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Abstract
Advances in high- throughput sequencing (HTS) are revolutionizing monitoring in ma-
rine environments by enabling rapid, accurate and holistic detection of species within 
complex biological samples. Research institutions worldwide increasingly employ 
HTS methods for biodiversity assessments. However, variance in laboratory proce-
dures, analytical workflows and bioinformatic pipelines impede the transferability 
and comparability of results across research groups. An international experiment was 
conducted to assess the consistency of metabarcoding results derived from identical 
samples and primer sets using varying laboratory procedures. Homogenized biofoul-
ing samples collected from four coastal locations (Australia, Canada, New Zealand and 
the USA) were distributed to 12 independent laboratories. Participants were asked to 
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1  |  INTRODUC TION

Recent advances in high- throughput sequencing (HTS) are revolu-
tionizing ecology, offering unprecedented opportunities for new 
species discovery, monitoring ecological trends, diet analysis and 
environmental impact assessment (Aylagas et al., 2014; Clarke 
et al., 2020; Dowle et al., 2016; Keeley et al., 2018; Valentini et al., 
2016; Zhan et al., 2013). Metabarcoding enables community- wide 
biodiversity to be characterized from environmental DNA (eDNA) 
samples. It is based on the mass- sequencing of short, conserved 
DNA fragments (molecular markers or barcodes), which are then 
assigned taxonomy based on reference sequence databases, al-
lowing the simultaneous characterization of a large range of taxa 
(Hajibabaei et al., 2011; Taberlet et al., 2012). Despite known 
limitations (e.g., incomplete reference sequence databases, un-
certainties around sensitivity, specificity and detection proba-
bilities), this approach is increasingly being advocated as a rapid, 
cost- effective and sensitive tool for environmental monitoring 
and assessment (Cordier et al., 2020; Lacoursière- Roussel et al., 
2018; Wood et al., 2013). Metabarcoding can be used to detect 
all life stages, including morphologically indistinguishable larval 
forms and rare or sparsely distributed populations, often with less 
time– effort than conventional approaches (Brown et al., 2016; 
Comtet et al., 2015; Zaiko et al., 2015). In some situations, it of-
fers greater potential for standardization than traditional mor-
phological biodiversity assessment (Aylagas et al., 2016; Porter 
& Hajibabaei, 2018). However, metabarcoding is inherently com-
plex, with many technical and analytical steps that inevitably vary 
among users, as well as multiple reputable but distinct metabar-
coding workflows (Cristescu, 2014; Goldberg et al., 2016; Murray 
et al., 2015; Zaiko et al., 2018). Virtually all steps in the workflow 

vary among laboratories and individual studies, including sam-
pling, preservation methods, DNA extraction, PCR amplification 
protocols, library preparation methods, sequencing platforms and 
bioinformatic pipelines (Bailet et al., 2020; Bowers et al., 2021). 
This creates a significant challenge for the standardization of 
protocols and the implementation of a unified, cross- calibrated 
approach.

For sensitive applications such as biosecurity surveillance, a field 
devoted to monitoring environments for species with potentially 
harmful ecological and economic consequences (Molnar et al., 2008; 
Simberloff et al., 2013), standards of quality assurance and control 
are of higher importance than in general biodiversity studies (Darling 
& Mahon, 2011; Lehtiniemi et al., 2015). Reporting unverified bios-
ecurity risks from HTS data may lead to inadequate management 
responses and even potential legal entanglements for researchers 
(Darling et al., 2020). Despite recent calls for improved consistency 
in HTS- based research outputs (Jeunen et al., 2019; van der Loos 
& Nijland, 2020), laboratories working in this field often follow dif-
ferent analytical workflows, develop and apply in- house reference 
sequence databases, use customized bioinformatic pipelines, and 
often fail to report methodologically relevant metadata consistently 
(Goldberg et al., 2016; Nicholson et al., 2020). This lack of harmo-
nization may impede the reproducibility of research, transferability 
and comparability of results, and ultimately, the credibility of HTS- 
based biodiversity assessments (Zaiko et al., 2018). There are an in-
creasing number of empirical studies addressing the effect of single 
components of the workflow, such as filtration, eDNA extraction 
methods, PCR thermocycling conditions, choice of polymerase or 
sequencing platform used (Aylagas et al., 2016; Braukmann et al., 
2019; Djurhuus et al., 2017; Jeunen et al., 2019; Nichols et al., 2018). 
However, what is still largely unknown is the degree to which 

follow one of two HTS library preparation workflows. While DNA extraction, prim-
ers and bioinformatic analyses were purposefully standardized to allow comparison, 
many other technical variables were allowed to vary among laboratories (amplifica-
tion protocols, type of instrument used, etc.). Despite substantial variation observed 
in raw results, the primary signal in the data was consistent, with the samples group-
ing strongly by geographical origin for all data sets. Simple post hoc data clean- up by 
removing low- quality samples gave the best improvement in sample classification for 
nuclear 18S rRNA gene data, with an overall 92.81% correct group attribution. For mi-
tochondrial COI gene data, the best classification result (95.58%) was achieved after 
correction for contamination errors. The identified critical methodological factors 
that introduced the greatest variability (preservation buffer, sample defrosting, tem-
plate concentration, DNA polymerase, PCR enhancer) should be of great assistance in 
standardizing future biodiversity studies using metabarcoding.

K E Y W O R D S
18S ribosomal rRNA (18S rRNA), high- throughput sequencing, metabarcoding, mitochondrial 
cytochrome c oxidase subunit 1 (COI), reproducibility, standardization



    |  3ZAIKO et Al.

variations in common metabarcoding protocols distort community 
composition data and the impact of these potential biases on inter-
preting of metabarcoding- derived biodiversity information.

Acknowledging the need for a coordinated effort to accelerate 
the uptake of HTS- based tools for biodiversity surveys and conser-
vation applications, an international cross- laboratory experiment 
was conducted to evaluate replicability of a metabarcoding proto-
col and explore how laboratory- based variance in sample handling 
and processing impacts biodiversity assessments. The overarching 
goal of the present study was to investigate the consistency and 
reproducibility of metabarcoding results when a set of identical 
environmental samples are analysed simultaneously by different 
laboratories (12 in this study) following a semistandardized protocol 
and analytical workflow. The applied experimental design allowed 
us to identify discrepancies caused by laboratory- specific variation 
in technical steps and find the weakest links in the analytical pipe-
lines that resulted in the greatest divergence in metabarcoding data. 
We hypothesized that: (i) despite laboratory- to- laboratory variations 
(e.g., technical equipment, PCR conditions and reagents), consistent 
patterns of variability in biological community information would be 
derived for two markers (COI and 18S rRNA) when using a semistan-
dardized protocol; (ii) the use of different HTS library build protocols 
(dual index primers vs. fusion primers) would have no effect on the 
community composition data but might impact levels of contamina-
tion; (iii) the greatest variability would be introduced in the PCR and 
clean- up steps, given that different reagents and equipment were 
used in each laboratory; and (iv) if variability in community composi-
tion was observed between laboratories, this could be mitigated by 
applying post hoc data correction.

2  |  METHODS

An overview of the experimental set- up is presented in Figure 1, 
with additional details provided in the sections below.

2.1  |  Collection and processing of 
biofouling samples

Mature marine biofouling (~20 ml) was collected from ∼ 0.5– 1 m 
depth at international locations adjacent to busy marine ports 
and marinas (Table 1). The samples were preserved with RNAlater 
(ThermoFisher Scientific) or LifeGuard (Qiagen) by adding a volume 
of preservative solution equivalent to at least 150% of the biological 
sample volume (Table 1).

All samples were delivered to the Cawthron Institute, New 
Zealand (transported in ambient temperature within 2 days), and 
processed uniformly to ensure the same starting material was 
used by all laboratories. Samples were homogenized by bead 
beating (1,500 strokes/min, 5 min; 1600 MiniG Spex SamplePrep) 
and split into 4 × 0.5 = ml aliquots per laboratory (192 aliquots in 
total, Figure 1). Twelve well- established molecular laboratories in 

six countries participated in this study: New Zealand (Cawthron 
Institute, National Institute of Water and Atmospheric Research Ltd, 
University of Auckland and University of Otago); Australia (Curtin 
University and Macquarie University); USA (Moss Landing Marine 
Laboratory); Canada (Department of Fisheries and Oceans, McGill 
University and University of Guelph); Spain (University of Oviedo); 
and Lithuania (Klaipeda University).

2.2  |  Environmental DNA isolation and sequencing 
library preparation

Variation at the DNA extraction step was minimized by providing 
participants from each of the 12 laboratories with a MoBio/Qiagen 
PowerBiofilm DNA isolation kit (Qiagen) and a detailed manufac-
turer's protocol for DNA isolation that all participants were asked 
to follow.

Participating laboratories were randomly allocated to 
a treatment group that followed one of two HTS library 
preparation workflows (dual index primers or fusion prim-
ers, see below) for amplification of both the 18S rRNA (Zhan 
et al., 2013; Uni18S: 5′- AGGGCAAKYCTGGTGCCAGC- 3′, Uni18SR: 
5′- GRCGGTATCTRATCGYCTT- 3′) and COI (Leray et al., 2013; Geller 
et al., 2013; mlCOIintF: 5′- GGWACWGGWTGAACWGTWTAYC
CYCC- 3′, jgHCO2198: 5′- TAIACYTCIGGRTGICCRAARAAYCA- 3′) 
genes. For analytical objectivity, the laboratories within each group 
were randomly assigned a letter code –  A to F for the dual index and 
G to L for the fusion groups, respectively. All results are hereafter 
reported under those codes to avoid attributing analytical outcomes 
to a particular laboratory.

Protocols for PCRs and library preparation were also provided 
(Appendices S1 and S2); however, given that each laboratory uses 
different equipment and/or used their preferred reagents, some 
flexibility in equipment and reagents was allowed at the PCR and 
clean- up steps. The participants recorded any deviations from the 
provided protocol, as well as specific details on sample handling and 
any issues encountered during the workflow (Table S1).

2.3  |  High- throughput sequencing

Libraries were sequenced on MiSeq Illumina instruments at two 
sequencing facilities: University of Guelph, Canada (libraries 
from laboratories A– F, dual index primers, n = 120), and Curtin 
University, Australia (libraries from laboratories G– L, fusion prim-
ers, n = 120). For the dual index library, the 18S rRNA gene and 
COI amplicons were pooled for each sample and indexed using 
Illumina's Nextera XT v2 index adapters (FC- 131- 2001). Indexed 
samples were pooled and purified using AMPure XP magnetic bead 
kit (Beckman Coulter). The library concentration was quantified with 
Invitrogen's PicoGreen dsDNA assay kit on a TBS- 380 fluorometer 
(Turner Biosciences). Fragment length was assessed on an Agilent 
Bioanalyzer using Agilent's DNA 7500 kit. The library was diluted to 
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4 nm and sequenced on an Illumina MiSeq using a v3 chemistry kit (2 
× 300). Each run had a 10% PhiX spike- in. Samples were sequenced 
over two runs: Run 1 contained groups A, D and F, and Run 2 con-
tained groups B, C and E.

For the fusion library, PCR products were quantified on arrival 
at the sequencing facility with Qubit (ThermoFisher Scientific) and 
blended at equal molarity for three sequencing runs: Run 1— 18S 
rRNA gene and COI from laboratories G and L; Run 2— 18S rRNA 
gene and COI from laboratories H and K; Run 3— 18S rRNA gene and 

COI from laboratories I and J. Amplicons from laboratory J contained 
traces of green dye from the Taq buffer and were further cleaned 
using a QiaQuick Purification Kit (Qiagen), and eluted in 30 µl elution 
buffer before quantification and library pooling. Final libraries were 
quantified again using Qubit. Molarity was calculated and diluted to 
2 nm, except for Run 1, which had a concentration of 1.3 nm. Libraries 
were denatured and blended with 20 pm PhiX. Sequencing was per-
formed on the MiSeq (Illumina) system with a v2 chemistry kit (2 × 
250).

F I G U R E  1  Conceptual scheme of 
the experimental workflow (created 
with BioRender.com). Countries from 
where the samples were sourced: 
AUS = Australia, USA = United States 
of America, CAN = Canada, NZ = New 
Zealand. 18S = 18S ribosomal rRNA 
gene, COI = mitochondrial cytochrome c 
oxidase subunit 1

TA B L E  1  Summary information on the samples of marine biofouling (starting material)

Sample origin
Sample 
code Date Source Preservation

Hillarys Boat Harbour, Perth, Australia AUS February 8, 
2017

Settlement plate (scraped biomass, homogenized 
and frozen before preservation)

RNAlater

Monterey Bay Harbour, CA, USA USA May 1, 2017 Settlement plate biomass (scraped biomass) RNAlater

Victoria Harbour, BC, Canada CAN May 9, 2017 Marina ropes (scraped biomass) LifeGuard

Waitematā Harbour, Auckland, North 
Island, New Zealand

NZ April 20, 2017 Marina pontoon (scraped biomass) LifeGuard
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2.4  |  Bioinformatics

Bioinformatics analysis of all the 18S rRNA and COI data sets was 
conducted at the Commonwealth Scientific and Industrial Research 
Organization (CSIRO, Australia), using the GHAP amplicon pipeline 
(https://doi.org/10.4225/08/59f98 560eba25). This is a conven-
tional amplicon clustering and classification pipeline built around 
tools from usearch (Edgar et al., 2011), combined with in- house 
scripted tools for demultiplexing and generating operational taxo-
nomic unit (OTU) tables. The amplicon reads were demultiplexed, 
split and trimmed as needed and the read pairs were then merged 
and dereplicated. The merged reads were trimmed/size- selected and 
unoise3 (Edgar, 2016) was used to group almost identical sequences 
to generate zero- radius OTUs (zOTUs). Each zOTU sequence was 
then classified by blasting against a curated set of reference se-
quences. The 18S rRNA gene zOTUs were matched against curated 
sequences derived from the SILVA version 128 SSU reference set 
(Quast et al., 2013). The COI zOTUs were matched against a set of 
COI reference sequences downloaded from GenBank (on September 
24, 2019). The pipeline then mapped the merged reads back onto the 
zOTU sequences to get accurate read counts for each zOTU/sample 
pair, and generated zOTU abundance tables in both text and .biom 
(v1) formats, complete with taxonomic classifications and species as-
signments. The zOTU abundance tables were then summarized at all 
resolved taxonomic levels, combining the counts for identified taxa 
across all OTUs.

Both the dual index and fusion library sequencing was under-
taken on pooled samples, so each data file contained both 18S rRNA 
gene and COI data. These files were split into 18S rRNA gene and 
COI files based on the primer sequences found at the start of each 
of the reads, and these primer regions were then trimmed from the 
reads. After splitting, there were found to be unequal numbers of 
18S rRNA gene and COI reads in both data sets, with only 6%– 15% 
(fusion) and 30% (dual index) of the samples being assigned to the 
18S rRNA gene.

The fusion sequencing protocol also added 6-  or 7- bp barcodes 
to the start of each read, with these barcodes removed from the 
reads during demultiplexing. The MiSeq runs used for the fusion 
libraries produced 260- bp reads (including barcodes and prim-
ers), and demultiplexing/trimming these resulted in reads of 226– 
228 bp (18S rRNA) and 232– 234 bp (COI). The dual index MiSeq 
runs produced 301- bp reads, including primer sequences, and used 
standard Illumina out- of- read barcodes. The number of bases re-
moved by this post- sequencing trimming step varied from sample 
to sample, with higher levels of trimming observed for 18S rRNA 
reads (median 10.5 bp) than for COI (median 0.7 bp) reads. Samples 
from Laboratory C were more heavily trimmed than other samples 
(average trim for 18S rRNA was 34.5 bp, and 75.3 bp for COI). After 
splitting and primer- trimming, the reads going into the amplicon 
pipeline were 15– 282 bp long (mean 246– 280 bp) for the 18S rRNA 
gene, and 9– 275 bp (mean 200– 275 bp) for COI. The interprimer 
region being sequenced was ~410 bp for the 18S rRNA gene, and 
~310 bp for COI. Consequently, both the dual index and fusion 

library reads were long enough to have sufficient overlap for satis-
factory pair- merging.

2.5  |  Statistical analyses

For each zOTU table (18S rRNA gene and COI) resulting from the 
bioinformatics pipeline, a permutational multivariate analysis of vari-
ance (PERMANOVA, Anderson, 2001, 2017) was used to test how 
variation in HTS- derived biodiversity was partitioned in response 
to “sample origin,” “library” (dual index vs. fusion; both fixed fac-
tors) and “laboratory” (a random factor nested in “library”). Analysis 
was performed on Bray– Curtis similarity matrices of fourth root- 
transformed data sets (zOTU reads data), applying 999 permuta-
tions of residuals under a reduced model with type III sum of squares 
applied. To assess the relative spread of data clouds in samples 
grouped by origin, a test for homogeneity of multivariate dispersions 
(PERMDISP) was applied for each data set with 999 permutations. 
Individual sample distances to origin group centroids were retrieved 
for library type, 18S rRNA gene and COI separately. A distribution- 
free Wilcoxon signed- rank test was used to check whether 18S 
rRNA and COI OTU richness differ significantly between libraries, 
as well as whether distances to group centroids differ significantly 
between 18S rRNA and COI data sets.

To infer which factors affected the consistency of biodiversity 
information during sample handling and processing, a multiple re-
gression model with automated stepwise selection function was 
implemented in R stats package version 3.5.3 (R- project, 2014). In 
the model, distance of individual samples to centroids of the sample 
origin group was treated as the response variable, and the following 
sample handling and processing parameters were considered as pre-
dictor variables: preservation buffer (RNAlater/LifeGuard), storage 
time before DNA extraction (months), multiple (more than twice) 
DNA defrosting cycles due to PCR troubleshooting (yes/no), library 
type (fusion/dual index), amount of template used in PCR (µl), dilu-
tion of DNA template (yes/no), DNA polymerase used, addition of 
bovine serum albumin (BSA) or other enhancers (yes/no), number of 
PCR cycles, and contamination detected in control samples (yes/no). 
For each gene and library type we also performed correlation anal-
ysis using the cor.test function implemented in R to test for an asso-
ciation (Pearson product- moment correlation coefficient) between 
sequence Phred quality score (averaged per sample) and distance to 
origin group centroids.

For each data set (18S rRNA gene and COI), a series of canonical 
analyses of principal coordinates (CAP) with “sample geographical 
origin” as a grouping factor and 999 permutations were applied to 
assess the classification success (correct allocation of samples into a 
predefined group) on raw (uncorrected) HTS data and following post 
hoc corrections: (Corr1) samples with low sequence number (<1,000) 
excluded; (Corr2) samples randomly rarefied to 10,000 sequence 
depth; (Corr3) OTUs found in the negative controls removed from 
the corresponding subsets of data; (Corr4) maximum read abun-
dance of OTUs found in the negative controls subtracted from the 

https://doi.org/10.4225/08/59f98560eba25
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corresponding subsets of data; (Corr5) OTUs found in negative con-
trols subtracted and samples with low sequence number (<1,000) 
excluded; (Corr6) OTUs found in negative controls were subtracted 
and samples rarefied to 10,000 sequence depth. Clustering of 
samples according to their origin was visualized by CAP ordination 
plots for the raw data set and corrected data set with the best clas-
sification success. All multivariate statistical analyses were carried 
out using primer 7 (version 7.0.13) with the PERMANOVA +add- on 
(Clarke & Gorley, 2015).

Following data set corrections which resulted in the best 18S 
rRNA and COI sample classification according to the origin, the lab-
oratory-  and library- driven variability in biodiversity data were ex-
plored using principal coordinates analysis (PCoA). For each sample 
origin, 18S rRNA and COI data sets, a two- dimensional visualization 
was performed using plot_ordination function on Bray– Curtis sim-
ilarity matrices in the phyloseq R package (McMurdie & Holmes, 
2013).

3  |  RESULTS

3.1  |  General observations

Although all 12 laboratories strictly adhered to the provided DNA 
extraction protocol, large variations in DNA concentration and 
quality were observed (Figure S1). However, different instruments 
were used to estimate DNA concentrations (Table S1) and some par-
ticipants expressed concerns about the accuracy of their measure-
ments. The quantity and quality of extracted DNA is not a direct 
indication of how the targeted eukaryotic genes will amplify, as bulk 
samples are likely to comprise large proportions of bacterial DNA 
(not targeted in this study). Therefore, DNA concentration data were 
not used in subsequent statistical analyses.

At the PCR and clean- up steps, all laboratories applied variations 
to the suggested protocols. Seven laboratories reported difficulties 
in amplifying one or both marker genes and had to troubleshoot by 
adjusting cycling conditions, trying different reagents and/or tem-
plate concentrations (Table S1). A variety of positive controls were 
used in library preparation by different laboratories, including DNA 
from a single species, or mock communities derived from combined 
DNA of multiple species (see Table S1).

The HTS from 240 amplicons (120 from the dual index and 120 
from the fusion libraries) resulted in 15,104,359 and 41,241,053 
pair- end sequence reads for the dual index and fusion primers li-
brary, respectively. The total number of quality- filtered, denoised 
(nonchimeric) sequences derived from 18S rRNA gene amplicons 
were 6,231,102 and 4,211,218 from the dual index and fusion prim-
ers library, and 7,776,009 and 27,540,509 for COI amplicons from 
the dual index and fusion primers library, respectively. Two samples 
from the 18S rRNA gene data set failed to produce any high- quality 
sequence reads and were therefore excluded from downstream 
analyses. The average sequence read Phred quality was relatively 

consistent for 18S rRNA and COI gene amplicons, for both library 
types (Figure S2). However, the sequence quality of the COI fusion 
library samples was, overall, slightly higher for both forward and re-
verse reads.

High variability in the number of filtered sequences and OTUs 
across samples and laboratories was observed (Figures 2 and 3). 
In the fusion library group, the number of good quality sequences 
yielded per sample varied from one to 50,101 for 18S rRNA gene 
amplicons and 347 to 556,775 for COI amplicons. In the dual index 
library, differences in sequence yields between genes were similar, 
with data from the18S rRNA gene ranging from one to 189,779 and 
COI from six to 219,694. The number of retrieved OTUs in the dual 
index library ranged from one to 465 and from four to 1,622 for 18S 
rRNA gene and COI markers, respectively, and showed significant 
(p < .001) moderate correlation with the number of sequence reads 
(r = .52 and .68, 18S rRNA and COI samples, respectively). In the 
fusion library, OTU numbers correlated only with sequence reads 
for the 18S rRNA samples (.46, p < .001), ranging from one to 436 
OTUs per sample. COI samples were characterized by an overall 
higher number of OTUs (79 to 2,363 per sample), and this did not 
correlate with the number of sequence reads (r = .18, p = .08). The 
18S rRNA OTU richness did not differ significantly between librar-
ies (W = 4,975, p = .22), but overall higher COI OTU number was 
observed in the fusion library (W = 2,338, p < .001). We observed 
no difference between the two markers (W = 19,429, p = .2707) in 
relative mean spread of data clouds in samples grouped by origin 
between the two markers (average distance [±SD] to group cen-
troids were 53.89 ± 2.93 and 52.98 ± 15.14 for 18S rRNA and COI 
respectively).

Three laboratories reported contamination in their negative 
control samples, while sequencing data analysis revealed sub-
stantial contamination in DNA extraction blanks in six dual index 
data sets (Figure 4). Species used as positive controls were suc-
cessfully retrieved from 17 out of 24 data sets (i.e., 70.8%). Failed 
positive controls affected three dual index and four fusion data 
sets (Figure 4). None or negligible contamination was detected in 
the negative (no template) PCR controls (except for laboratory D, 
where >10,000 sequences of the same OTU found in extraction 
blanks were detected).

3.2  |  Biodiversity clustering according to 
sample origin: Nuclear small subunit (18S rRNA gene) 
data set

All factors considered in the PERMANOVA design (sample origin, 
library type and laboratory), as well as their interactions, had a sig-
nificant effect on the partitioning of variation in 18S rRNA gene data 
sets (p < .05, Table S2). A test of homogeneity for the within- group 
multivariate dispersion (PERMDISP) revealed significant differences 
in the average distances to centroids among samples grouped by 
sample origin (p =.001, F = 18.869, PERMDISP).
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Multiple linear regression followed by an automated stepwise 
selection of the optimal model showed that preservation buffer 
(p < .001), type of DNA polymerase used in PCRs (p < .001), addition 
of PCR enhancers (p < .001) and multiple defrosting of DNA samples 
(p < .001) all had significant effects on the dispersion around the 
origin group centroid (Table S3). The best selected model explained 
46% of the variation in distance values. In dual index library sam-
ples, distances to group centroids showed weak (r = −.35 and −.34) 
but statistically significant (p < .001) negative correlations with the 
sequence quality scores (forward and reverse reads respectively, 

Figure S3). No such correlations were detected in fusion library sam-
ples (p > .5; r = .11 and −.12, forward and reverse reads respectively, 
Figure S3).

CAP models derived from either the raw 18S rRNA data set or 
data sets with post hoc corrections were all characterized by high 
and significant canonical correlations (Table 2; Figure 5), and cor-
rectly allocated 88% of samples by their origin in the uncorrected 
data and up to 93% after applying post hoc corrections. This is con-
siderably better than the 25% success expected by chance if sam-
ples were randomly allocated into four groups. Overall, the correct 

F I G U R E  2  Number of filtered 18S rRNA gene (a, c) and cytochrome c oxidase subunit 1 (b, d) sequences obtained using the dual index 
(a, b) and fusion (c, d) methods. Each box plot represents the upper and lower quartiles (edges), median (horizontal line), the maximum value 
of the data that is within 1.5 times the interquartile range over the 75th percentile (the upper whisker), the minimum value of the data that 
is within 1.5 times the interquartile range under the 25th percentile (the lower whisker) and the outliers (black dots). The different colours 
represent the origin of the biofouling sample analysed (AUS = Australia, USA = United States of America, CAN = Canada, NZ = New 
Zealand). Note the difference in the scale of the y- axis between markers
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classification of samples by their geographical origin was improved 
most by removing samples with an extremely low number of se-
quences (<1,000, Corr1, Table 2, Figure 5). Other corrections ap-
plied to the data set had variable success in improving classification. 
The AUS samples were classified most accurately after rarefying 
sequencing data to equal depth across all samples (Corr2 and Corr6, 
Table 2). The NZ samples showed the lowest classification success 
overall, not exceeding 87.5% correct allocation (Corr1 and Corr6, 
Table 2).

3.3  |  Biodiversity clustering according to 
geographical origin: mitochondrial COI data set

All factors, including the interaction between origin and laboratory, 
had significant effects (p < .01, Table S4) on the partitioning of vari-
ation in the COI data sets. The test of homogeneity for the within- 
group multivariate dispersion (PERMDISP) revealed significant 
differences in distances to centroids among the samples grouped by 
origin (p = .01, F = 4.569, PERMDISP).

F I G U R E  3  Number of operational taxonomic units (OTUs) obtained for each 18S rRNA gene (a, c) and cytochrome c oxidase subunit 
1 (b, d) amplicons using the dual index (a, b) and fusion (c, d) methods. Each box plot represents the upper and lower quartiles (edges), 
median (horizontal line), the maximum value of the data that is within 1.5 times the interquartile range over the 75th percentile (the upper 
whisker), the minimum value of the data that is within 1.5 times the interquartile range under the 25th percentile (the lower whisker) and the 
outliers (black dots). The different colours represent the origin of the biofouling sample analysed (AUS = Australia, USA = United States of 
America, CAN = Canada, NZ = New Zealand). Note the difference in the scale of the y- axis between markers
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F I G U R E  4  Number of filtered sequence reads recovered from the DNA extraction blanks (blank), negative PCR controls (−) and positive 
PCR controls (+). Red bars indicate samples with considerable contamination in the DNA extraction blanks; red crosses above red bars 
indicate positive PCR controls that failed to recover the target taxa. 18S = 18S rRNA gene, COI = cytochrome c oxidase subunit 1
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TA B L E  2  Summary of sample classification with raw and corrected 18S rRNA data from all laboratories

18S rRNA gene Raw Corr1 Corr2 Corr3 Corr4 Corr5 Corr6

No. of samples 190 167 105 190 190 166 101

No. of OTUs 2,701 2,700 2,463 2,646 2,654 2,648 2,409

No. of sequences 4,860,418 4,855,461 1,050,000 2,956,370 4,548,860 4,543,847 1,010,000

Canonical correlation 0.961 0.997 0.998 0.981 0.953 0.974 0.997

p value .001 .001 .001 .001 .001 .001 0.001

Correct classification (%) 88.42 92.81 91.43 87.89 87.89 90.36 91.09

AUS 89.36 90.91 100 87.23 91.49 90.7 96.43

USA 91.67 97.67 92.86 93.75 89.58 95.35 92.86

CAN 93.75 95 85.71 87.5 89.58 92.5 85.71

NZ 78.72 87.5 84 82.98 80.58 82.5 87.5

Canonical analysis of principal coordinates (CAP) analyses were carried out on fourth root transformed 18S rRNA gene environmental DNA 
read abundance data obtained from 12 laboratories: Raw, not corrected; Corr1, samples with low sequence number (<1,000) excluded; Corr2, 
samples randomly rarefied to 10,000 sequence depth; Corr3, operational taxonomic units (OTUs) found in the negative controls removed from the 
corresponding subset of data; Corr4, maximum read abundance of OTUs found in the negative controls subtracted from the corresponding subset of 
data; Corr5, OTUs found in negative controls subtracted and samples with low sequence number (<1,000) excluded; Corr6, OTUs found in negative 
controls subtracted and samples rarefied to 10,000 sequence depth. Shading indicates the best classification result of samples by origin.
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Multiple linear regression followed by an automated stepwise 
selection of optimal models showed a significant effect of the 
amount of DNA template and the type of DNA polymerase used 
in PCRs (p <.001), preservation buffer (p < .001) and addition of 

PCR enhancers (p < .001) on the HTS data spread around group 
centroids (Table S5). The best selected model explained 58% of 
the variation in distance values. Statistically significant (p < .001) 
but moderate negative correlations between distances to group 

F I G U R E  5  Canonical analysis of principal coordinates (CAP) plots based on Bray– Curtis dissimilarities of fourth root- transformed 18S 
rRNA gene read abundance data using sample origin as a grouping factor: (a) raw, uncorrected data; (b) Corr1 data (samples with low 
sequence number [<1,000] were excluded)
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TA B L E  3  Summary of sample classification with raw and corrected mitochondrial cytochrome c oxidase subunit 1 (COI) data from all 
laboratories

COI data sets Raw Corr1 Corr2 Corr3 Corr4 Corr5 Corr6

No. of samples 192 170 154 192 192 168 150

No. of OTUs 8,549 8,547 7,370 8,198 8,473 8,469 7,288

No. of sequences 27,866,837 27,865,889 1,540,000 13,049,764 27,286,419 27,284,006 1,500,000

Canonical correlation 0.98 0.993 0.994 0.999 0.996 0.997 0.993

p .001 .001 .001 .001 .001 .001 0.001

Correct classification (%) 88.02 94.71 92.86 95.58 94.35 95.24 92.67

AUS 93.75 97.73 97.3 97.78 100 97.62 97.06

USA 91.67 97.67 92.5 93.48 95.46 97.67 95

CAN 83.33 92.68 89.74 91.3 93.18 95.12 92.11

NZ 83.33 90.48 92.11 100 88.64 90.48 86.84

Canonical analysis of principal coordinates (CAP) analyses were carried out on fourth root- transformed mitochondrial COI eDNA read abundance 
data obtained from 12 laboratories: Raw, not corrected; Corr1, samples with low sequence number (<1,000) excluded; Corr2, samples randomly 
rarefied to 10,000 sequence depth; Corr3, operational taxonomic units (OTUs) found in the negative controls removed from the corresponding 
subset of data; Corr4, maximum read abundance of OTUs found in the negative controls subtracted from the corresponding subset of data; Corr5, 
OTUs found in negative controls subtracted and samples with low sequence number (<1,000) excluded; Corr6, OTUs found in negative controls 
subtracted and samples rarefied to 10,000 sequence depth. Shading indicates the best classification result of samples by origin.
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centroids and sequence quality scores were detected in dual index 
samples (r = −.64 and −.68, forward and reverse reads respectively, 
Figure S4). No such correlations were detected in fusion library 
samples (p > .5; r = .06 and −.16, forward and reverse reads respec-
tively, Figure S4).

CAP analyses of COI data sets yielded high and significant ca-
nonical correlations (Table 3, Figure 6), and correctly allocated 88% 
of samples by their origin in the raw data sets and up to 95% after 
applying post hoc corrections (Table 3). The largest improvement in 
classification was after corrections for contamination effects (Corr3, 
Corr4 and Corr5, Table 3). New Zealand samples showed the lowest 
classification success, except for Corr3, when all OTUs found in neg-
ative controls were removed.

3.4  |  Variability in community 
biodiversity of the corrected data sets within the 
sample geographical origin groups

A more detailed exploration of biodiversity patterns following 
corrections that resulted in the most improved sample classifica-
tion by origin (Corr1 and Corr3 for 18S rRNA and COI data sets, 

correspondingly) showed some variability within each location 
(Figures 7 and 8). It revealed variance between dual index and fu-
sion library data sets, which was more apparent in 18S rRNA data. 
However, the first PCoA axis that separated the two library types 
explained only 19%– 24% and 10%– 24% of the total variance, in 18S 
rRNA and COI data sets, respectively.

Most samples clustered reasonably well by laboratory, but this 
clustering differed across data sets, indicating stochasticity between 
sample origin groups. Some samples (e.g., fusion library samples 
from laboratories H and I) formed rather consistent outlying groups, 
which affected dispersion between fusion and dual index groups. 
This was particularly evident in the 18S rRNA data set. Samples from 
these laboratories were characterized by comparatively high aver-
age [±SD] sequence read quality scores (Laboratory H: 30.88 ± 2.32 
and 34.84 ± 2.40; Laboratory I: 33.95 ± 1.27 and 35.07 ± 1.79, for 
18S rRNA and COI sequences respectively), good recovery of target 
taxa in the positive control samples (except for 18S rRNA Laboratory 
H sample) and they did not encounter any contamination issues 
(Figure 4). In terms of the sample processing workflows, the only 
distinct difference in Laboratories H and I from other laboratories 
following fusion library protocol, was the addition of BSA at the PCR 
step (see Table S1).

F I G U R E  6  Canonical analysis of principal coordinates (CAP) plots based on Bray– Curtis dissimilarities of fourth root- transformed 
mitochondrial cytochrome c oxidase subunit 1 (COI) read abundance data using sample origin as a grouping factor: (a) raw, uncorrected data; 
(b) Corr3 data (OTUs found in the negative controls were removed from the corresponding subset of data). Triangles represent samples 
from the dual index sequencing library, while circles represent samples from the fusion sequencing library
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4  |  DISCUSSION

The increased use of eDNA metabarcoding across freshwater, 
marine and terrestrial ecosystems is a result of advances in HTS 
technologies and their increasing affordability. Almost anyone and 
anywhere, including citizen scientists, can now collect a sample for 
DNA extraction and send it to a specialized laboratory to exam-
ine biodiversity in different biological matrices (Evans et al., 2016; 
Jeunen et al., 2019; Larson et al., 2020; Vandamme et al., 2016). 

This offers unprecedented opportunities for integrative analyses 
and comparisons of biodiversity patterns across wide temporal and 
spatial scales. However, as our findings clearly illustrate, there is a 
critical need for consistency and accuracy throughout the labora-
tory processing and data analysis workflows.

Metabarcoding (like any other biodiversity assessment tech-
nique) is prone to taxon identification errors, biases and contamina-
tions that can result in false negatives and positives, and these can 
occur at any point in the sample processing and analytical steps (Doi 

F I G U R E  7  Two- dimensional principal coordinates analysis (PCoA) visualizations of 18S rRNA operational taxonomic unit (OTU) diversity 
derived in the corrected data sets (Corr1) by different laboratories (laboratory labels noted for each datapoint) for samples originating 
from Australia (AUS), United States of America (USA), Canada (CAN) and New Zealand (NZ) samples
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et al., 2019; Ficetola et al., 2015). Improving knowledge of potential 
confounding factors and sources of variation is critical for increasing 
the credibility and reproducibility of metabarcoding approaches and 
for enabling large- scale comparative studies and long- term monitor-
ing (Baker, 2016). In the absence of standardized sample and analysis 
processing protocols for HTS metabarcoding, it is often assumed by 
default that reproducible data can be generated by closely following 
a credible workflow if it has been published in a peer- reviewed ar-
ticle. However, as demonstrated in the recent review by Nicholson 
et al. (2020), many studies do not report sufficient details to allow 

replication and/or appropriate data comparison between studies. 
It is also not usual practice to report troubleshooting incidents or 
small adjustments made to the protocols, which are common and 
evident in the present study. The importance of such variation on 
the outcome, therefore, remains largely unknown and is probably 
underestimated.

Our study revealed considerable variation in metabarcoding 
results from similar biodiversity analyses undertaken in different 
laboratories. However, the crucial questions addressed here were 
whether this methodological variation obscured the true biological 

F I G U R E  8  Two- dimensional principal coordinates analysis (PCoA) visualizations of mitochondrial cytochrome c oxidase subunit 1 (COI) 
operational taxonomic unit (OTU) diversity derived in the corrected data sets (Corr3) by different laboratories (laboratory labels noted for 
each datapoint) for samples originating from Australia (AUS), United States of America (USA), Canada (CAN) and New Zealand (NZ) samples
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signal, what factors introduced the greatest variance and whether 
the variance could be effectively reduced via appropriate data filter-
ing. The raw data from all laboratories showed strong and consistent 
differentiation of biological samples from different geographical 
regions, for both the 18S rRNA and COI genes. We acknowledge, 
however, that the consistency in community composition clustering 
was assessed here at a broad geographical scale, and the effect of 
derived biases may be more significant when depicting more subtle 
(i.e., regional) biodiversity patterns.

4.1  |  Patterns in variability of biological community 
information derived from both markers and both 
library types

Our results showed no significant difference between 18S rRNA and 
COI data spread around geographical origin groups. This suggests 
that neither marker is more susceptible to differences in labora-
tory processing protocols and associated data biases. The 18S rRNA 
marker is more conserved than the COI, which typically results in 
comparatively lower species resolution and underestimation of spe-
cies richness (von Ammon et al., 2018; Leray & Knowlton, 2016; 
Pearman et al., 2021). This may explain our observation of slightly 
stronger clustering of 18S rRNA data points according to the sam-
ple origin and substantial improvement of classification of 18S rRNA 
data sets following the removal of low- quality samples (i.e., those 
with only a small number of resulting sequence reads). This was in 
contrast to the COI data, which showed the best improvement in 
classification after removal of contaminating sequences. The re-
duced phylogenetic resolution in 18S rRNA data potentially makes 
it more resilient to contamination.

Despite a significant effect of library type on variance partition-
ing in samples detected by PERMANOVA (contributed only 2% and 
13% to the variation in 18S rRNA and COI samples, respectively), 
neither regression nor CAP analyses showed significant differenti-
ation of samples between fusion and dual index libraries. However, 
an interesting interaction between library type and marker gene 
was observed in the numbers of sequences: the 18S rRNA yielded 
more sequence reads using dual indexing compared with the fusion 
method, and there was an opposite trend in the COI data.

Unlike dual index libraries, where amplicons are tagged with 
short nucleotide sequences using commercial kits at the additional 
PCR step (Bourlat et al., 2016), in the fusion primers approach, a 
target DNA fragment is simultaneously amplified and tagged with 
a long nucleotide tail (Zizka et al., 2019). The one- step tagging of 
amplicons from multiple samples with fusion primers was developed 
to improve the cost-  and time- efficiency of sample processing for 
metabarcoding (Elbrecht & Leese, 2015; Elbrecht & Steinke, 2018; 
Stat et al., 2017; Zizka et al., 2019). However, it may potentially intro-
duce substantial biases into inferred biodiversity due to tag- specific 
mismatches with the PCR template and subsequent variation in 
primer- binding efficiency between taxonomic groups (O’Donnell 
et al., 2016). The biases of fusion primers reported, however, refer to 

variation in sequence abundance across replicates and not in the de-
tection of taxa, which is comparable between methods (O’Donnell 
et al., 2016; Zizka et al., 2019). Interestingly, we found a higher rich-
ness of OTUs for the COI gene when using the fusion approach over 
the two- step approach, which contrasts with what one would ex-
pect if PCR inefficiencies resulted from longer primers. Regardless, 
the two library building methods produced similar community pro-
files. However, the fact that no effect of the average Phred scores 
on data dispersal was observed for both markers in the fusion library 
(Figures S3 and S4) suggests that stochastic biases not directly re-
lated to the quality of sequences may be in play when applying the 
one- step PCR approach. It is also presumed that the dual indexing 
protocol is less susceptible to inhibitors, resulting in improved am-
plification of complex samples, compared to the one- step fusion ap-
proach (Zizka et al., 2019). While we did not expect varying levels of 
inhibiting substances between two markers (they were run on the 
same set of biofouling samples), longer (~410 bp) 18S rRNA ampli-
cons might have been more prone to inhibition (McCord et al., 2014; 
Opel et al., 2010). This probably explains the overall lower number of 
sequences yielded for 18S rRNA with a higher number of sequences 
in the dual index library, as well as the best data consistency im-
provement following removal of 23 samples with extremely low 
sequence numbers (<1,000). The differential inhibition effect might 
also explain the outliers in the corrected 18S rRNA fusion data set. 
These outliers came from samples where PCR was undertaken with 
addition of BSA, a protein known to relieve amplification inhibition 
(Kreader, 1996). This observation suggests that the effect of BSA on 
metabarcoding results and especially obtaining true diversity needs 
further exploration, preferably in dedicated controlled experiments.

In contrast, the overall number of COI sequences was consis-
tently higher than 18S rRNA sequences under both dual index (~1.5 
times higher on average) and, particularly, fusion (~25 times higher 
on average) approaches. Because the 18S rRNA and COI gene 
fragments were pooled and sequenced simultaneously, the most 
parsimonious explanation is that the shorter gene (~310 bp) COI am-
plicons were subjected to preferential selection on the Illumina flow 
cell (Engelbrektson et al., 2010). Future studies will be required to 
test this hypothesis further, as well as the potential implications of 
gene multiplexing on the derived biodiversity information.

Nevertheless, a clear advantage of the one- step fusion library 
approach (besides its cost/time- efficiency) is that it is less prone to 
cross- contamination (Zizka et al., 2019). This was observed in our 
study results, where substantial laboratory contamination was de-
tected in the dual- index library samples, with a significant effect 
on data clustering. This was especially evident in the COI data set, 
where the best classification results were achieved following cor-
rections for contamination effects. The lowest classification success 
was observed in the NZ COI data set, and was also probably due to 
the dominance of contaminating OTUs in the NZ sample from labo-
ratory F (76% of all sequences were removed from their data set at 
the post hoc correction step).

In this study we considered the two sequence library prepara-
tion methods most employed by participating laboratories. Another 
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common workflow not considered here is the “tagged PCR” approach, 
which includes PCR amplifications with relatively short metabar-
coding primers carrying 5′ nucleotide tags and subsequent ligation 
of adaptors (Binladen et al., 2007; Carøe & Bohmann, 2020). This 
method has been recently proposed as an effective alternative for 
metabarcoding library preparation, especially when tag- jump- free 
protocols are implemented to prevent false sequence assignment to 
samples and mitigate chimera formation (Carøe & Bohmann, 2020). 
Additional comparative analysis is required to investigate the robust-
ness of this approach in the context of laboratory- induced variations.

4.2  |  Effect of sample handling and processing 
factors on variability in metabarcoding data

Analysis of the relative importance of considered random effects in 
introducing variability into the metabarcoding results showed that 
both 18S rRNA and COI data sets were most affected by the type 
of preservation buffer, type of DNA polymerase and the addition of 
PCR enhancers. Previous studies have shown that the choice of sam-
ple preservation method can have a substantial effect on the integ-
rity of eDNA and may alter HTS- derived community structure to a 
greater or lesser degree (Gray et al., 2013; Lee et al., 2019; Tatangelo 
et al., 2014). Therefore, although not always practical, immediate 
processing or cold storage (ideally at −20℃ or lower) remains the 
gold standard for retaining the highest quality of genetic material in 
samples and reducing risks of preservation- related biases in biodi-
versity assessment (Lee et al., 2019; Renshaw et al., 2015). However, 
on- site freezing is not always possible, and the use of DNA/RNA 
isolation buffers remains a popular alternative for samples collected 
in remote locations or when samples are to be shipped internation-
ally. In the present study, we chose two commonly used commercial 
solutions, the RNAlater and LifeGuard isolation buffers, for stabiliz-
ing the biofouling samples. The main criteria for this choice were 
(i) compatibility with the DNA extraction protocol, (ii) the effec-
tive DNA stabilization capacity over a range of temperatures and 
(iii) no restrictive chemicals in relation to shipping. As a number of 
studies have previously shown no substantial differences in DNA 
preservation efficacy between the two buffers (Gomez- Silvan et al., 
2018) and they are referred to as equivalent in standardized genetic 
and genomic protocols (Duran & Cravo- Laureau, 2017; Hampton- 
Marcell et al., 2017), we allowed sample providers to select either. 
The somewhat higher variance in metabarcoding data from the 
LifeGuard samples was largely determined by the presence of a few 
outliers. Taking into account the complexity of the sampled matrices 
(von Ammon et al., 2018), the observed effect of preservation solu-
tion could be related to sample- specific biases driven by the pres-
ence and concentration of inhibiting substances, or the prevalence 
of hard- shelled organisms reducing homogenization of the material. 
Therefore, we cannot confidently infer differential performance of 
the two buffers for sample preservation based on the current re-
sults. These results highlight the need to ensure that variables such 
as preservation buffer type, temperature and storage time should be 

recorded and reported in the metabarcoding protocols and consid-
ered when analysing data from multiple sample sets, from different 
laboratories or collected over different timeframes.

DNA polymerases with proofreading activity (e.g., MyFi DNA 
Polymerase) may enhance the formation of chimeric sequences com-
pared to Taq DNA polymerases (e.g., AmpliTaq Gold DNA Polymerase) 
due to the earlier occurrence of PCR saturation (Ahn et al., 2012; 
Judo et al., 1998). Among the six distinct DNA polymerases used in 
the present study, MyFi was the only proofreading polymerase and 
it was used by five of the participating laboratories (C, G, H, K and L). 
We did not find any clear evidence showing that the observed vari-
ability related to “polymerase effect" was specifically linked to the 
use of a proofreading polymerase. Therefore, a more parsimonious 
explanation is that the random effect was driven by somewhat differ-
ential performance of the five Taq DNA polymerases used.

The PCR enhancer BSA was added by four laboratories (A, E, H 
and I) and appeared to have an impact on the derived metabarcoding 
outputs. As noted above, this is possibly due to its ability to bind to in-
hibitory substances during PCRs, preventing inhibitory interactions 
with DNA polymerase (Woide et al., 2010). Biofilms and biofouling 
material contain many known PCR inhibitors, such as glycogen, poly-
saccharides and slat (Schrader et al., 2012). Therefore, a certain level 
of inhibition was reasonably expected in our samples. The results 
from the analyses suggest that the addition of BSA might have sub-
stantial effect on both the variance and composition of the detected 
communities (as evidenced by the outliers from corrected data sets 
of laboratories H and I). Because this study was not designed to fully 
investigate the impact of BSA and only a few laboratories included 
enhancers, further in- depth studies are required to understand bet-
ter the patterns of BSA effects on derived biodiversity.

The 18S rRNA data also showed sensitivity to multiple freeze– 
thaw cycles of the samples. The available (mostly anecdotal) evi-
dence of the effect of multiple defrosting on DNA integrity suggests 
that even one freeze– thaw cycle can reduce eDNA signal (Bowers 
et al., 2021). However, it is rarely the case that metabarcoding li-
brary construction is achieved without repetition of the PCR step 
(and thus multiple freeze– thawing of DNA material) for at least some 
samples (e.g., troubleshooting and adjusting amplification conditions 
for problematic samples). This parameter is difficult to control for, 
and it is rarely (if at all) reported in metabarcoding protocols. It would 
be practical, however, to keep track of and report freeze– thaw cy-
cles of DNA samples, reduce their number where possible and, most 
importantly, divide DNA into multiple aliquots upon extraction.

The dispersion of the COI data from different laboratories was 
also affected by the amount of template DNA used in PCR (unlike 
18S rRNA data). Low quantities of template DNA and stochasticity 
in early PCR cycles is known to affect the reproducibility of metabar-
coding results (Alberdi et al., 2018; Leray & Knowlton, 2017). This 
effect is particularly inherent for primers with reduced specificity 
(e.g., COI primers comprising a few degenerate bases to allow bet-
ter matching of the mutationally saturated target regions) applied 
to highly diverse environmental samples (e.g., marine biofouling), 
and can be reduced by performing multiple PCR technical replicates 
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(Collins et al., 2019; Ficetola et al., 2015). Technical replication was 
advised in our suggested sample processing protocols, but it was 
only followed by five laboratories: A and C (dual- index group), and 
G, H and L (fusion group). There is still a lack of agreement in the 
literature regarding whether technical replication is necessary for 
improved capture of “true” biodiversity (Marotz et al., 2019), es-
pecially considering the associated substantial increase in time and 
cost effort. Technical replication might be advised for studies where 
true (environmental) replication is restricted for some reasons, to 
mitigate the effect of within- sample variability.

4.3  |  Effect of post hoc data correction on the 
observed variability in community composition

The data sets we dealt with in our analyses were somewhat atypical. 
We purposefully included all investigated sample sets, including those 
that amplified poorly, had low numbers of sequence reads and controls 
with some contamination, which would have usually been excluded in 
a conventional biological study. These “problematic” samples would 

probably have been dropped either at the library preparation or bioin-
formatic analysis step if standard quality control procedures were ap-
plied. In our study we aimed to evaluate the widest possible range of 
issues encountered during metabarcoding analysis and test the effect 
of different sources of variation (including extreme ones) on the final 
community data. The post hoc corrections applied to the data sets 
represent the usual quality checkpoints during sample processing and 
initial data screening. For example, contaminated samples or those 
with low sequence yield would usually be removed, as well as samples 
with extremely low sequence numbers or OTU diversity. These simple 
corrections help to remove the noise from the data set introduced by 
the rare tail (i.e., singletons and doubletons, which in most cases are 
amplification, sequencing or contamination artefacts), while conserv-
ing and emphasizing the core patterns in the communities.

5  |  CONCLUSIONS

The results of this study suggest that, overall, community metabar-
coding is relatively robust to the random effects of laboratory- based 

BOX 1 Considerations for improved standardization, and minimizing the effects of laboratory- based variation in 
metabarcoding community analyses.

Primer choice
18S rRNA: better detection of large- scale patterns, less sensitive to contamination
COI: better species resolution, higher sequence yield, less sensitive to freeze– thaw cycles
Library type
Dual index: higher sequence yield for the 18S rRNA gene, less susceptible to inhibitors
Fusion: higher sequence yield for the COI gene, less prone to contamination
Sample handling and processing factors substantially affecting metabarcoding data variability
• Preservation buffer
• Type of DNA polymerase
• PCR enhancers
General recommendations
• Immediate processing or cold storage (ideally at −20℃ or lower), whenever practical
• Preservation buffer type, temperature and storage time should be recorded and reported in the metabarcoding protocols and 

considered as covariates, whenever relevant
• Keep track of and report freeze– thaw cycles of DNA samples (avoid if possible)
• Divide DNA into multiple aliquots upon extraction
• Caution around using BSA and other PCR inhibitors, as these might affect the variance and composition of investigated communities
• Technical replication at the PCR step is recommended to mitigate the effects of within- sample variability
• Consider appropriate data correction and denoising for reducing effects from sequencing or contamination artefacts and better 

discerning core biological patterns
• Keep track and report all data corrections
Further considerations
• The effect of slightly different workflows may be more significant when discriminating assemblages with moderate overlap but 

some turnover (β diversity) in species assemblages. Therefore, the bias rate imposed by methodological variation deserves further 
investigation at fine- scale levels for species diversity estimates.

• Due to large variation of sample types, primers, target taxa, differential laboratory access to reagents and many other factors, 
it is impractical to completely standardize PCR protocols across all metabarcoding studies. However, the maximum possible 
standardization is required in studies aimed at comparative biodiversity analyses.

• It is critical to clearly articulate methods in publications to enable a better understanding of the underlining causes of biological 
deviations or lack of reproducibility between studies.

• It is impossible to control the effects of all possible laboratory parameters in one study, and therefore further comparative and 
cross- calibrations studies, at both large and small spatial scales, should be of great assistance for further identifying the key factors 
introducing biological variation and for improving standardization of metabarcoding protocols.
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variation within established sample processing protocols and 
largely confirm our initial hypotheses. (i) Metabarcoding results 
from all laboratories provided consistent patterns of discrimination 
among four community samples for both DNA markers (COI and 
18S rRNA), despite considerable variation. (ii) The two different 
HTS library protocols (dual index primers vs. fusion primers) did not 
significantly affect the community comparisons, even though they 
appeared to have some differential effects on the numbers and 
quality of sequence reads from the two markers. (iii) We identified 
several factors that introduced the greatest variability (preserva-
tion buffer, sample defrosting, template concentration, DNA poly-
merase, PCR enhancer [BSA]). (iv) We confirmed that standard post 
hoc data filtering steps (e.g., excluding samples with low sequence 
numbers or eliminating contaminating sequences) were very ef-
fective at removing noise in the metabarcoding data introduced by 
laboratory variation. The main findings and further considerations 
resulting from our study are summarized in the provisional guide-
lines shown below (Box 1).
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