetic variation between different copies of the marker sequence within
a single genome. The 185-V4 region is known for its hypervariability in
terms of both nucleotide sequence and length (Wuyts et al., 2000, 2001).
Moreover, the occurrence of variation at both the intraspecific and intra-
individual levels has been well documented (Crease and Taylor, 1998;
Hancock and Vogler, 2000). It has been suggested that slippage replication
is an important mechanism causing length expansion in hypervariable
regions (Crease and Taylor, 1998; Hancock and Vogler, 2000), and the
maintenance of stem-loop structures in these regions may be a function
of the mutational process itself, regardless of functional constraint to main-
tain function (Hancock and Vogler, 2000). Nevertheless, it is clear that at
least some of the variation in the V4 sequences is of biological origin and
must be taken into account when estimating OTU diversity.

4.3 Experimental Design

The construction of a mock community allows creation of a local reference
BLAST database, which removes the need for OTU clustering. OTU clus-
tering can reduce the time it takes to generate results when using large data-
bases like NCBI or SILVA, where searching each dereplicated sequence
against millions of reference sequences requires substantial computing time.
In this study, the filtered dereplicated reads were aligned individually, using
BLAST, against a local reference database and tallied after returning a hit.
While the use of a local reference database is efficient and effective when
studying mock communities of known composition, it is not applicable
for metabarcoding projects, for example when there is no a priori knowl-
edge of community composition.

The direct comparability of results from the MiSeq and R oche platforms
depends on the similarity of the workflows used to analyse the sequence
reads. Comparability of results between platforms is of high importance
when considering the use of novel technologies in long-term studies.
Complete contigs can be generated from MiSeq paired-end reads that are
usually merged together when the amplicon is short enough that paired reads
are expected to overlap. On the other hand, Roche data are always single
ended. Although the use of appended MiSeq reads detected a slightly larger
number of species compared to merged MiSeq reads, there are several reasons
why these processing steps may not be suitable for some biodiversity studies.
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When singletons were included, using appended reads overestimated the
number of OTUs by over three orders of magnitude compared to the MiSeq
and the Roche 454 estimates. Thus, the confidence of researchers in the
species detection results generated from appended [llumina reads can also
be questioned, especially if a local reference database cannot be used as in
biodiversity surveys.

Excluding singletons from the workflow improves precision of appended
reads to the point where appended workflows produce better precision scores
than merged ones. However, these workflows sacrifice a considerable amount
of read depth because there is considerable variation around the point where
the paired reads are joined due to length variation among reads, and the fact
that overlapping reads are joined instead of overlapped. This means that many
appended sequences are unique and fail to cluster into OTUs. Therefore, the
vast majority of appended reads exit the pipeline as singletons. For example,
MiSeq data for community 1 contained 543,024 raw paired end reads.
After appending and filtering, those raw reads produced 514,657 singleton
sequences and only 3171 nonsingleton sequences compared to 12,959 non-
singleton merged sequences. Thus, merging allowed the retention of four
times as many nonsingleton sequences compared to appending. While use
of appending techniques as an alternative to merging may provide slightly
higher species detection, researchers must compensate for the increased read
diversity and decreased OTU precision that accompanies appended MiSeq
workflows involving singletons, as well as the decreased sequence retention
in workflows that exclude singletons.

Although the 185S-V4 region is commonly used as a phylogenetic marker
for eukaryotes, there are several shortcomings of this barcode as a marker for
metabarcoding that should be recognized. Ribosomal sequences are present
in multiple copies, providing the opportunity for variation within the
genome of a single individual (Bik et al., 2012). Decelle et al. (2014) assessed
the intragenomic variability of the V4 region between different nuclei in
two species of radiolarian and detected up to five OTUs in a single individ-
ual. However, the authors concluded that the analytical procedure used to
obtain the results had a larger impact than the contribution of intragenomic
variation to the presence of multiple OTUs per species. Even so, variation in
length between gene copies is particularly common in expansion segments
such as the V4 region (James et al., 2009), and such length variation can
introduce bias against species with long amplicons during the MiSeq merg-
ing process. Indeed, the V4 region 1s longer than 570bp in 12 (80%) of the
15 species in community 1 that were not detected with merged MiSeq data
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when singletons were excluded, but were detected with singleton inclusion.
Thus, use of the 185-V4 region as a genetic barcode should be taken into
consideration when designing future studies because alternatives, such as
the mitochondrial CO1 gene, exist. The transition from Roche to [llumina
as the accepted NGS platform for metabarcoding adds importance to this
idea by providing increased opportunity for overestimation of biodiversity.

4.4 Implications for Biomonitoring

The application of metabarcoding procedures to biodiversity, community
ecology, and invasive species projects will depend on many sampling deci-
sions, including study design, sample capture, and molecular and bioinfor-
matic methods. Such decisions will be made in conjunction with the aims of
each individual study. Increasingly, molecular methods will be integrated
into ongoing biomonitoring campaigns, or may be used to start new biodi-
versity surveys (Leese et al., 2016). Methodological consistency is key when
designing studies which range over temporal and spatial scales. Here, we
have shown that changes in sequencing platform will produce different
outcomes for species detection and OTU diversity estimates. It is likely that
sequencing platforms and molecular methods will continue to evolve, prob-
ably at a greater pace than traditional methods, given their recent and rapid
development. Therefore, it is likely that over a decades-long monitoring
campaign, several sequencing platforms may be used.

Some studies aim to generate diversity estimates only, and prefer to assign
OTUs or sequences to higher taxonomic ranks such as Order or Family.
This may be because the primer pair in use cannot discriminate between taxa
at lower taxonomic ranks, or because species-level reference sequences are
not available, for example when work is conducted on tropical invertebrates
(Salinas-Ramos et al., 2015). OTUs without species-level assignment can
still be included in estimates of alpha and beta diversity, patterns of distribu-
tion and seasonality, and simple ecological analyses such as niche overlap
(Clare et al., 2016). In this study, we demonstrated that the two sequencing
platforms, Roche 454 and Ilumina MiSeq produced comparable OTU
values when singletons where excluded. Conversely, when singletons were
included, vastly inflated OTU numbers were generated from the Illumina
MiSeq data; sometimes several orders of magnitude greater than estimates
based on Roche 454 data, as well as the true number of species included
in the mock community. We therefore do not recommend comparisons
of data produced by these platforms when singletons are included.



28 Isaac M. K. Eckert et al.

Many researchers choose to remove singletons from analysis (e.g., Port
et al., 2016), but we detected some species only when including them.
It 1s often emphasized that the inclusion of singletons could facilitate
the detection of very rare species or invasion fronts (Brown et al., 2015;
Jousset et al., 2017; Leray and Knowlton, 2017). Even so, Scott et al.
(2018) recommend removal of singletons to reduce false-positive errors
at the cost of slightly reduced sensitivity. The authors found that retaining
singletons can reduce false negatives (species not detected) only when clus-
tering is used prior to species assignment.

Many biomonitoring studies are focused on species detection as a starting
point before exploring community richness and diversity. There may also
be particular species of interest, for which detection as well as temporal
and spatial distribution is important. While singleton inclusion might ini-
tially seem advantageous, researchers may not be able to use a local reference
database to assign species identity in a biomonitoring study, but instead
BLAST their results against a universal database such as BOLD or NCBI.
It 1s likely that many of these additional OTUs might match to closely
related species, or even OTUs of different taxa such as parasites or fungi,
that while not intentionally included in the mock community, are inevi-
tably present, and will likely be amplified by any barcoding study that uses
universal primers.

5. CONCLUSIONS

Overall, the two NGS platforms used in this study generated compa-
rable species detection and OTU precision scores. However, we detected
unexpectedly high variation when using appended MiSeq reads, and when
including singletons in the analysis. While the inclusion of singletons can
aid in species detection, reducing false negatives, as demonstrated by both
platforms, the generation of spurious OTU clusters that accompanies their
inclusion can increase false positives and needs to be taken into account. The
results from this study support the trends identified by Flynn et al. (2015) in
their analysis of Roche data, as well as the impact of singletons identified in
other studies (Clare et al., 2016). Specific analysis of the trade-off between
accurate biodiversity estimation (singleton exclusion) and increased detection
ability (singleton inclusion) should be considered when performing meta-
barcoding analyses. Furthermore, while the use of NGS technologies for
metabarcoding shows great promise for the study of community composition,
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species detection, and biomonitoring; this study illustrates the need for
tailored and cautious analytical procedures. While these results illustrate
how the transition from the Roche to an Illumina platform is accompanied
by increases in technological ability, and greater genomic resolution, Illumina
sequencing is not without limitations since the short reads generated require
additional bioinformatics manipulations that impact species detection.
Future sequencing technologies and analytical tools may enable researchers
to overcome the shortcomings of Illumina sequencing, and make further
progress in the application and reliability of NGS platforms to the field of
metabarcoding.
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