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Guidance and best practices for species identification using eDNA
metabarcoding - When do you call a cod acod?

Abstract

With the rapid uptake of environmental DNA (eDNA) metabarcoding for a wide range of
conservation and management uses, there is a growing need for guidance and best
practices for species identification. A range of methodological and interpretive
decisions influences taxa assignment. Here we provide a review and perspective of
pitfalls and issues that can impact accurate taxonomic assignment across the full eDNA
metabarcoding workflow; primer selection, lab handling, bioinformatics, taxonomic
assignment, and communication of results. This paper addresses the complexities and
challenges of the metabarcoding-based species identification process, offering
recommendations for robust workflows and effective communication of findings.
Accurate interpretation and communication of eDNA metabarcoding results requires an
acknowledgment of methodological limitations such as incomplete reference databases,
contamination risks, ambiguous sequences, and detection biases. Thus, we argue that
transparency of methods and limitations alongside proactive alignment of decisions with
project objectives are critical for the successful application of eDNA metabarcoding to
conservation and management decisions. We provide guidance for developing
protocols that support species identification from eDNA metabarcoding sequences, and
give recommendations on communication strategies for stakeholders and end users. To
support these recommendations, we outline steps in the workflow that can impact
species identification, with a discussion of the strengths and weaknesses at each stage.
Ultimately, this guidance can improve the accuracy, reliability, and usability of eDNA
species identification while fostering trust and understanding among diverse end users.
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Introduction

The use of environmental DNA (eDNA) for species identification has increased rapidly
in recent years. eDNA can provide a non-invasive and sensitive method for detecting
species presence, even for rare or elusive organisms (e.g. Takahashi et al. 2023;
Bernatchez et al. 2024) Researchers and managers are increasingly adopting eDNA
metabarcoding methods to survey biodiversity, monitor invasive species, assess
ecosystem health, and inform conservation efforts. Advances in sequencing technology,
bioinformatics tools, and reference databases have further facilitated the wider
application of eDNA, making it a valuable tool across a range of ecological studies and
management applications.
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However, accurate sequence-based species identification is complicated by multiple
factors, including incomplete reference databases, the inability of some primers to
distinguish closely related species based on the target region, differing results based on
guality control, dereplication, annotation workflows, and sensitivity to parameter choices
such as confidence thresholds (Hleap et al. 2021; Keck et al. 2023). Decisions made at
each step will change the level of specificity and sensitivity of the analysis. Careful
documentation and reporting of all steps provides transparency and allows users to
identify key decision points within the process. These decisions, and implications for
use of the data, must be communicated carefully to stakeholders who may be less
familiar with eDNA methods.

This paper addresses the complexities and challenges of the metabarcoding-based
species identification process, offering recommendations for robust workflows and
effective communication of findings. We provide guidance for developing protocols that
support species identification from eDNA metabarcoding sequences, and give
recommendations on communication strategies for stakeholders and end users. To
support these recommendations, we outline steps in the workflow that can impact
species identification, with a discussion of the strengths and weaknesses in each stage.

An eDNA metabarcoding workflow begins with project objectives, sample plan design
and sample collection, and then moves into extraction, polymerase chain reaction
(PCR), bioinformatics, and development of data products. This paper focuses on the
post-extraction processes, beginning with primer selection, PCR, and sequencing, then
bioinformatics and taxonomic assignment. Finally, we discuss dissemination of results
and communication with stakeholders, including the difference between taxonomic
assignment and species identification (Figure 1).


https://www.google.com/search?client=firefox-b-1-d&sca_esv=219388647f983b16&q=polymerase+chain+reaction&sa=X&ved=2ahUKEwifhvfFr_6PAxWQNlkFHfJkEcwQxccNegQIJxAB&mstk=AUtExfD8RVj66yuArMJH9jn6lMkFxGylViljcasmP6Nz2u1A-d-BdOitKgTl-0prGAKfmOYT2mvzTVWB2CuZ6FG5xCStb4uhZ70UlWgm8HfM7XD-mtGv4Bwi9tJ2dNmjA65Z31c6l7TKX1apsPzMZWUJ14KwKG4BIq5iuTqU0tcw-I1FSZ5TSiTsoLtOHRyLOzILmrGA&csui=3
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Figure 1. All steps in the metabarcoding workflow potentially affect taxonomic
assignment and species identification. In this paper we focus on the post-extraction
processes.

Primer selection

Primer choice is the first and most fundamental factor influencing species identification
in metabarcoding. Primer selection should be considered early in the project planning
process, but at any point, extracted samples may be re-analyzed using a different
primer set(s) to meet new or revised project goals. Primers are synthetic
oligonucleotides that bind to either end of a target DNA sequence to enable its PCR
amplification. Metabarcoding primers are typically used to amplify sequences that are
variable among species to maximize species discrimination (Fontes et al. 2024); but
conserved at both ends to maximize primer binding and subsequent amplification
across many species. The conflicting nature of these two aims, plus other
considerations such as reference sequence availability (Ahmed et al. 2019), non-target
sequence amplification (Collins et al. 2019), and amplicon length, makes primer choice
a complex decision that involves multiple trade-offs. In many cases, a literature search
of similar studies in the study area targeting the same species can help identify an
appropriate primer set(s).

When selecting primers, we recommend systematically assessing the strengths and
weaknesses of candidate primer sets. First, the target species list should be co-
developed with the end-user to ensure realistic and clear expectations up front.
Candidate primers can then be found in the literature (Zhang et al. 2020) or through
communication with other researchers. There are multiple primers developed for
specific taxonomic groups that are widely used (e.g., (Miya et al. 2015; Leray et al.



— ARPHA Preprints Author-formatted, not peer-reviewed document posted on 24/10/2025 DOI: https://doi.org/10.3897/arphapreprints.e175915

2013; Parada et al. 2016; Amaral-Zettler et al. 2009); in many cases, this review will
identify appropriate primer set(s). However, small differences in target species may
dictate specific primer choices; for example, Gadus (cod) species are difficult to
distinguish using the common 12S MiFish (Miya et al. 2015) primer, but can be
effectively resolved using the Gadid_ND1 primer (Ledger et al. 2024). Primer sets are
also designed with varying levels of specificity from species-focused (e.g., Sebastes
rockfish) to broad categories (e.g., bacteria). Primers with greater taxonomic breadth
generally have less species-level specificity, highlighting a key trade-off in primer
selection.

Additional validation can be done through a candidate primer assessment approach, of
which there are two general options: in vitro and in silico testing. In vitro testing, which is
metabarcoding of specimen tissue voucher-derived DNA extracts, is the most
straightforward and accurate way to evaluate primers, but can be costly and challenging
to implement if target species tissue or DNA is not readily available. In silico primer
testing is more cost effective and less logistically challenging, making it the more
popular choice. In silico primer testing involves gathering reference sequences for target
species (from a curated library like BOLD or a public library like GenBank) and then
evaluating primer chemistry and sequence alignments computationally. Published tools
such as GAPeDNA (Marques et al. 2021), and MultiBarcodeTools (Zhu and Iwasaki
2023) can be used for development of in silico validation of metabarcoding primers.
Important metrics to consider during in silico evaluation include:

e Reference sequence availability: How many target species have an available
reference sequence for this locus? This will set the limits of your evaluation.

e Amplification likelihood: Amplification likelihood of a target sequence by a
given primer set can be estimated based on the number, location, and type of
base-pair mismatches for given PCR conditions like primer concentration,
annealing temperatures, and primer properties such as primer length or GC
content. Exact matches between target and primer sequences indicate a high
likelihood of amplification. Lower amplification likelihood will result in either
reduced amplification rates (termed primer bias) or failure to amplify.

e Amplicon discriminatory power: To distinguish different species, the amplicon
sequence must vary sufficiently. Creating a sequence dissimilarity matrix,
multiple sequence alignment, or cluster-based sequence comparisons between
all species’ amplicon sequences can help assess this criterion.

e Amplicon length: While shorter amplicons are preferred for eDNA studies,
especially if samples are expected to have degraded DNA, longer amplicons may
improve amplicon discriminatory power (Buetas et al. 2024). The reliability and
availability of sequencing technologies also influence this decision, with a need to
align amplicon length with sequencing technology capabilities. Recent advances
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in long-read sequencing technologies have opened the door to longer targets
that were previously accessible (Zhang et al. 2020), providing an avenue for
enhanced taxonomic assignment from eDNA metabarcoding approaches.

e Non-target amplification: Some primers are more/less efficient at amplifying
both target and non-target species, regardless of ability to resolve taxonomy. In
some cases, amplification of non-target organisms may outcompete and
overwhelm signals from the intended targets. Non-target amplification can be
mitigated in the lab if target and non-target sequences are of significantly
different lengths.

e Two or more primer sets: A multi-marker approach, including nested PCR,
provides more robust data to support taxonomic identification, but the amount of
lab, sequencing, and analysis effort required scales quickly (Lyet et al. 2021;
Mahon et al. 2023; Ferreira et al. 2024).

Primer selection will be most effective when integrating information from literature
reviews, regional expertise, and both in vivo and in silico validation. Once the primers
have been selected and eDNA samples collected, samples are transported to, and
processed in, a designated lab. In some cases, analysis will be conducted by the same
team that conducted field work, while in others, samples may be sent to a commercial
or collaborating lab (Vasselon et al. 2025). The recommendations below apply to either
in-house or outsourced sample processing.

PCR and Sequencing

Samples must be handled with strict contamination control in the lab to ensure accurate
species identification (Goldberg et al. 2016). This includes using sterile equipment,
processing samples in dedicated clean areas, and including negative controls to detect
potential contamination. Improper handling may result in cross-contamination between
samples, contamination from external sources, or degraded DNA from poor storage.
Failure to adhere to these best practices can lead to false positive detections due to
cross-contamination or false negative results from degraded DNA. These errors can
ultimately result in inaccurate species lists and misleading ecological interpretations
(Darling et al. 2021).

Lab Contamination from Other Tissues/Controls

DNA contamination from non-target tissues or controls can result in false positives or
skewed species abundance. Dedicated lab areas with unidirectional air flows, rigorous
decontamination (UV, 10% bleach, DNAZap, etc.), the inclusion of negative controls
(extraction and PCR blanks) in every batch, and utilization of closed versus open
filtration (Patin and Goodwin 2023) reduces chances for contamination. Any high-
template positive DNA control stored or present in the lab area should either be from
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taxa with no plausible ecological overlap (Stoeckle et al. 2022), or include a synthetic
insert sequence (Sepulveda et al. 2020).

Degradation During Handling

Prolonged storage, repeated freeze/thaw cycles, or improper handling can degrade
DNA, particularly impacting the detection of rare species. Maintaining samples at -20°C
for short term, or —80°C for long term storage, minimizing freeze/thaw cycles (create
aliquots before first freeze - e.g., archive, stock, working stock), and regularly assessing
DNA quality (have an a priori decision on when to throw out stocks, especially if stock is
for quantification, such as a gPCR standard) can enhance DNA storage and quality
assurance.

PCR Protocol Variability

Even with a standardized primer set, differences in DNA extraction methods and PCR
conditions can bias species amplification. For PCR, thermal cycling conditions, choice
of polymerase, inclusion of albumin serum, and buffer conditions can increase/decrease
primer specificity (e.g., high-fidelity polymerase, single annealing temperature vs.
touchdown PCR) (Clarke et al. 2017; Gohl et al. 2016; Baidouri et al. 2025). Detection
of large-scale trends and patterns may be less sensitive to specific PCR conditions, but
identification of rare amplicon sequence variants (ASVs) or species is more sensitive to
methodological differences. Protocols should be standardized and validated with
replicates and internal standards, and detailed sufficiently to allow reproducibility.

Sequencing

Sequencing protocols and method details will be driven by sequencing platforms.
Several different sequencing platforms can be used for metabarcoding, each with trade-
offs. lllumina instruments (like MiSeq, NextSeq, or NovaSeq) are used in many labs and
support relatively low cost high-throughput short-read sequencing, though they are
limited to shorter amplicons (<500 bp). Other platforms, including Oxford Nanopore
devices (e.g., MinlON), PacBio, and lon Torrent, can produce longer reads, although
the sample throughput rate is lower, and the bioinformatics may be more challenging
due to higher error rates and variable read lengths. Sequencing depth guides the
number of reads returned per sample; deeper sequencing (more reads) may be helpful
in detecting rare taxa (Singer et al. 2019), where only a few copies of DNA are present
in the sample, but the cost of processing generally increases as high read counts are
requested. Aligning sequencing choices with primer selection and project objectives is
critical to ensure that the generated data meet overall research goals.

Importantly, we note that amplicon libraries are inherently low in diversity which can
cause issues on sequencing on platforms such as Illumina MiSeq as high
concentrations of the same base on the flow cell can mask less abundant bases during
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base calling and clustering steps, resulting in inaccurate base calls for samples, this
issue is compounded when using target regions that only amplify relatively low diversity
groups (e.g., MiFish, Gadid_ND21 primer). The addition of PhiX (lllumina; 2025) during
sequencing alleviates this issue by introducing highly diverse sequences into the run,
increasing base calling accuracy and overall run performance. Genomic libraries can
also be included in an amplicon sequencing run to contribute sequence diversity and
reduce the amount of sequencing effort lost to PhiX control reads. With all ‘low
diversity’ amplicon libraries, a spike of 10-20% PhiX is commonly recommended
(Bourlat et al. 2016), although concentration differs across instruments, with NovaSeq
and NextSeq instruments often requiring 30-40% (Illumina, 2025).

Bioinformatics

Bioinformatics provides the computational framework necessary to process, analyze,
and interpret the large amounts of DNA sequence data generated by eDNA studies.
Through a combination of sequence quality control, error detection, taxonomic
assignment, and statistical analysis, bioinformatic methods enable researchers to
transform raw sequence reads into reliable information on species presence, community
structure, and ecological patterns. Robust bioinformatic pipelines are essential to
ensure accuracy and reproducibility of eDNA-based biodiversity assessments and
facilitate comparisons across studies and ecosystems. Decisions are made throughout
a pipeline that impact results in multiple ways. We do not provide recommendations for
specific software or pipelines but rather offer guidance on those aspects of the methods
that are particularly important for species identification. We note that in some cases, a
taxonomy-free approach may better serve project goals (e.g., if measuring overall
biodiversity), and in these projects, taxonomic assignment guidelines are less relevant.
But in cases where a primary goal requires identifying a specific species or community,
the bioinformatics pipeline is a crucial part of the process. We generalize bioinformatic
workflows into two main steps: 1) quality control and dereplication, and 2) taxonomic
assignments.

Sequence Quality Control & Dereplication

Quiality control of sequence reads is a key step in any bioinformatic pipeline to remove
errors that are generated by laboratory and sequencing processes. These errors can
lead to incorrect species identification and inaccurate assessments of biodiversity.
Errors are first addressed by filtering and trimming low-quality or off-target reads from
raw reads using sequence quality score thresholds (Figure 2A). Quality filters apply
models to base-call quality scores to estimate the likelihood of sequencing errors.
Threshold selection should be informed by previous experiments and sequencing run
quality. Additional trimming of sequences is often conducted when removing primers,
indices, and adapters, either using fixed-length or targeted sequence alignment-based
approaches. Incomplete removal of indices, sequencing adaptors, or primers can alter


https://www.illumina.com/products/by-type/sequencing-kits/cluster-gen-sequencing-reagents/phix-control-v3.html#tabs-a1116626cb-item-721ca6e3bb-overview
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the resulting sequences, often due to the inclusion of degenerate bases. Thus, filtering
and trimming choices can influence which sequences are retained for dereplication and
taxonomic assignments, and which species are identified.

Quiality-controlled reads are then dereplicated to identify putative unique sequences or
sequence clusters and reduce the computational load of redundant taxonomic
comparisons. There are two main strategies for dereplicating amplicon sequence reads:
cluster-based algorithms and denoising algorithms (Figure 2B). Cluster-based
algorithms rely on sequence similarity to generate Operational Taxonomic Units
(OTUs), whereas denoising approaches use read frequency and sequence
composition-based inference of likely sequencing errors to generate amplicon sequence
variants (ASVs) (Quince et al. 2011). Choice of percent similarity thresholds in
clustering algorithms greatly affects the resulting OTU composition and thus taxonomic
assignments (Robert C Edgar 2018). Likewise, algorithmic choices in denoising
pipelines can influence the downstream ASVs retained. For example, DADA2 models
the relationship between sequence error rates and quality score for each individual
sequencing run, whereas Deblur uses a consistent set of error rates derived from
experiments (Amir et al. 2017). Lastly, additional quality control steps in the
dereplication process can be applied to remove sequencing errors (e.g. chimeric
sequences). If sequencing errors pass the denoising step, they may be counted as a
unique, low-frequency ASVs, and pervasive artifact ASVs can reduce the relative
estimated abundance of taxa (Irber et al. 2024).

Together, algorithm and parameter choices in the quality control and dereplication steps
affect which sequences are retained in the dataset, ultimately influencing which species
are or are not detected from eDNA metabarcoding.
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Figure 2: Quality control and dereplication influence underlying reference query
sequences and thus have downstream implications on taxonomic assignments.
Trimming approaches are either based on quality scores or fixed length, which can
influence the length and accuracy of retained sequences (2A). Dereplication
approaches also impact which sequences are retained from metabarcoding. There are
two main dereplication strategies (2B), clustering by percent sequence identity (e.g.,
Operational Taxonomic Unit) or by exact or amplicon sequence variants (ESV/ASV).
Denoising algorithms are used to indicate likely sequencing errors. The underlying
algorithm and parameter selection can influence which sequences are retained.

Dealing with ASVs: Signal or Noise?
The increasing use of ASVs instead of OTUs in eDNA metabarcoding has improved

taxonomic resolution and reproducibility, but has also introduced new considerations for
bioinformatic filtering and interpretation (Callahan et al. 2017; Chiarello et al. 2022).
Unlike OTUs, ASVs retain exact nucleotide sequences, making it crucial to carefully
separate true biological variants from sequencing artifacts. Rare ASVs, in particular,
present challenges as they can represent genuine rare species or populations, PCR
errors, sequencing errors, contamination, or technical artifacts like PCR chimeras or
index-hopping (Alberdi et al. 2018; 2018; Stoeckle et al. 2024). Decisions regarding
retention or exclusion of rare ASVs should thus balance sensitivity to real biological
diversity against the specificity needed to prevent false-positive detections. Common
strategies include applying abundance or prevalence thresholds (e.g., retaining ASVs



— ARPHA Preprints Author-formatted, not peer-reviewed document posted on 24/10/2025 DOI: https://doi.org/10.3897/arphapreprints.e175915

above a relative abundance of 0.1%), requiring replicate confirmation, or employing
occupancy modeling to evaluate detection consistency across technical replicates (Kelly
et al. 2019; Gold et al. 2021). Incorporating post-denoising curation tools, such as the
LULU algorithm, can further improve data quality by merging spurious sequences based
on similarity and co-occurrence patterns without excessively removing rare, potentially
informative taxa (Frgslev et al. 2017). Transparent documentation of these filtering
criteria and rationales is essential to ensure reproducibility, facilitate cross-study
comparisons, and clearly communicate the reliability of rare ASV detections.

Taxonomic Assignment

Accurate metabarcoding results rely on the detection of biologically valid sequences
and the correct taxonomic assignment of those sequences. There are several methods
of assigning taxonomy to amplicon sequences, with the two most common categories
being alignment-based and k-mer based methods (Hleap et al. 2021). Alignment-based
methods, such as BLAST (Boratyn et al. 2013) and vsearch (Rognes et al. 2016),
compare sequences base-pair-by-base-pair to determine observed sequence similarity
to reference sequences. Alignment “quality” or score is based on both coverage of the
guery sequence against the reference sequence as well as the number of matching
base pairs within the covered regions (Figure 3A). Thresholds can then be applied to
both of those parameters to establish cutoffs for accepted alignments. Such thresholds
can be adjusted for different taxonomic ranks (e.g. species, genus, family) and should
be based on the marker gene composition, marker gene inter- and intra-specific
variability, marker gene length, and target taxonomic group. For example, a common
threshold for species-level assignment of the 12S rRNA gene (MiFish region) to species
level is 97-98% (e.g., Polanco F. et al. 2021; Sales et al. 2021). However, even within
one marker gene and one target organism group, the identity threshold can vary widely
among clades (Bokulich et al. 2018; Edgar 2018; Curd et al. 2019; Gold et al. 2021,
Polanco F. et al. 2021). If a sequence does not align to any reference sequence at or
above the specified threshold level, indicating the observed query sequence is not
represented in the reference database, a lower threshold (e.g., 95%) for generic level
assignment can be used for assignment to a higher taxonomic level, such as genus or
family (NOAA PMEL et al. 2023), although the appropriate threshold varies by marker,
taxon, and project goal.

A second or complementary strategy to alignment-based taxonomic assignment is
phylogenetic-based assignment. Here reference sequences are first aligned in a
multiple sequence alignment and then used to construct large marker gene-specific
phylogenetic trees (Figure 3B). ASVs are then assigned based on their closest tree-
based reference. Examples of phylogenetic-based classifiers include tronko (Pipes and
Nielsen 2024a), EPA-NG (Barbera et al. 2019), and pplacer (Matsen et al. 2010).

10.
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Phylogenetic approaches have been shown to be particularly helpful for placing
sequences that lack exact matches in reference sequence databases, as they provide
confidence scores for every node of the tree. In general, more conserved genes with
reliable rates of mutation over evolutionary time will produce more accurate
phylogenetic placements, as will markers with lower rates of divergence and longer
sequences (Dunthorn et al. 2015). In addition, the methods used to build multiple
sequence alignments and conduct phylogenetic placement will influence taxonomic
assignments.

A major challenge of implementing phylogenetic-based approaches is the computational
effort required to develop robust alignments of reference databases, particularly for
marker genes like COI and 16S v4, which contain hundreds of millions of sequences in
publicly available databases. However, recent advancements have leveraged advances
in fast approximate likelihood approaches to assemble such trees (Pipes and Nielsen
2024b), opening the door to more widespread adoption. Lastly, k-mer based methods
compare the similarity of small strings of nucleotides with length k (“k-mers”) to
determine sequence identity. They include naive Bayes algorithms like the Ribosomal
Database Project (RDP) classifier (Wang et al. 2007) and the scikit-learn naive Bayes
machine-learning classifier used in QIIME2 (Bokulich et al. 2018), as well as other
programs like Kraken2 (Wood and Salzberg 2014; Lu and Salzberg 2020) and
sourmash (Irber et al. 2024). These alignment-free approaches to taxonomy assignment
have been shown to be much more computationally efficient and often, but not always,
more accurate than alignment methods (Bokulich et al. 2018; Hleap et al. 2021; Van
Etten et al. 2023). K-mer based methods are sensitive to the composition of the
reference database used and can be biased to species with more reference sequences
(Robeson et al. 2021). The accuracy of a naive Bayes classifier can be improved by
including prior knowledge of species distributions and/or abundances. As such, if there
are multiple hits to known taxa, the classification will be weighted toward the presumed
more ecologically valid species (Kaehler et al. 2019; Gold et al. 2021; Mugnai et al.
2023).

11.
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Figure 3: Three approaches to taxonomic assignment using reference sequences of
known taxa. A) Alignment-based methods, which perform pairwise alignments and
score the similarities based on nucleotide matches/mismatches and
insertions/deletions. The highest-scoring pairwise alignment provides the assigned
taxonomy. B) Phylogenetic based methods, which use multiple sequence alignments to
generate phylogenetic trees. Taxonomy is assigned based on the closest evolutionary

12.
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relationship to reference sequences. Final taxonomic assignments from these methods
can be made through consensus or lowest common ancestor approaches whose
choices affect taxonomic assignments. C) K-mer based methods compare sequence
composition using short strings of nucleotides of length k. In this example, all black k-
mers are present in the reference sequence, and query sequences with more black k-
mers in a query are therefore more similar to the reference. K-mer frequency profiles
can be linked to specific taxonomic groups by generating similarity matrices or building
machine learning classifiers from reference sequence databases, which are then used
to assign taxonomy to the highest scoring reference sequence.

The choice of parameter values for each algorithm can heavily influence the final
taxonomic assignments of each sequence. The choices for these parameters are
particularly critical for the sequences that do not uniquely align to the reference
database entries. For alignment and phylogenetic taxonomic assignment methods,
parameters such as marker gene length, query coverage, and percent identity are
critical (Figure 4), while for k-mer based classifiers k-mer size and confidence threshold
should be critically evaluated. The ‘consensus top hit method’ stage of alignment-based
methods selects a user-designated number of reference sequence hits over a user-
designated percent identity. In instances where the taxonomy conflicts among the top
hits, sequences are classified to the lowest taxonomic rank (a Lowest Common
Ancestor or LCA method) that is shared among the top hits. Setting thresholds too high
or too low can result in a high proportion of unclassified and incorrectly classified
sequences. Phylogenetic-based assignment with the LCA approach may have an
advantage in this regard, as it is not limited by the vagaries of taxonomic rank
delineations (e.g., lumping versus splitting rates across genera and families), enabling
the placement of query sequences among a set of references, often facilitating higher
resolution at sub-rank levels.
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Figure 4. Key taxonomic classification issues for reference databases. Issues include
A-C) resolution, the ability of known markers that can distinguish among target and
non-target taxa; D-E) comprehensiveness, the presence of diverse potential species
and congeners and all possible ASVs (amplicon sequence variants) within each taxon,
accounting for population genetic variation at markers, F-G) geographic relevance,
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whether the database includes species known to be found in your region or habitat, and
H-1) taxonomic curation whether the database includes accurate species labels
including up to date species nomenclature and trusted sequence annotations.

Reference databases

Reference databases contain sequences used for the identification of species. They
range from large but poorly annotated public repositories (e.g., GenBank, RefSeq,
ENA), to highly specialized ‘bespoke’ databases valid only for particular taxa at
particular locations (e.g., FishCARD, (Gold et al. 2021). Examples of current databases
are included in supplementary materials, Table S1. Here we define four general types of
reference databases: 1) comprehensive, uncurated public sequence repositories, 2)
expert-curated reference databases, 3) uncurated, marker-specific reference
databases, and 4) custom, curated reference databases. Comprehensive, uncurated
public sequence repositories such as NCBI GenBank, ENA, and DDBJ serve as
"parking lots" for user-submitted sequences, with the trustworthiness of sequences
dependent on the accuracy of the user submissions. Although these public sequence
repositories may contain errors (Leray et al. 2013; Schoch et al. 2020; Keck et al. 2023;
Chorlton 2024; Renner et al. 2024), they remain highly used and comprehensive due to
widespread international use by the research community.

To address quality concerns, researchers, institutions, and consortia have developed
expertly curated reference databases with staff and resources dedicated to regular
maintenance. These databases can have different communities of practice and levels of
curation, and frequently include taxonomic curation, restriction to voucher specimens,
and in silico sequence validation and removal of putative outliers. Many curated
databases focus on either full mitogenomes or locus-specific nuclear genomes (e.g.,
BOLD, SILVA, GreenGenes), or target specific taxonomic groups, such as diatoms
(Diat.barcode, rbcl) (https://doi.org/10.1038/s41598-019-51500-6), protists (PR2/18s),
fish (MitoFish/12s), fungi (UNITES), and prokaryotes (SILVA). While typically derived
from public repositories prior to curation, some accept direct submissions, potentially
creating sequences exclusive to that curated database (e.g., BOLD).

Increasingly, software tools are enabling researchers to develop marker specific
databases for diverse loci and target taxa in eDNA metabarcoding. These databases
are typically marker-specific and range from uncurated (CRABS, Metataxa) to partially
curated (RESCRIPt, rCRUX).

Each of the previously described types of databases can be further refined into custom,
curated reference databases that may be specific to a single gene and geographic
region of interest. For example, the FishCARD database includes only fish references
from MiFish 12S sequences from the California Current Large Marine Ecosystem,
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based on a comprehensive list of regional fish species developed through an extensive
literature review. Similarly, the Chesapeake Bay Barcode Initiative leverages high-
quality voucher specimens of regional invertebrate and fish species to add new marker
sequences as new primer sets are developed. As bespoke reference databases are
often generated for a specific project, they can sometimes lack dedicated support for
long-term maintenance and can rapidly become outdated due to taxonomy updates and
newly generated sequences.

We define taxonomic curation as the curation of the taxa and taxonomic hierarchy being
used by a particular reference database. Different reference databases utilize distinct
taxonomic backbones. For example, GenBank uses the NCBI taxonomic backbone,
PR2 employs its own 9-level hierarchy, SILVA utilizes the Genome Taxonomy Database
(GTDB), and UNITE relies on a sequence similarity-based taxonomy. The taxonomic
backbones of expert-curated databases such as UNITE, PR2, and SILVA are informed
by the expertise of their communities of practice, whereas NCBI Taxonomy is an
amalgamation of user input that often includes outdated and unaccepted taxonomic
names. We critically highlight that these taxonomic hierarchies are distinct, though often
overlapping, with taxonomic backbones used by global biodiversity platforms like Global
Biodiversity Information Facility (GBIF) and OBIS, which leverage the Aphia platform to
integrate taxonomic information across Global, Regional, and Thematic Species
databases. Efforts are underway to better unify taxa across the various taxonomic
hierarchies (e.g., Biodiversity Information Standards TDWG). However, researchers
today are challenged with navigating multiple existing taxonomic hierarchies. This
results in new challenges as eDNA metabarcoding efforts increasingly use multiple
marker loci simultaneously and thus may need to use multiple reference databases with
different taxonomic hierarchies on the same sample, making synthesis of such datasets
challenging.

Here, we highlight the need to acknowledge the advantages and disadvantages that a
specific reference database or taxonomic hierarchy being used may have. We
recognize that changing taxonomic backbones, along with increasingly expanded
reference databases, present a monumental challenge for eDNA metabarcoding
analysis and providing taxonomic assignments that follow Findable, Accessible,
Interoperable, and Reproducible (FAIR) principles, as such classifications are not static
and subject to change over time (Takahashi et al. 2025). Retaining and depositing
representative OTU or ASV sequences is critical for updating taxonomic classifications
as databases are updated.

Evaluating reference databases for trustworthiness is critical for enhancing the success
and confidence of eDNA-based taxonomic assignments. Existing tools like GapDNA
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can be used to conduct gap analyses to evaluate the comprehensiveness of a given
reference database. Likewise, tools like TAXXI and tax-credit can be used to evaluate
resolution for a given marker set (Robert C. Edgar 2018; Bokulich et al. 2018). To date,
there are few tools to conduct systematic taxonomic curation of reference databases,
with much of this work led by taxonomic experts that produce professionally curated
reference databases like PR2 for protists, SILVA for microbes, FITS for fungi, and
MitoFish for fishes. However, not all markers have dedicated research teams
conducting taxonomic curation efforts and thus, researchers may need to curate their
own reference databases appropriately.

In addition, the geographic relevance of reference sequences is often completed
manually and requires extensive knowledge of the existing taxa within a biogeographic
region. Determining geographic relevance of observed sequences and species is better
suited for well-studied areas with comprehensive species inventories (e.g., fishes of the
California Current Large Marine Ecosystem, (Gold et al. 2021); fish and invertebrates of
Chesapeake Bay; freshwater fishes in Switzerland, (Blackman et al. 2023)).
Researchers have also used global biodiversity observation databases to build more
comprehensive, bespoke reference databases (O’'Brien et al. 2024). The Ocean
Biodiversity Information System (OBIS) and GBIF are two examples of publicly available
species observation databases. However, similar to international sequencing
repositories, these biodiversity databases have their own issues that may affect the
trustworthiness of such biodiversity observations (Zizka et al. 2020). In addition, GBIF
and OBIS also rely on different taxonomic hierarchies than GenBank or PR2 and thus
require cross-walking of taxonomic references to accurately facilitate geographic
curation. To date, no systematic tools exist to facilitate rapid geographic curation of
species identifications from eDNA metabarcoding, highlighting the value of incorporating
ecological and biogeographic expertise from regional and taxon-specific professionals in
accurate interpretation of eDNA data.

It is also important to consider tradeoffs associated with using custom reference
databases and post-classification processing versus expertly curated reference
databases. Using the latter comes with a suite of advantages, as such databases often
have been taxonomically curated, evaluated for their resolution, and systematically
benchmarked. However, previous work has demonstrated the advantages of using
custom reference databases that have been curated for geographic relevance (Gold et
al. 2021; Pagenkopp Lohan et al. 2023; Mugnai et al. 2023) and have enhanced
comprehensiveness (Arranz et al. 2020; Jeunen et al. 2023; Curd et al. 2024).

Reference databases are often subsetted for various reasons like speeding up ASV
classification procedures or reducing the appearance of ASV misclassification. To
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reduce the reference databases' size, full-length sequences and online repositories can
be scanned with a particular primer pair to return only those taxa (and their amplicon
sequences) that could (theoretically) be detected (cite rCRUX, QIIME2). In addition, it is
important to dereplicate reference databases, especially for cluster-based classifiers, as
algorithms can be biased toward overrepresented taxa. Dereplication efforts can also
help identify marker resolution (e.g., which taxa have unique sequences). Example
reference databases and their appropriate backups are included in Supplemental
Information (Table S1).

Collectively, different methods of taxonomic assignment can impact the final output of
species generated from sequence data (Richardson et al. 2017; Hleap et al. 2021; Van
Etten et al. 2023), but the exact outcomes vary based on target organisms, marker
gene, project goals, and software parameters. For example, database coverage for
fishes may be very high for a specific study region, whereas for others (and many other
taxa; e.g., microbes, plankton) there will be an unknown large number of taxa missing
from the database and unresolved issues in taxonomic classification. We therefore
hesitate to recommend a single “best practice” or database for taxonomic assignment.
Instead, researchers should approach taxonomic assignments with caution and conduct
systematic evaluations and rigorous benchmarking of the performance of taxonomic
assignments. Species-level assignments should be critically evaluated, especially when
high confidence is required for a detection, such as regulatory and management
implications (Kelly et al. 2024).

We encourage more widespread in vitro and in silico benchmarking of marker gene
sequence taxonomic resolution, when project resources allow. Comparisons of
assignment methods and optimization of parameters can be performed on a chosen
reference database using tools such as TAXXI (Edgar 2018), tax-credit (Bokulich et al.
2018), or the QIIMEZ2 plugin RESCRIPt (Robeson et al. 2021). Mock communities
relevant to target organisms can also be used as benchmarks for determining an
optimal approach. In most cases, results can be validated to some degree using local
ecological knowledge, different data streams (e.g., visual observations), or manual
checks (e.g., manual sequence alignment with reference sequences of the annotated
species). We suggest performing some or all of these validations when reasonable, but
especially when results may be used for management or policy decisions that require
high confidence and transparency. In all cases, each step of the analysis and all
associated code should be reported for transparency and reproducibility.

Validating results

Identified species should be reviewed against expected and likely organisms in the
region. This can be done during the sequence data processing as described above,
using either a) a custom reference database curated for local species or b) a taxonomic
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assignment method that preferentially weights assignment of local species (e.g. Kaehler
et al. 2019). However, it may be important to consider the presence of unexpected taxa.
If a detected species is not expected to be present in the system, several possibilities
should be considered: 1) new detection of an organism not previously known to be living
in the region, indicating previously unrecognized biodiversity or newly introduced
species (e.g., invasive species, range shifts (Lohan et al. 2023); 2) detection of
exogenous eDNA sources (e.g., wastewater, food processing facilities, ballast water,
(Darling et al. 2021)); or 3) process-based erroneous detections arising from either low
level contamination, sequencing artifacts, ambiguous sequences, or incomplete
reference databases. Each of these is discussed in more detail below.

1) New detection of an organism, invasive species, or rare species

In order to determine whether a detection of an organism is new to a region, a
comprehensive assessment of what is known to live in the region is needed. Long-term
monitoring programs, peer-reviewed literature, agency reports, and local experts can be
used to generate lists of expected species. Local and regional resources are often more
reliable than national databases. Resources include OBIS, GBIF, Fishbase, USGS, and
local agencies (e.g., state website). The expected species should include potential
invasives and range expansions. A list of expected species (both native and non-native)
can be generated using the local and regional resources above. Regional watchlists
(e.g., USGS Nonindigenous Aquatic Species information resource, USDA Invasive
Species Profiles List) can be used to screen for unexpected invasive species.

Invasive aquatic species are inherently a regional issue because non-native species
always have a native range. This is especially true for the freshwater realm, which is
more clearly partitioned. Invasive marine species, especially invertebrates, can be
widely distributed, and some have uncertain origins (cryptogenic). Researchers and
managers should be aware of the potential for erroneous detections of AlS and native
species when reference sequences are not available or closely related species share
identical barcode sequences. Taxonomic assignments of invasive, endangered, and
otherwise protected or listed species can have severe management implications and
thus should be associated with greater confidence requirements. As Carl Sagan noted,
“Extraordinary claims require extraordinary evidence” (Tressoldi 2011). Thus,
researchers should conduct due diligence in the taxonomic assignments of invasive and
listed species, including conducting multiple different assignment approaches and
evaluating the completeness and resolution of reference databases for such taxa and
their sister species.

2) Exogenous eDNA Sources
Exogenous eDNA detection herein refers to DNA that is present in a sample, but likely
does not represent a species living in the immediate sampled environment. These
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molecules may be introduced during the sampling process (contamination), or may
have been transported to the sampled environment by human or natural processes.
Detection of these species should be reported and flagged or explained, when possible,
to clarify the probable pathway into the sample. There are several ways DNA can be
introduced, including transport by natural systems. DNA moves downgradient through
natural transport systems such as currents, surface runoff, or wind. These detections
are representative of the larger environmental system in the region, but may be
misleading if presented in a list of organisms detected in a local ecosystem (Stolarz et
al. 2024). It may be difficult or impossible to differentiate such detections from DNA
generated by more localized sources. Nonetheless, eDNA practitioners should be wary
of such potential exogenous sources of eDNA. The use of robust sampling designs,
pilot studies, and local knowledge is paramount in ensuring accurate interpretation of
eDNA signals.

3) Process-based erroneous detections

Capture, handling, and interpretation of eDNA is influenced by a complex interplay of
environmental, physiological, and analytical processes that can result in erroneous
detections of species that are not present in the environment (Harrison et al. 2019).
Contamination can occur at any stage of the sampling process, introducing DNA from a
species that was not present at a site (Goldberg et al. 2016). The use of non-template
controls (e.g., blanks) at each stage of the workflow (sampling through PCR) aids in the
identification of contaminating species and associated samples. In some cases,
contaminating species may also be present in the sampled environment and thus
careful consideration should be given to how such samples should be reported.
Ambiguity in taxonomic assignments can occur because of poor resolution of a given
locus or because of incompleteness of reference databases. Species with highly similar
or even identical sequences in the amplicon region used for identification can be
misidentified bioinformatically. As discussed above, different taxonomic classification
algorithms can be more or less conservative in their approach to assigning taxonomy.

Addressing uncertainty - Filtering low counts, blanks

eDNA metabarcoding is a powerful method for detecting rare species, but low read
counts in metabarcoding data present a challenge because it can be difficult to separate
signal from noise. The relative penalty of a false-negative vs a false-positive detection
will differ among projects, depending on the project objectives. Data filtering parameters
can be selected to be more or less permissive based on these specific objectives of the
study. For example, low read count detections can arise from low-level contamination or
sequencing artifacts, even when best practices are applied. False positive detections
are likely to increase when rare taxa are targeted (Sepulveda et al. 2020), and
researchers and managers may have to adjust tolerance for false positive detections if
high sensitivity for rare taxa is desired (Darling et al. 2021). This issue emphasizes the
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importance of using complementary methods to confirm eDNA metabarcoding results,
indicating expected detections of species of management concern (e.g., newly
introduced species).

Detecting contamination

Gel electrophoresis is inadequate for assessing low-level detection, which may not
show a strong signal in the form of a strong band on a gel. For more specific information
on contamination sequencing and analyzing field, extraction, and PCR blanks may help
researchers assess the risk of erroneous detection through low-level contamination and
artifacts. If blanks are sequenced, there should be a clear protocol indicating how these
samples are interpreted and follow-up actions. Alternatively, a more stringent threshold
(higher read count) can reduce the risk of false positive detections, but may increase
the risk of false negative detections.

Other approaches for detecting contamination include identifying the pattern of exact
ASVs (not just taxa) across multiple samples, sites, and controls; eliminating samples or
ASVs based on the number of observed reads to remove noise from datasets (e.g.,
remove singletons or samples with fewer than 10,000 total reads), and comparing the
similarity of biological and technical replicates. Many of these approaches can be
implemented through existing software designed to detect and remove contamination,
like the R programs Decontam (Davis et al. 2018) and metabar (Zinger et al. 2021).

Comparing across replicate samples

Observing taxa in multiple replicates increases the confidence of detection. Replicates
can be different: samples from the same time and place (same or different bottles),
samples from the same place but different times, and multiple aliquots of the same
sample all increase confidence in results; if an organism is detected in more than 1
replicate, it may be less likely to be an artifact or introduced as contamination.
Increasing the number of samples at any point in the workflow also increases costs, so
the value of additional samples must be balanced against the resources required to
process samples. In cases where a high degree of certainty is required, replicate
samples may be essential.

Confidence versus resolution tradeoffs

As highlighted throughout, assigning species names to eDNA metabarcoding-derived
sequences involves a broad suite of choices that may influence which species are
reported. Previous work has documented that these choices result in confidence versus
resolution tradeoffs, where choices result in either higher confidence decisions with
more conservative species identification (e.g., genus or family rank) or less conservative
species-level assignments with lower confidence. For example, previous work found

21.



— ARPHA Preprints Author-formatted, not peer-reviewed document posted on 24/10/2025 DOI: https://doi.org/10.3897/arphapreprints.e175915

that accuracy, overclassification, and misclassification rates increased with lower
confidence score cutoffs in metabarcoding taxonomic assignment (Edgar 2018; Gold et
al. 2021). Thus, selection of the optimal parameter metric is contingent on what metric,
accuracy maximization, bias minimization, or a combination of the two, is being
optimized. Given the broad range of applications of eDNA approaches, differences in
project objectives, and tolerances for inaccuracy, no one-size-fits-all approach is
available for assigning taxonomy to eDNA sequences. Thus, it is contingent on the
eDNA practitioners to discuss and identify relative tolerances and project objectives a
priori to project implementation to inform confidence versus resolution tradeoffs. Many
tradeoffs can be eliminated or at least ameliorated with additional background
information, such as identifying priority target taxa, ensuring complete and
comprehensive reference sequences, conducting in silico and in vitro validation and
benchmarking of approaches, and delineating what trustworthiness of eDNA data
results look like.

Implications of workflow process for species identification

Table 1 presents examples of commonly encountered issues related to species
identification. Generally, each step in the processes described here has an impact on
downstream steps and the resolution of species. Primer selection broadly constrains the
organisms that are amplified, from domain (e.g., bacteria vs eukaryotes) to species-
level resolution. PCR and sequencing steps must be carefully adhered to prevent
erroneous detections from contamination, or loss of species due to degradation.
Bioinformatics encompasses multiple steps to filter, search, and assign taxonomy.
Overly stringent criteria in these steps may remove taxa or reduce the ability to assign
taxonomy to species level. Less stringent criteria may result in incorrect assignment of
similar species. Finally, communication of results must clearly convey any uncertainties
associated with taxonomic assignment, such as similar matches to multiple species, to
avoid misunderstanding by end users.

Dissemination and Communication

All environmental monitoring methods have some underlying uncertainty; closely related
species may be difficult to distinguish visually, taxonomy may be unresolved, net size or
capture method may screen out some organisms, and very rare species may be
essentially undetectable in some environments (Kelly et al. 2017). Monitoring
applications relying on molecular methods have unique factors that influence species
identification in ways that may be unfamiliar and require additional interpretation and
end user support (Gold et al. 2021; Kelly et al. 2024). Careful consideration of the
factors discussed above can reduce ambiguity, but species assignments from
metabarcoding data will always involve some degree of uncertainty until all of life has
been described and characterized. Helping resource managers and other users

22.


https://docs.google.com/spreadsheets/u/0/d/18Efff-cgY0iPUYLUV89dcVKy5PxMUC_KOLGQ7qqwdA8/edit
https://docs.google.com/spreadsheets/u/0/d/18Efff-cgY0iPUYLUV89dcVKy5PxMUC_KOLGQ7qqwdA8/edit

— ARPHA Preprints Author-formatted, not peer-reviewed document posted on 24/10/2025 DOI: https://doi.org/10.3897/arphapreprints.e175915

understand the source and degree of this uncertainty is critical for responsible decision-
making and to support trust in the data.

Thus, it's important to note and communicate the underlying uncertainty. Providing clear
information on the methods and caveats associated with a given species identification
helps users interpret the data correctly and decide on any necessary further steps.
Researchers should also consider context-dependent reporting of eDNA metabarcoding
observations. The choice between reporting a consensus taxonomic level or the
overlapping species that comprise a taxonomic assignment depends on the specific
requirements of the downstream analysis. If end users, such as resource managers or
conservation biologists, require detailed species-level data, then it may be worth listing
all possible candidate assignments for a given sequence. For fisheries management,
conservation planning, or ecological studies, knowing the possible species, even with
some uncertainty, can guide more targeted follow-up studies or interventions. In
contexts where precise species-level information is critical (e.g., for detecting invasive
species or ensuring sustainable fishing practices), providing the list of candidate species
may be more informative.

Following FAIR and open science principles, scientists generating metabarcoding-
based data sets must provide users with materials explaining how eDNA data is
generated, and where sources of error come from if requested. Data reports should
contain all information needed to understand the results. Here we suggest that, in
addition to the MIEM, FAIRe, and EMMI reporting standards, eDNA metabarcoding
research papers for conservation and management also include:

e Include a "Key Findings and Cautions" Section which summarizes major results,
major results in plain language, but flags uncertainties clearly. For example,
‘Some detections (e.g., family Gadus) could not be reliably assigned to species
due to marker limitations. Follow-up visual surveys are recommended to confirm
species identity where management action is needed."

e Quality control and quality assurance flags are used to indicate both the level and
source of uncertainty. For example, if a sequence matches multiple closely
related species, but only one is likely to be present, a researcher may choose to
report only the taxonomy of the geographically relevant taxa. Here, the
researcher should report the flag and when and where it was applied.
Depending on project needs, users may choose to use the geographically
relevant species-level assignment or rely only on genus-level assignment Flags
should indicate the level of confidence in the reported assignment and why that
confidence is assigned, e.g., high confidence at species level, vs at genus only.
Visualizations can help managers understand certainty levels. For example,
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color-coded detection maps or stacked bar charts showing relative read
abundance grouped by uncertainty.

e Explain when filtering criteria, such as minimum read counts or detection across
replicates, were applied and how that affects results. These criteria may differ
depending on project goals: when trying to detect a rare species, lower
thresholds may be appropriate. All results should be available in some appendix
or portion of the report to avoid filtering very rare species.

e Provide Actionable Guidance Despite Ambiguity. In many cases, data tables are
generated by a contracted lab and cannot be tailored to meet specific project
needs. In this case, general recommendations can be applied, such as reporting
at genus level if resolution of an ambiguous species is not important to the study
goals.

Conservation & Management

As eDNA is increasingly used by a wider community of resource managers and other
stakeholders, metabarcoding offers a powerful tool for detecting species presence and
biodiversity in aquatic systems, but species identification from sequence data is
influenced by a range of methodological and interpretive decisions. This framework
outlines best practices for each stage of the workflow—primer selection, lab handling,
bioinformatics, taxonomic assignment, and results communication—with a focus on
transparency and aligning decisions with project objectives. By acknowledging
limitations such as incomplete reference databases, contamination risks, ambiguous
sequences, and detection biases, researchers can better interpret results and
communicate findings to stakeholders. Replication, data validation, and the use of
confidence flags or structured annotations can support responsible data use, especially
in conservation, management, or regulatory contexts. Ultimately, this guidance can
improve the accuracy, reliability, and usability of eDNA species identification while
fostering trust and understanding among diverse end users.

Methods and approach used in this document

This paper focuses on portions of the metabarcoding workflow that are key to identifying
species, but there are many additional, important aspects to metabarcoding-based
ecosystem assessment that are not covered here. The use of eDNA to quantify
organism abundance or population size, population genetics, and phenolic expression
are emerging methodologies with high potential usefulness, but are not discussed here.

The discussion and examples presented here are drawn from the experience of the
authors, which is primarily in aquatic systems, but are broadly applicable to
metabarcoding-based species identification in any taxonomic group. The document was
conceived and written by all authors, with sections and figures provided by different
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authors. Al tools were used in the later stages of document preparation for final copy
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not detected

community and
not captured in
eDNA sampling

region can not
distinguish
among species

lack of detection.
Too few reads
sequenced to
capture full
diversity.

delineate species.

Issue Environmental | Contamination Laboratory Bioinformatics & Taxonomic Assignment
Primer Choice PCR and Sequence QC & Classification Reference
Sequencing Dereplication Database
Non-native [Non-native Laboratory Gene region can |PCR artifact QC not stringent  |Classifier method |Reference
species species is contamination in|not distinguish  |generates highly [enough to exclude |accepts best database lacks
detected present in extraction or among native similar ASV to artifacts match not perfect |sequence from
sampled amplification and non-native |correct species / match. true species but
environment. Or [step species tag jumping from contains identical
DNA from other samples sequence from
anthropogenic on sequencing non-native
sources present plate organism
Species- Primers do not Dereplication Selected classifier |Multiple species
level amplify target collapses multiple |and/or parameters |have identical
taxonomy species or gene true unique lack resolution to  |reference
not identified region cannot sequences (e.g. delineate species. |sequences
distinguish OTU clustering)
among species
Species Species is small Primers do not [PCR QC too stringent  |Selected classifier |Reference
known to be |component of amplify target amplification and excludes true |and/or parameters |database lacks
presentis sampled species or gene |bias leads to ASVs lack resolution to  |sequence from

true species
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not detected

replication | use
appropriate filter
size

interest and
which amplifies
region that can
distinguish
between closely
related taxa

replicates, alter
PCR parameters
to be more strict
or lenient
depending on
direction of bias
(towards or
against target
taxa)

more tolerant of
rare sequences

ensure maximum
possible resolution.
Limit reference
database to local
species sequences.

Solutions Environmental | Contamination Laboratory Bioinformatics & Taxonomic Assignment
Primer Choice PCR and Sequence QC & Classification Reference
Sequencing Dereplication Database
Non-native Limit sampling |Ensure proper |Use primers Use methods Conduct stringent | Independently Ensure local
species to areas not sterile technique |that have been [like dual unique |QC at multiple validate taxonomic |reference
detected impacted by in field and validated for indices to limit  |stages of pre and |assignments using |database
known laboratory work. |your target both |tag jumping and |post processing. |other approaches. includes known
anthropogenic  |Use multiple in silico and in  |[DNA Apply Provide “confidence [non-native
eDNA sources |negative vitro. polymerases abundance/read |flags” or a tiered species. If
controls and with low error thresholds or approach to species |needed generate
monitor rates. replicate-based |reporting. additional
sequencing filtering, informed reference
quality. Carefully by ecological sequences to
track sample plausibility and enhance
handling. best practices. coverage.
Higher Use primers Use unique ASVs |Conduct classifier Conduct
taxonomic that have been without clustering |and/or parameter taxonomic and
ranks validated for as taxonomic optimization for geographic
observed your target both identifiers maximum resolution. |curation of
(e.g. Genus in silico and in Perform sensitivity  [reference
or Family vitro. analyses on databases.
level ID) classification
parameters.
Species Sample higher Use more Increase Alter Conduct classifier Barcode local
known to be |[volume | specific primer |sequencing bioinformatic and/or parameters  |species and add
present is increase to organism of |depth and/or parameters to be |optimization to to reference

database. Include
closely related
global species in
database and
look for similar
sequences.

Table 1. Common issues encountered in species identification. Likely causes and potential solutions are listed here and discussed
in more detail in the text.
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