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1  |  INTRODUC TION

The use of molecular surveillance approaches such as environmental 
DNA (eDNA) to detect species has become more prevalent in recent 
years due to improved sensitivity and efficiency compared with con-
ventional sampling methods (Fediajevaite et al., 2021). Through the 
analysis of genetic material present in environmental samples, eDNA 
approaches allow for the detection and quantification of single spe-
cies (Ficetola et al., 2008; Jerde et al., 2011; Ruppert et al., 2019) 

or entire species assemblages (Deiner, Bik, et al.,  2017; Valentini 
et al., 2016). The latter approach, called eDNA metabarcoding, in-
volves the use of universal PCR primers aimed at amplifying a par-
ticular genetic region of multiple species simultaneously followed by 
high-throughput sequencing and taxonomic assignment of DNA se-
quences to species. Because eDNA metabarcoding allows for cost-
efficient, rapid and non-invasive assessments of species richness, it 
is increasingly recognized as a useful alternative or complement to 
standard field sampling approaches for use in short- and long-term 
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Abstract
Advancements in environmental DNA (eDNA) approaches have allowed for rapid 
and efficient species detections in diverse environments. Although most eDNA re-
search is focused on leveraging genetic diversity to identify taxa, some recent studies 
have explored the potential for these approaches to detect within-species genetic 
variation, allowing for population genetic assessments and abundance estimates from 
environmental samples. However, we currently lack a framework outlining the key 
considerations specific to generating, analysing and applying eDNA data for these 
two purposes. Here, we discuss how various genetic markers differ with regard to 
genetic information and detectability in environmental samples and how analysis of 
eDNA samples differs from common tissue-based analyses. We then outline how it 
may be possible to obtain species absolute abundance estimates from eDNA by de-
tecting intraspecific genetic variation in mixtures of DNA under multiple scenarios. 
We also identify the major causes contributing to allele detection and frequency 
errors in eDNA data, discuss their consequences for population-level analyses and 
outline bioinformatic approaches to detect and remove erroneous sequences. This 
review summarizes the key advances required to harness the full potential of eDNA-
based intraspecific genetic variation to inform population-level questions in ecology, 
evolutionary biology and conservation management.
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biomonitoring programs, biodiversity assessments and conservation 
(Lodge, 2022).

While eDNA metabarcoding approaches are well established 
for detecting organisms at or above the taxonomic level of species, 
genetic variation within the level of species is often disregarded. 
However, in recent years studies have emerged exploring the de-
tection and quantification of genetic variation within species (i.e. in-
traspecific genetic variation) using eDNA approaches (see reviews 
in Adams et al., 2019; Sigsgaard et al., 2020; Yao et al., 2022). To 
date, analysis of intraspecific genetic variation from eDNA samples 
has been restricted to the detection and analysis of haplotypes in 
short regions of the mitochondrial genome similar to those typically 
targeted in eDNA metabarcoding (Parsons et al.,  2018; Sigsgaard 
et al., 2016, 2020; Weitemier et al., 2021). By targeting longer and 
more variable mitochondrial markers or nuclear genetic markers, 
eDNA approaches have the potential to uncover much more de-
tailed intraspecific genetic information that may be leveraged to 
conduct population genetic analyses and produce estimates of 
population abundance. These approaches present an appealing al-
ternative to tissue-based population genetic research and species 
abundance estimations that require the physical capture of several 
individuals of the target species. However, analysis of population-
level genetic variation from eDNA samples has several key lim-
itations that require careful consideration. While recent work has 
demonstrated the potential to detect intraspecific genetic variation 
in eDNA samples, a synthesis of the key considerations specific to 
generating, analysing and applying such data for the purposes of 
characterizing population genetic diversity and assessing species 
abundance is needed.

In this paper, we discuss the challenges and opportunities to 
study intraspecific genetic variation using eDNA. Specifically, we 
discuss how genetic marker types (i.e. mitochondrial vs. nuclear 
genes) may differ with regard to detectability and genetic infor-
mation content. We also outline the types of population genetics 
analyses that may be possible with data derived from mitochondrial 
eDNA and nuclear eDNA, where population-level genetic informa-
tion is obtained but individual-level genotypes are unknown. Then, 
we explore the potential limits for using intraspecific genetic varia-
tion to estimate species-specific abundance by simulating datasets 
of different genetic markers under different conditions. Finally, 
we review the major causes of errors in eDNA data, discuss their 
consequences for population-level analyses and outline bioinfor-
matic approaches to detect and remove erroneous sequences. By 
highlighting recent developments and future opportunities to study 
intraspecific genetic variation with eDNA, we provide a synthesis 
that lays a foundation for researchers interested in using eDNA to 
gain insights into the population characteristics and abundance of 
species. While the scope of this review is primarily limited to the 
study of contemporary macro-organisms using eDNA collected from 
water samples, many of the concepts within are applicable to me-
tabarcoding of bulk samples, faecal samples or eDNA collected from 
substrates such as soil, snow and air.

2  |  CHOICE OF MOLECUL AR GENETIC 
MARKER

As in conventional specimen tissue-based population genetics re-
search, the choice of molecular genetic marker targeted in eDNA 
research should be made by considering both practical criteria and 
the biological questions at hand (Anne, 2006). To deduce patterns 
of intraspecific genetic variation from eDNA, the targeted genetic 
region must contain sufficient levels of genetic variation at frequen-
cies that can be detected using eDNA approaches. Thus, key con-
siderations in the selection of genetic targets for eDNA research 
include the target amplicon length as well as the type and number of 
molecular genetic markers. For instance, longer amplicons are more 
likely to contain sequence variation, yet longer DNA fragments de-
grade more rapidly and are less abundant in environmental samples 
(Bylemans et al., 2018; Wei et al., 2018). The optimal amplicon length 
for intraspecific eDNA research must, therefore, strike a balance be-
tween a higher amount of detectable genetic variation and higher 
degradation rates. In the sections below, we focus on the choice of 
genetic marker type, another key decision that will impact the ability 
to detect intraspecific genetic variants from eDNA.

2.1  |  Genetic marker type

Nuclear and mitochondrial genetic material may vary widely in their 
respective concentrations within environmental samples, which in 
turn can impact genetic marker detectability during sample process-
ing and analysis. This is because a typical eukaryotic cell contains 
hundreds to thousands of mitochondrial genomes versus a single 
nuclear genome (Cole, 2016), resulting in much higher expected mi-
tochondrial DNA (mtDNA) concentrations in eDNA samples com-
pared with nuclear DNA (nuDNA). To date, research on the ratio of 
mtDNA to nuDNA concentrations in eDNA samples has focused on 
multi-copy nuclear ribosomal RNA (rRNA) genes such as 18S and 
ITS1, which are repeated nuclear genes that may have hundreds or 
thousands of copies per cell (Long & Dawid, 1980). Comparable copy 
numbers between mtDNA and nuclear rRNA markers are frequently 
reported, with nuclear rRNA genes sometimes exhibiting even 
higher detectability than mtDNA genes in eDNA samples (Dysthe 
et al., 2018; Gantz et al., 2018; Minamoto et al., 2017; Moushomi 
et al., 2019; Piggott, 2016). However, the ratio of mitochondrial to 
nuclear eDNA concentrations in environmental samples may change 
depending on a variety of factors including organism age, size, activ-
ity, tissue type and environmental conditions that influence the pro-
duction and degradation rates of different marker types (Bylemans 
et al., 2017, 2018; Furtwängler et al., 2018; Jo et al., 2019, 2020). 
While most research on eDNA production, transport and degra-
dation is focused on mtDNA markers, the dynamics of eDNA may 
change depending on the target gene, and the impact of such pro-
cesses on eDNA detection and quantification for different marker 
types is not well understood.
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In addition to their relative concentrations in environmental 
samples, mtDNA and nuDNA markers differ in their evolutionary 
properties (e.g. mutation rate, mode of inheritance and degree of 
recombination), influencing the type and amount of genetic informa-
tion they contain. In general, mitochondrial genes are maternally in-
herited, do not recombine and are physically linked together. Because 
of this, single short mtDNA markers may not contain enough intra-
specific genetic variation to conduct detailed population genetic 
analyses, and this limited information content cannot be overcome 
by targeting multiple mtDNA gene regions because they do not rep-
resent independent loci. Caution is warranted when drawing popu-
lation inferences from mtDNA alone (Ballard & Whitlock, 2004), and 
many questions regarding intraspecific genetic variation may require 
the addition of nuclear genetic markers. Ultimately, the molecular 
genetic marker selected to detect intraspecific genetic variation 
from eDNA will depend on the goals of the study, including the num-
ber of targeted taxa and the amount of genetic variation required to 
address the research questions (Figure 1).

2.2  |  Mitochondrial eDNA markers

Mitochondrial genes are the marker of choice for DNA-based tax-
onomic identification, with the COI gene representing the most 
popular marker in animal DNA barcoding as the Barcode of Life 
(Hebert et al.,  2003; Ratnasingham & Hebert,  2007). Other mito-
chondrial gene regions commonly targeted for DNA barcoding of 
macro-organisms include 12S, 16S, cytochrome B (cytb) and ND2. 
DNA barcodes are specifically designed to maximize interspecific 
diversity while minimizing intraspecific diversity, and in most cases, 

intraspecific sequence divergence in these gene regions is not ex-
pected to reach levels required for detailed population genetic 
analyses. However, diagnostic sequence variants may be identified 
within mtDNA barcoding regions that can allow for the detection of 
specific haplotypes of interest. For instance, COI markers have been 
used for the diagnostic identification of specific zebra and quagga 
mussel haplotypes (Marshall & Stepien, 2019), and a diagnostic cytb 
marker has been developed to distinguish among several closely re-
lated invasive carp species as well as among several silver carp hap-
lotypes (Stepien et al., 2019). Diagnostic SNPs in the cytb gene have 
also been used to differentiate between black and white morphs of 
the salamander Proteus anguinus (Gorički et al.,  2017). Therefore, 
while mtDNA barcoding genes may not contain high levels of ge-
netic variation, they may be useful for the identification of a priori 
established genetic variants.

Highly polymorphic regions of the mitogenome may be well 
suited for population-level inferences from eDNA due to high levels 
of genetic information contained within a relatively short segment 
of DNA. For instance, the mitochondrial control region (i.e. d-loop) 
exhibits a higher mutation rate than other mtDNA markers, with a 
higher ratio of haplotypes to individuals making it a better candi-
date for intraspecific diversity analyses. Similar to barcoding genes, 
diagnostic SNPs within the d-loop have been used to differentiate 
native and non-native carp populations (Uchii et al., 2016, 2017) and 
to identify killer whale ecotypes (Baker et al., 2018) in environmen-
tal samples. However, more detailed population genetic information 
may also be uncovered. For instance, the relative read abundance 
of d-loop haplotypes can be estimated from eDNA samples in pro-
portions similar to frequencies in the focal population (Parsons 
et al., 2018; Sigsgaard et al., 2016; Tsuji, Shibata, et al., 2020).

F I G U R E  1  Molecular genetic markers 
used in eDNA research situated along 
axes of taxonomic resolution and the 
genetic variation contained in the targeted 
genetic markers. The vast majority 
of eDNA research to date is aimed at 
characterizing communities or species 
using mitochondrial markers. While a few 
studies have investigated within-species 
genetic variation using mitochondrial 
markers, more detailed patterns of 
population genetic diversity may be 
detected using longer and more variable 
gene regions.
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2.3  |  Nuclear eDNA markers

Nuclear genetic markers provide novel opportunities to explore a 
wider range of ecological and evolutionary hypotheses with eDNA, 
but few eDNA studies have employed the amplification of nuclear 
markers. Because multiple unlinked loci have higher information 
content and, therefore, greater power to detect genetic patterns, 
nuDNA markers may be a better choice than mtDNA for some 
population-level genetic analyses from eDNA.

Nuclear rRNA genes such as 18S and ITS1 are present in mul-
tiple copies throughout the nuclear genome and have higher de-
tectability in eDNA samples than single-copy nuDNA and, in some 
cases, mtDNA (Minamoto et al., 2017). Although nuclear ribosomal 
genes may be useful as a barcode gene for differentiating closely 
related species (Toju et al.,  2012), these genetic regions may only 
provide limited insight into intraspecific genetic variation (Booton 
et al., 1999). However, as with mtDNA barcoding genes, diagnostic 
sequence variants may be identified in these genes, making them 
useful for the detection and quantification of a priori sequence vari-
ants in eDNA.

Very few studies have documented the ability to amplify single-
copy nuDNA markers (e.g. microsatellites and SNPs) from eDNA 
samples (but see Andres et al.,  2021; Jensen et al.,  2021; Olson 
et al., 2012). Andres et al. (2021) reported the first detection and 
quantification of multi-allelic microsatellite alleles from eDNA 
samples using sequencing data in both laboratory and field experi-
ments and found that allele frequencies estimated from sequencing 
eDNA samples with a panel of 28 microsatellite loci closely resem-
bled allele frequencies from genotyped issues. While the per-locus 
information content of bi-allelic SNPs is lower than that of multi-
allelic microsatellites, SNPs are abundant throughout the nuclear 
genome, and dozens or hundreds of SNP loci may be targeted at 
once. To facilitate the amplification of multiple microsatellite or 
SNP loci, PCR assays may be multiplexed, where several loci are 
co-amplified in a single reaction (De Barba et al., 2017). However, 
primers in multiplex PCR may interact and lead to inhibition of 
some loci, a problem that may worsen when starting concentra-
tions of template DNA are variable as is expected to be the case in 
eDNA samples. Careful optimization of multiplex PCR is therefore 
recommended (Elnifro et al., 2000).

2.4  |  Genome-wide genetic assessments

While most current eDNA approaches rely on PCR amplification of 
small sections of target genes, PCR-free approaches such as envi-
ronmental shotgun sequencing may also be possible, allowing for 
the sequencing of genes spanning the entire mitochondrial or nu-
clear genome. However, the indiscriminate nature of this method 
makes it highly inefficient for characterizing macro-organism diver-
sity, with non-target taxa dominating shotgun sequence reads (Stat 
et al.,  2017). Therefore, unless highly targeted sample collection 

methods are used (e.g. collecting samples in footprints as in Farrell 
et al., 2022; Székely et al., 2021), environmental shotgun sequenc-
ing is unlikely to provide enough reads from the target species to 
characterize population-level diversity. Alternatively, eDNA sam-
ples may be enriched for specific genetic regions or full genomes of 
the target species using synthetic DNA probes designed from ref-
erence sequences (Dowle et al., 2016; Jensen et al., 2021; Wilcox 
et al.,  2018). Although this approach may be challenging when 
starting concentrations of target species DNA is very low (Pinfield 
et al., 2019), recent work has demonstrated promise in target cap-
ture for sequencing full mitogenomes and hundreds of nuclear loci 
from aquatic eDNA samples (Jensen et al., 2021). Thus, while PCR-
free and target enrichment methods for genome-wide genetic as-
sessments may be possible, the efficiency and reliability of such 
approaches for revealing intraspecific genetic variation from eDNA 
warrant further exploration.

In addition to sequencing short fragments, it may be possible 
to recover sequence data from entire mitochondrial genomes from 
eDNA samples (Deiner, Renshaw, et al., 2017). However, although 
estimating full-mitogenome variation from eDNA is possible, no 
study has yet explored the potential to estimate population ge-
netic parameters from the resulting sequence data. Nonetheless, 
this area of research remains promising, as the sequencing of full 
mitogenomes indicates the persistence of intact organelles or cells, 
illuminating the possibility that entire cells could be isolated from 
environmental samples and sequenced individually. Sequencing of 
single cells would allow for the generation of multi-locus genotypes 
or whole genomes to be linked to the same individual, with the abil-
ity to genetically distinguish individuals from one another within a 
mixed eDNA sample.

3  |  ESTIMATING POPUL ATION GENETIC 
DIVERSIT Y USING eDNA

The detection and quantification of intraspecific genetic variants 
derived from eDNA sequencing data allow for population genetic 
analyses to be conducted on natural populations without capturing 
individuals of the target species. However, an important considera-
tion for all analyses of genetic variation from eDNA is that genetic 
variation is aggregated at the population level, representing a mix-
ture of genotypes from an unknown number of genetic contributors 
(but see Section 4 below; Dugal et al., 2021), with no ability to as-
sign multi-locus genotypes to individuals. Most existing population 
genetic models, statistical software and analytical frameworks are 
based on the availability of individual-level genotypes, which are not 
readily available from eDNA sequence data. Therefore, even if exist-
ing programs to estimate population genetic parameters can handle 
the intraspecific genetic datasets produced through the analysis of 
eDNA (e.g. haplotype frequencies), the assumptions and limitations 
of each analysis should be thoroughly investigated to ensure the ro-
bustness of the resulting population genetic inferences.
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3.1  |  Genetic diversity from mtDNA

The ability to recover several mtDNA haplotypes from eDNA allows 
for analyses to be conducted on the presence of different haplo-
types or haplotype relative abundance (e.g. frequency). With data 
on the detection of haplotypes, parameters such as haplotype di-
versity, nucleotide diversity and segregating sites may be estimated 
for each sampled population. Rarefaction curves for the detection 
of haplotypes as a function of sample size may also be useful for 
predicting the total amount of genetic diversity at a site as well as 
the sampling effort that would be required to completely sample the 
diversity (Székely et al., 2021).

Haplotype frequencies from eDNA data may be inferred di-
rectly from eDNA sequence read frequencies, under the assumption 
that sequence abundance accurately reflects the abundance of the 
haplotype in the population. However, due to stochastic sampling, 
variable contributions of DNA from different individuals and biases 
introduced during PCR or sequencing, this assumption may not 
hold true in many cases. More conservative alternatives to directly 
quantifying haplotype frequencies include characterizing ranks 
of haplotype frequencies (Turon et al.,  2020) or the presence/ab-
sence of haplotypes across replicated samples (Azarian et al., 2021). 
Regardless of how haplotype frequencies are estimated, the data 
may be used to construct haplotype networks to illustrate the hap-
lotype differences among sites or populations. Analysis of molecular 
variance (AMOVA) may also be conducted to determine the amount 
of genetic variation associated with each level of hierarchical organi-
zation of sampled sites. Other population genetic parameters, such 
as Fst and Tajima's D, may be calculated from population-level hap-
lotype frequencies (Shum & Palumbi, 2021; Weitemier et al., 2021). 
However, such metrics are sensitive to haplotype richness and 
frequencies, and an investigation of how they are impacted by the 
specific approach used to characterize haplotype frequencies from 
eDNA samples is needed.

An exciting avenue of research capitalizes on the understanding 
that eDNA samples contain a mixture of DNA from many species, 
making possible the evaluation of mtDNA diversity from multiple spe-
cies simultaneously using eDNA metabarcoding approaches (Shum 
& Palumbi,  2021; Stat et al.,  2017; Turon et al.,  2020; Weitemier 
et al.,  2021). Although identifying mtDNA haplotypes for entire 
communities may present additional challenges over single-species 
approaches, it may soon be possible to monitor genetic diversity for 
hundreds of species across the tree of life using eDNA sequence data.

3.2  |  Genetic diversity from nuDNA

As with mtDNA haplotypes, the estimation of nuDNA allele fre-
quencies from eDNA sequences may be conducted using quantita-
tive (read frequencies) or semi-quantitative (read frequency rank; 
presence/absence of alleles in replicates) approaches. Once allele 
frequencies are estimated, several population genetic character-
istics may be quantified. For instance, allelic richness, expected 

heterozygosity and the number of private alleles can be estimated 
and compared among populations, and population genetic structure 
may be determined using AMOVA or principal component analysis 
of allele frequencies. Genetic distances among populations may also 
be calculated using the allele frequency distance (AFD), a metric that 
is highly correlated with common genetic differentiation metrics 
such as Fst but does not require individual genotypes (Berner, 2019).

If several independent SNPs can be amplified from eDNA sam-
ples, population-level genetic analysis of SNPs may be possible 
through the use of analytical frameworks developed for pooled 
sequencing (Pool-seq) approaches (Gautier et al.,  2013; Hivert 
et al.,  2018; Kofler et al.,  2011). Pool-seq approaches involve se-
quencing the pooled DNA from many individuals, a cost- and time- 
effective alternative to individual genotyping. Analytical frameworks 
have been developed to estimate allele frequencies and population 
genetic parameters such as Fst from Pool-seq data, and several pipe-
lines for the analysis of pooled sequencing data are already available 
(Kofler et al., 2011). Most Pool-seq analytical frameworks are devel-
oped only for bi-allelic loci, and while useful for the analysis of SNPs, 
these frameworks are not applicable to multi-allelic markers such as 
microsatellites.

Although a single SNP may not contain high information con-
tent, several SNPs may be present within a short gene region that 
can be amplified and sequenced to generate multi-allelic markers. 
These ‘microhaplotype’ markers contain more information content 
per locus, allowing for more powerful genetic analyses to be con-
ducted using fewer loci (Baetscher et al., 2018; Kidd et al., 2014). 
However, such multi-allelic microhaplotype markers may not be ap-
plicable in most Pool-seq analysis pipelines, many of which assume 
independence among loci, an assumption that is violated when SNPs 
are located in close proximity (Slatkin, 2008). In this sense, analysis 
of microhaplotype loci may be more similar to that of microsatellite 
loci.

While analysis of highly variable mitochondrial and nuclear 
genetic markers is not yet common in eDNA research, eDNA ap-
proaches tailored for this purpose offer an opportunity to study de-
tailed population genetic patterns, potentially with higher sensitivity 
at a lower cost. However, validation experiments and special con-
siderations will be necessary to fully understand the potential and 
limitations of population genetic analysis of eDNA samples. In a later 
section, we summarize the importance of considering false positive 
and false negative detections and the resulting impact on the preci-
sion of estimates of population genetic parameters.

4  |  ESTIMATING ABUNDANCE USING 
eDNA

4.1  |  eDNA concentration as a metric of abundance

In addition to the molecular detection of genetic diversity, eDNA 
approaches may be useful for estimating organismal abundance, 
a metric that is central to species monitoring, management and 
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conservation (Yoccoz et al., 2001). To date, most efforts to assess 
species abundance with eDNA have focused on correlating ambi-
ent species-specific eDNA concentration or metabarcoding read 
counts with numerical abundance, with several studies reporting a 
positive correlation between the two metrics (Baldigo et al., 2017; 
Doi et al., 2017; Lacoursière-Roussel et al., 2016; Pilliod et al., 2013; 
Schmelzle & Kinziger, 2016; Shelton et al., 2022). However, this re-
lationship may be confounded by variation in eDNA concentration 
due to biotic and abiotic factors influencing DNA production and 
loss rates as well as biases introduced through the use of different 
eDNA sampling, processing and amplification approaches (Beng & 
Corlett, 2020; Shelton et al., 2023).

The amount of eDNA captured in a sample is the collective result 
of several complex processes influencing eDNA transport, decay, 
settling and resuspension, all of which may occur at different rates 
under different environmental conditions including temperature, 
pH, UV exposure, microbial activity and substrate type (Barnes & 
Turner,  2015; Carraro et al.,  2018; Shogren et al.,  2017; Strickler 
et al.,  2015). The production rate of eDNA can also vary among 
source individuals as a function of their size, behaviour or metabo-
lism, further obscuring the relationship between eDNA concentra-
tion and organism abundance (Dunn et al., 2017; Klymus et al., 2015; 
Maruyama et al., 2014). Although studies have attempted to account 
for some of these factors (e.g. through allometric scaling; Stoeckle 
et al., 2021; Yates et al., 2022), these efforts largely remain taxa- and 
ecosystem-specific, and the extent to which they are generalizable 
to other taxonomic groups or ecosystems is not known. Without ac-
counting for these sources of variation, eDNA concentration and/
or metabarcoding read counts may not accurately reflect the abun-
dance of the focal species.

The type and size of the molecular marker targeted may also 
impact variation in eDNA copy numbers and distort the link be-
tween DNA concentration and species abundance. For instance, 
while the number of nuDNA sequences per cell does not vary 
among source tissue types, mtDNA copy number per cell can be 
highly variable within and among individuals (Long & Dawid, 1980; 
Robin & Wong, 1988). As discussed above, the decay rate of eDNA 
depends on the target fragment length and source (i.e. mtDNA or 
nuDNA), which can impact the detection and yield of target spe-
cies DNA (Jo et al., 2020). Measurements of eDNA concentration 
may also be sensitive to eDNA sampling and processing approaches 
including volume filtered, filter type, preservation buffer, filter mem-
brane type, extraction method, quantification approach (i.e. quan-
titative PCR, digital droplet PCR) and primer specificity (Goldberg 
et al.,  2016). Although there have been attempts to improve the 
methodological and reporting standards in eDNA research, the lack 
of standardized protocols and analytical frameworks for evaluating 
the quantity of eDNA prevents comparisons of eDNA-based spe-
cies abundance estimates among studies and ecosystems (Loeza-
Quintana et al., 2020).

While several studies have improved our understanding of 
eDNA dynamics under different environmental conditions and 
protocols, it is often not feasible to account for all of the potential 

sources of variation in eDNA concentrations, particularly in com-
plex natural environments. A meta-analysis of the studies reporting 
correlations between the concentration of species-specific eDNA 
particles and the density or biomass of a species found that on av-
erage, eDNA particle concentration accounted for only 57% of the 
observed variation in species abundance in natural systems (Yates 
et al., 2019). Understanding and accounting for the sources of vari-
ation in eDNA concentration will be a requisite step in obtaining 
robust estimates of species abundance based on DNA copy number 
or metabarcoding read counts. However, in the section below, we 
propose an alternative to eDNA concentration-based approaches 
through the use of alternative analytical frameworks that incorpo-
rate information about genetic diversity in eDNA samples to esti-
mate species abundance.

4.2  |  Genetic variation as a metric of abundance

Rather than focusing on the concentration of target species eDNA, 
the amount of genetic variation contained in an eDNA sample may 
be used to assess species abundance by estimating the absolute 
number of individuals contributing DNA to the mixture. In the 
simplest sense, the minimum number of individuals detected in an 
eDNA sample is equivalent to the number of individuals required to 
produce the observed set of genetic variants. That is, the number 
of genetic contributors to a DNA mixture must be at least the num-
ber of detected genetic variants at a locus divided by the ploidy of 
the genetic marker (Carreon-Martinez et al., 2014). This approach, 
termed the maximum allele count, is useful for providing a lower 
bound on the number of genetic contributors required to explain 
the observed set of haplotypes or alleles. If haplotype diversity in 
the target gene region is near 1 (i.e. nearly every individual in the 
population exhibits a unique haplotype), species abundance may be 
accurately estimated by simply counting the number of haplotypes 
identified from eDNA (Yoshitake et al., 2019, 2021). However, this 
does not account for instances where multiple individuals share 
the same haplotype, and thus, tends to underestimate the num-
ber of contributors in mixed DNA samples, a bias that worsens as 
the number of individuals increases (Haned et al.,  2011; Paoletti 
et al.,  2005). This problem is particularly severe when targeting 
genetic markers that exhibit a highly skewed frequency spectrum, 
as it is more likely that sampled individuals will contain redundant 
genotypes.

The problem of redundant alleles may be addressed through the 
use of likelihood-based DNA mixture models (Egeland et al., 2003; 
Haned et al., 2011; Sethi et al., 2019), where the observed alleles in a 
mixture and the allele frequencies of the focal population are used to 
calculate the likelihood that a putative number of individuals (x) pro-
duced an observed set of n alleles, A =

{
a1, … , an

}
, given the associ-

ated population allele frequencies, p =
{
p1, … , pn

}
, of the observed 

alleles. This model accounts for all possible combinations of alleles 
that may arise in a DNA mixture, including the copies of allele ai truly 
present in the mixture (gi) while addressing ‘masked’ copies of the 
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allele (di). At a single locus ( j) of ploidy k = 1 or 2 (for mitochondrial or 
nuclear markers, respectively), this likelihood can be calculated as:

where the total number of masked alleles in a mixture is d = kx − n and 
for any specific observed allele di ∈ {0, … , kx − n}, and where the 
true total number of allele copies in the mixture is 

∑n

i=1
gi = kx, with 

gi = 1 + di for any specific observed allele. This likelihood can be cal-
culated and multiplied across any number of unlinked loci, with the es-
timated number of individuals determined by the maximum likelihood 
estimate across any given number of putative contributors. Although 
this approach originated in the forensic sciences, Sethi et al. (2019) ex-
tended the applications of DNA mixture models into ecological frame-
works, demonstrating the performance of the model using simulated 
mixtures of different nuclear markers and assessing predation rates by 
estimating the number of prey items through the analysis of predator 
stomach contents. Andres et al.  (2021) subsequently demonstrated 
potential for estimating abundance using DNA mixture models from 
microsatellite alleles detected in eDNA samples from experimental 
mesocosms.

Estimating abundance using genetic diversity minimizes the chal-
lenge of variable DNA production rates within and among individ-
uals by estimating the number of distinct individuals contributing 
DNA to an environmental sample. Because it does not rely on DNA 
copy number, this approach is not strongly influenced by differences 
in eDNA production due to organism body size, behaviour, metab-
olism or genetic marker type (although eDNA production rates may 
influence detection probability; see Section 4.4 below). While Sethi 
et al.  (2019) and Andres et al.  (2021) successfully used DNA mix-
ture models to estimate the number of genetic contributors when 
the total number of individuals is small (≤10), the limitations of this 
approach have not been thoroughly explored in highly complex mix-
tures of greater numbers of individuals. In the section below, we ex-
plore the ability of DNA mixture models to resolve mixtures of large 
numbers of individuals to better understand the applicability of this 
approach in natural systems, opening the door for future avenues of 
research and application.

4.3  |  Simulating DNA mixtures with real genotypes

To advance our understanding of the performance of DNA mixture 
models in eDNA applications, we simulated mixtures of DNA made 
up of up to 100 putative contributors to reflect local numbers that 
may be experienced in ecological studies on abundant taxa. In addi-
tion to testing the performance of DNA mixture models under large 
numbers of putative contributors, we explored model performance 
using a suite of genetic marker types including nuclear markers 
(SNPs and microsatellites) as well as a novel application of the model 
to haploid mtDNA markers. To simulate DNA mixtures, we sampled 
genotypes from a published dataset that contains microsatellite and 

SNP marker data for 1129 linesnout gobies (Elacatinus lori) collected 
from 35 sites across the Belize Barrier Reef (for detailed collec-
tion, laboratory and sequencing methods, see D'Aloia et al., 2020). 
We also used mitogenome sequence data (~500 bp contigs) that 
were collected for each of these individuals (unpublished data; see 
Appendix S1 for methods). Our goal was to generate artificial DNA 
mixtures using combinations of real genotypes for different molecu-
lar marker types, numbers of loci and numbers of individuals used to 
calculate population allele frequencies.

Due to the high reported levels of genetic structuring in this 
region, we selected only 127 individuals from four sites comprising 
one of the major subpopulations detected in D'Aloia et al.  (2020). 
Furthermore, the DNA mixture abundance model is combinatorial in 
nature and estimating the number of contributors can become pro-
hibitively computationally intensive with large numbers of alleles at 
loci. We, therefore, excluded highly multi-allelic microsatellite loci 
(i.e. >20 alleles) from the dataset to reduce computation times in 
analysing simulated mixtures. To simulate the behaviour of the DNA 
mixture model using a large and highly variable mtDNA fragment, 
we assembled eight mitochondrial sequence contigs to generate 
haplotype data for a 4 kB mtDNA fragment, where any sequence 
variations within the 4 kB region were designated as a unique mito-
chondrial haplotype. The final dataset included individual genotypes 
for 44 microsatellite loci, 256 nuclear SNP loci and mitochondrial 
haplotype information for 127 individuals.

The DNA mixture model requires an observed list of alleles (A) 
from a DNA mixture sample and their associated population allele 
frequencies (p) as inputs in estimating sample abundance. We gen-
erated DNA mixture genotypes by randomly sampling n individu-
als from each molecular marker dataset, with n ranging from 2–100 
individuals (i.e. in silico mixtures made up of 2–100 contributors). 
Genotypes from sampled individuals were combined to generate a 
list of observed alleles (A) as a simulated DNA mixture. Accuracy 
of the DNA mixture model may depend on the presence of rare al-
leles, whereby rare alleles are generally strongly informative in char-
acterizing mixture abundance (Sethi et al.,  2019). By their nature, 
however, characterizing the frequencies of rare alleles from samples 
of specimens from a population may be challenging, and many indi-
viduals may need to be genotyped to detect the rarest alleles. We, 
therefore, explored the impact of assessing allele frequencies from 
relatively small (25) or large (100) reference sets of individuals.

The number of loci used in the mixture may also influence model 
accuracy (Sethi et al., 2019). We estimated the number of individ-
uals in each DNA mixture using different numbers of nuclear loci 
to represent a relatively small vs. large marker panel (10 vs. 44 loci 
for microsatellites; 64 vs. 256 loci for SNPs). Because mitochondrial 
DNA haplotypes were generated by concatenating multiple contigs, 
we ran the DNA mixture model using mitochondrial haplotypes 
from a single mitochondrial contig (480 bp) in addition to the full 4 
kB fragment. In sum, the DNA mixture model was used to estimate 
the number of contributors in simulated mixtures ranging in size 
from 2 to 100 individuals for each of three marker types (microsat-
ellites, SNPs and mitochondrial), with population allele frequencies 

(1)Lj(x�A, p) =
�d

d1=0

�d−d1

d2=0
…

�d−d1−…−dn−2
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specified using different numbers of individuals (25 or 100), using 
either a small or large panel/fragment size for each marker type 
(Table 1). Each condition was simulated 100 times.

A challenge with mixtures made up of large numbers of contribu-
tors is that loci may ‘saturate’ insofar that all possible alleles manifest 
in a sample. In such cases when all possible alleles are observed at a 
locus, the likelihood that a putative number of contributors produces 
an observed set of alleles will monotonically increase, and, when all 
alleles are observed across all loci, a maximum likelihood estimate 
cannot be reached (Egeland et al., 2003). Furthermore, because the 
likelihood is taken as a product across all loci, the maximum likeli-
hood may be upwardly biased when some loci exhibit a monotoni-
cally increasing likelihood (i.e. all alleles are observed), even if other 
loci exhibit a single maximum likelihood (Figure S1). To address these 
maximum likelihood estimation challenges for large mixtures, we re-
moved any microsatellite loci for which all alleles from the reference 
set were observed when estimating the number of contributors to a 
sample DNA mixture. While this filtering step works well for multi-
allelic loci such as microsatellites, filtering out saturated loci was not 
possible for SNPs, as both alleles for most loci are frequently ob-
served even in small mixtures of DNA. This was also not possible for 
mitochondrial haplotype data, as only a single locus was used.

With these simulations, we show that the number of genetic 
contributors can be estimated in complex DNA mixtures of up to 
100 individuals, although the accuracy and precision of the estimate 
varied depending on the marker type, size of the marker panel and 
frequency of the rarest alleles. Across all three genetic markers, the 
accuracy of the estimated number of genetic contributors to DNA 
mixtures is greatest when allele frequencies are estimated using 
100 individuals compared with 25 individuals (Table  1; Figure  2), 

corresponding to higher resolution allele frequency estimates that 
can accommodate informative rare alleles (see inset allele frequency 
distributions). When fewer rare alleles are present in the population 
and, therefore, in the DNA mixtures, the model systematically un-
derestimates the number of contributors to mixtures, a problem that 
worsens as True N increases. The size of the marker panel does not 
have a strong impact on the average bias of the contributor estima-
tion, although the precision of the estimate is greater when more loci 
or longer mtDNA fragments are used (top panel in Figure 2).

All marker types could resolve mixtures of up to 25 contributors, 
which may be sufficient for many ecological applications. However, to 
approach larger mixtures, the choice of genetic marker type influences 
the performance of the DNA mixture model. In this dataset, micro-
satellite markers show the greatest promise for accurately estimating 
the number of individuals in very large DNA mixtures, with average 
estimates within two individuals when True N = 100 (Table 1; top left 
panel in Figure 2). With allelic richness of up to 20 alleles per locus, 
both 44-locus and 10-locus marker panels could estimate up to 100 
individuals in a DNA mixture, although the number of saturated (i.e. 
‘failed’) loci steadily increases as True N increases. While large panels 
of SNPs can accurately resolve mixtures of up to 25 individuals, the 
impact of monotonically increasing loci (i.e. loci in which both alleles 
are observed in the mixture) is apparent in larger mixtures, resulting in 
an upward bias in the estimated number of individuals (middle panel). 
The single mitochondrial fragment of 4 kB used in these simulations 
contains enough variation to provide accurate estimates of up to 40 
individuals, but mixtures larger than this exhibit high numbers of hap-
lotypes and the DNA mixture approach becomes prohibitively compu-
tationally intensive (top right panel). A smaller mitochondrial fragment 
can also resolve DNA mixtures of up to 40 individuals, but beyond this 

TA B L E  1  Mean bias (estimated N – true N, ±1 s.d.) in the estimated number of contributors in 100 simulated DNA mixtures of True N = 10, 
40 and 100 individuals.

Marker type
No. of individuals 
for allele freq. No. of locia No. of allelesb Mean bias N = 10 Mean bias N = 40 Mean bias N = 100

Microsatellite 100 44 559 0.1 ± 0.7 2.5 ± 3.5 1.8 ± 8.4

25 44 382 −1.5 ± 0.7 −17.1 ± 1.8 −65.1 ± 3.9

100 10 130 0.0 ± 1.3 2.3 ± 6.3 −0.7 ± 15.4

25 10 93 −1.6 ± 1.2 −13.8 ± 4.8 −57.8 ± 6.8

SNP 100 256 465 0.3 ± 1.6 8.0 ± 8.5 36.2 ± 11.5

25 256 422 −1.6 ± 1.2 −7.5 ± 5.5 −28.8 ± 12.0

100 64 117 0.8 ± 2.9 13.3 ± 19.3 15.4 ± 22.4

25 64 113 1.7 ± 3.3 10.6 ± 12.6 −37.0 ± 0.0

Mitochondrial 100 8 39 −0.4 ± 1.6 1.2 ± 8.6 —

25 8 20 −4.3 ± 1.9 −19.9 ± 4.7 −47.0 ± 11.7

100 1 24 −0.3 ± 3.3 1.5 ± 12.4 −68.0 ± 29.8

25 1 9 −2.3 ± 3.2 −18.8 ± 9.5 −62.1 ± 5.8

Note: Mixtures were constructed using Elacatinus lori genotypes for microsatellites, SNPs and mitochondrial haplotypes. The number of individuals 
in each mixture was estimated using relatively large or small marker panels and population allele frequencies were estimated using either 100 or 25 
individuals.
aNumbers of loci for mitochondrial data represent the numbers of contigs used to generate mitochondrial haplotypes rather than independent loci.
bAlleles for SNP data exclude fixed alleles.
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point, most haplotypes are present in all mixtures, and the precision of 
the estimate is greatly reduced (lower right panel).

4.4  |  Using DNA mixture models in future 
eDNA research

Efforts to correlate eDNA concentration with species abundance 
have proven to be moderately successful in providing an index of rel-
ative species abundance, which may be useful for characterizing the 
distribution of organisms based on relative abundances across large 
spatial or temporal scales (Shelton et al., 2022). However, an alter-
native approach to estimating species abundance using the amount 
of intraspecific genetic diversity detected in eDNA samples may 
account for variation in eDNA production rate within and among 

individuals, possibly leading to more accurate estimates of absolute 
abundance at local scales. We find that DNA mixture models can 
estimate the number of individuals contributing to mixtures of DNA 
of up to 100 individuals, provided enough genetic diversity and rare 
alleles are present in the mixtures. As reported by Sethi et al. (2019), 
the presence of rare alleles in a DNA mixture was more important 
than the number of loci for accurately estimating the number of indi-
viduals. Microsatellites or mitochondrial markers are the best marker 
choices if the expected number of individuals in a mixture of DNA is 
high because the per-locus information content is much higher than 
that of bi-allelic SNPs, but all marker types are able to accommodate 
smaller mixtures of up to 25 individuals.

Although the simulations described here are important for un-
derstanding the limitations and biases in the DNA mixture model, 
additional research and considerations may be required when using 

F I G U R E  2  Bias in the estimated number of contributors from mixtures of DNA containing genotypes from 2 to 100 sampled individuals 
(True N) using relatively large (top row) and small (bottom row) marker panels. Transparent circles show individual DNA mixture simulation 
results, and solid points and lines show the mean bias ±1 SD across 100 simulated mixtures for each True N. Mixtures were generated for 
multi-allelic microsatellite markers (left column), bi-allelic SNP markers (middle column) and single-locus mitochondrial haplotypes (right 
column). For each marker type, population allele frequencies were calculated using either 25 (purple) or 100 (green) individuals from the 
full dataset. Inset figures illustrate the distribution of allele frequencies calculated from 25 or 100 individuals, with mean allele frequencies 
denoted with vertical dashed lines. For microsatellite markers, the inset figure in the top right displays the number of loci for which all alleles 
were observed as True N increases. These saturated loci were removed from the maximum likelihood calculation.
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this approach to estimate abundance in eDNA samples. Importantly, 
our simulated mixtures combined genotypes of sampled individuals 
with perfect detection of all genetic variants in a mixture. However, 
imperfect detection of alleles is expected in eDNA samples, partic-
ularly when targeting nuDNA markers, and the non-detection of al-
leles may result in the downward bias of abundance estimates (Sethi 
et al., 2019). Maximizing the detection of rare alleles may be possible 
through the improvement of eDNA collection and laboratory ap-
proaches including collecting larger volumes of water, target enrich-
ment or the development of extraction, amplification and sequencing 
protocols designed to maximize the recovery of all genetic variation 
in eDNA samples. Statistical frameworks designed to account for 
imperfect species detections may also be implemented to account 
for the imperfect detection of alleles, with models able to evaluate 
eDNA capture probability and detection probability under different 
environmental conditions (Burian et al.,  2021). Another consider-
ation is that the DNA mixture model presented here requires inde-
pendence among loci and alleles within and among contributors, and 
we tested the model using simulated mixtures from genetic datasets 
from a population with a very large effective population size (Ne). 
The limitations of the DNA mixture model with regard to small Ne, 
deviations from Hardy–Weinberg, and linkage disequilibrium should 
be explored before the model is applied to estimate species abun-
dance in populations exhibiting those conditions. We also tested the 
DNA mixture model on nuclear and mitochondrial markers for dip-
loid organisms, and the formulation and behaviour of the model for 
polyploid organisms is an avenue of research that has not yet been 
explored.

When using genetic variation in mitochondrial markers to esti-
mate species abundance, it is important to examine possible hetero-
plasmy, where an individual exhibits more than one mtDNA variant. 
In instances where the minor alleles of heteroplasmic mitochondrial 
markers are detectable in eDNA, the number of contributors in 
mixed DNA samples may be overestimated (Nakanishi et al., 2020). 
Similarly, any false alleles introduced through PCR error, sequenc-
ing error, non-target amplification or sample contamination will 
artificially inflate the estimated number of individuals in a mixture. 
Because rare alleles provide strong evidence about the presence of 
many individuals in a mixture, the ability to discern between true 
low-frequency alleles and spurious sequences becomes increas-
ingly important as the true number of contributors increases. Other 
frameworks developed in criminal forensics research have been 
able to incorporate information about the magnitude of observed 
alleles in a mixture (e.g. read counts) as well as model errors such as 
PCR stutter to improve the interpretation of DNA mixtures (Paoletti 
et al., 2011; Swaminathan et al., 2015). Such approaches may be also 
useful for improving the detection of rare alleles in eDNA mixtures.

The results of the simulated DNA mixtures presented here 
demonstrate that accurate estimates of the number of individuals 
contributing to eDNA samples requires a relatively large panel of 
highly multi-allelic markers. The detection of rare (low-frequency) 
alleles is important for providing information about the presence of 
individuals in a mixture of DNA. Thus, if large numbers of individuals 

are expected in a mixture, population allele frequencies should be 
estimated using as many individuals as is practically possible to in-
crease the number of rare alleles that may be detected and to reduce 
the number of saturated loci that must be dropped from the calcula-
tion. To resolve DNA mixtures of more than 100 individuals, genetic 
markers with a greater number of alleles, and, therefore, a greater 
number of rare alleles, will be required. However, applications of 
DNA mixture models for very large numbers of individuals may be 
limited as the calculation becomes impractical when large numbers 
of haplotypes are observed in mixtures of DNA. We recommend 
that anyone wishing to employ DNA mixture models to estimate 
abundance from eDNA use a simulation approach as described here 
to understand the biases and limitations associated with the specific 
marker panel employed.

5  |  UNDERSTANDING AND ACCOUNTING 
FOR ERRORS IN eDNA DATA

Regardless of the length or type of marker selected, a requisite step 
in any eDNA study is the detection of spurious DNA sequences to 
distinguish authentic DNA sequences from errors. This step becomes 
even more important in the analysis of intraspecific genetic variation 
from eDNA, as the detection and quantification of exact sequence 
variants (e.g. haplotypes or alleles) is the primary goal. At the same 
time, eDNA samples often contain DNA in low quantities and qual-
ity, and the resulting sequences may be more prone to errors than 
those from high-quality DNA. If not removed, such erroneous se-
quence variants may have substantial implications for downstream 
population genetic analyses and abundance estimates from eDNA. 
Therefore, understanding the consequences of sequencing errors 
and testing approaches to remove errors while retaining true low-
frequency genetic variants presents a priority area for statistical and 
bioinformatics applications in eDNA research.

5.1  |  Causes and consequences of errors in eDNA 
sequence data

Addressing erroneous sequence variants in eDNA data first requires 
an understanding of how such errors arise. Furlan et al.  (2020) 
provide a comprehensive overview of errors in metabarcoding 
workflows and classify them as either contamination errors or misi-
dentification errors that can be generated during sample collection, 
laboratory processing, sequencing or bioinformatics processes. 
Because errors in eDNA data can arise from multiple complex and 
potentially interacting origins, the nature and severity of errors may 
differ depending on the specific study conditions. Interpreting the 
detection of intraspecific genetic variation in eDNA metabarcod-
ing data requires particular consideration of the causes and conse-
quences of such errors in different contexts.

Contamination errors and misidentification errors (i.e. erroneous 
DNA sequences or incorrect sequence assignment) generally lead 
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to false positive detections and an overestimation of intraspecific 
genetic diversity in a sample, with implications for downstream anal-
yses of genetic diversity, differentiation and species abundance es-
timates. On the other hand, rare genetic variants that are present at 
very low frequencies in eDNA could be missed during field sampling 
or laboratory procedures, leading to false negatives and an underes-
timation of genetic diversity. Stringent protocols to filter out errone-
ous sequences can also result in the removal of true DNA fragments, 
particularly if the abundance of sequences from rare genetic variants 
does not exceed the abundance of erroneous sequences. While the 
sensitivity and efficiency of different assays should be investigated 
to determine bioinformatic thresholds, a trade-off between decreas-
ing the rate of false positives and increasing the rate of false nega-
tives may persist. Several approaches to detect and remove PCR and 
sequencing errors have been developed (Schnell et al., 2015), but a 
better understanding of these specific processes may be needed to 
increase confidence in delineating genetic variation within species 
from eDNA.

5.2  |  Identification and removal of 
erroneous sequences

Removing contamination and misidentification errors in eDNA data 
may be accomplished through the use of bioinformatic thresholds 
and algorithms designed to identify and eliminate sequences that are 
likely to be erroneous. The selection of specific bioinformatic param-
eters may vary by study and should be made with the study goals, 
data type and implications of errors in mind.

Erroneous sequences will likely be present at low frequencies 
compared with most authentic sequences in eDNA samples and 
setting minimum abundance thresholds to remove low-frequency 
sequence variants may be a straightforward approach to filtering 
out errors. Several studies use the estimated error rate of a par-
ticular gene region or sequencing platform as a threshold that any 
given sequence variant must exceed to be retained in the dataset 
(Sigsgaard et al., 2016; Stat et al., 2017). If using multiple loci with 
variable numbers of alleles per locus, a variable threshold based on 
per-locus allelic richness may be required to obtain more accurate 
allele frequency estimates, as erroneous sequences may consume a 
greater percentage of reads when the genetic complexity of a sam-
ple is low (Andres et al., 2021). Other threshold-based approaches 
may include retaining only the alleles that are observed in multiple 
field or laboratory replicates, under the assumption that the prob-
ability of random errors is low and observing any allele in multiple 
replicates becomes exceedingly rare. However, for the same reason, 
the probability of detecting low-frequency genetic variants in mul-
tiple replicates is low and such thresholds may exclude true genetic 
variants.

While threshold-based exclusion of sequences can effectively 
remove low-frequency errors, several pipelines have been devel-
oped to correct sequencing errors and determine real biological 
sequences, also referred to as amplicon sequence variants (ASVs). 

Such denoising approaches, implemented in algorithms such as 
DADA2 (Callahan et al., 2016), UNOISE2/3 (Edgar, 2016) and Deblur 
(Amir et al.,  2017), allow for more refined detection and removal 
of spurious sequences. Analyses of bioinformatic pipelines have 
shown DADA2 to be highly effective in removing sequencing er-
rors while retaining true ASVs (Macé et al., 2022; Tsuji, Maruyama, 
et al.,  2020; Tsuji, Miya, et al.,  2020), although UNOISE3 may 
be preferable for coding genes such as COI (Antich et al.,  2021). 
Other approaches to determine erroneous sequences include an 
examination of entropy changes in the different codon positions, 
an approach that may be used if variation in coding sequences is 
being assessed (Turon et al., 2020). For nuclear genetic markers to 
become more useful in eDNA research, bioinformatic strategies to 
identify and remove errors specific to nuDNA (e.g. microsatellite 
stutter) may be needed.

To reduce the possibility of misidentification errors such as the 
amplification of non-target species, the application of a sequence 
similarity threshold or alignment algorithm to known (subject) se-
quences may be desirable (e.g. Smith-Waterman; BLAST; Altschul 
et al., 1990; Smith & Waterman, 1981). However, to maximize con-
fidence that the variation detected in eDNA is biologically real, it 
may be beneficial to restrict the list of alleles to only those known 
from high-quality tissue-based genotyped samples (as in Parsons 
et al., 2018; Shum & Palumbi, 2021). Such a conservative approach 
will remove nearly all errors due to PCR/sequencing error or non-
target amplification but may result in an underestimate of genetic 
diversity, as any genetic variants that have not been previously iden-
tified will not be retained. This approach is, therefore, best suited for 
studies where large numbers of individual tissues have been geno-
typed and rare genetic variants have been specified.

5.3  |  Minimizing the effects of errors in 
eDNA analyses

Some of the challenges with distinguishing true genetic variation 
from background noise may be addressed by minimizing erroneous 
sequences and increasing the quality and quantity of target DNA 
captured in environmental samples. For instance, novel filtration ap-
proaches allowing for the collection of large sample volumes (e.g. 
up to 3000 L of water) have exhibited improved detection of rare 
species (Sepulveda et al., 2019), and similar methods will likely im-
prove the detection of rare genetic variants from eDNA. Sampling at 
the locations or times of the year where focal species are known to 
occur may also be employed to increase the concentration of target 
species' DNA in a sample, as in the case of sampling in the wake of 
marine mammals (Baker et al.,  2018; Parsons et al.,  2018) or dur-
ing known feeding or spawning aggregations (Sigsgaard et al., 2016). 
Further improvements to eDNA extraction, amplification and se-
quencing efficiency may also be able to overcome some of the tech-
nical limitations of detecting intraspecific genetic variation in eDNA, 
and the potential for such technological improvements should be 
explored.
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Even if all measures are taken to prevent, identify and remove spu-
rious DNA sequences, it may remain difficult to distinguish between 
erroneous sequences and true low-frequency alleles in the population 
using eDNA approaches. In such cases, sequencing mock commu-
nities containing known levels of intraspecific genetic variation may 
allow for the estimation of the frequency of sequence artefacts and 
non-detection of rare genetic variants (Miller et al.,  2002; Taberlet 
et al., 1996). The impact of false positives, false negatives and allele 
frequency misspecifications on the estimation of population genetic 
parameters from eDNA data must also be investigated. For instance, 
several studies have examined the consequences of sequencing and 
genotyping errors on biological inferences from tissue-based se-
quence data, revealing the bias in genetic parameters induced under 
different numbers and types of errors (Burian et al.,  2021; Hivert 
et al., 2018; Pompanon et al., 2005). Similar approaches will be useful 
for understanding how different errors may lead to biased estimates of 
population genetic parameters from eDNA sequence data which can 
include genetic information from multiple individuals.

6  |  CONCLUSION

The field of eDNA has made substantial progress in recent years, yet 
environmental samples contain much more genetic information than 
is currently analysed in most eDNA research. Recent studies have 
identified intraspecific genetic variation from short mitochondrial 
markers in eDNA sequence data, yet obtaining higher-resolution ge-
netic information may be feasible by targeting full mitogenomes or 
nuclear genetic markers. These variable genetic markers may open 
up possibilities to conduct detailed population genetic analyses and 
estimate species absolute abundance from eDNA, with the potential 
to inform questions in ecology, evolutionary biology and conser-
vation management. Although the analysis of intraspecific genetic 
variation in eDNA samples may introduce additional challenges over 
traditional tissue-based population genetics approaches, further re-
search on the properties of different genetic markers and the de-
velopment of bioinformatic and analytical pipelines may allow for 
robust community-wide population genetic analyses from eDNA.
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