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Abstract
1.	 Datasets derived from mixed-template DNA amplification and sequencing (‘meta-

barcoding’) are common in environmental DNA (eDNA), microbiome or microbial 
ecology analyses. Such metabarcoding data have been broadly used to inform esti-
mates of biodiversity, distribution and abundance across a wide range of species and 
habitats. Generally, data from metabarcoding consist of a table of read-counts as-
signed to each of a set of taxa or sequence variants. As such, they appear to contain 
quantitative information about the environment under study, immediately eligible for 
traditional community ecology analyses.

2.	 In fact, metabarcoding data are compositional, can be biased by variation in PCR am-
plification rates among taxa, and have other statistical attributes that are distinct from 
many other common ecological observations. The difficulty in understanding and ac-
counting for the complexity of metabarcoding observations has hindered their eco-
logical interpretation and limited their integration with other ecological data types.

3.	 Here, we use both simulations and empirical observations to show that the variability 
among replicate metabarcoding observations is closely tied to the absolute quanti-
ties of DNA present in a sample. We then develop a general statistical model for 
estimating DNA abundance from metabarcoding observations using the relationship 
between mean and variance of metabarcoding reads.

4.	 We demonstrate that the model can effectively estimate DNA abundances using 
simulations and from experimentally created DNA samples. The model can be ap-
plied to a single marker or to multiple markers simultaneously, allowing the direct 
integration of information from multiple genetic markers derived from a common 
biological sample.

5.	 Estimates of absolute DNA abundance are the logical unit to connect DNA observa-
tions to organismal abundance or biomass. Our methods can be used to link together 
multiple types of DNA observations or to connect DNA observations with non-
genetic ecological methods for surveying ecosystems. However, important aspects 
of the ‘ecology of DNA’ remain unresolved and may limit our ability to link observed 
concentrations to organismal abundances in a general way.
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1  |  INTRODUC TION

Residual genetic information collected from environmental media 
such as water, air, or soil (environmental DNA, eDNA) derives from an 
ever-increasing variety of habitats and is used for a broad spectrum 
of purposes including monitoring biodiversity (Beng & Corlett, 2020; 
Bohmann & Lynggaard,  2023; Iacaruso et  al.,  2025), detecting in-
vasive species (Egan et  al.,  2015; Dougherty et  al.,  2016; Thomas 
et  al.,  2020; Duprey et  al.,  2023; Sepulveda et  al.,  2023), and pro-
viding abundance indices (Keller et  al.,  2022; Nevers et  al.,  2018; 
Shelton et al., 2019). These applications use a steadily expanding set 
of molecular tools (Blasko & Phelps, 2024; Tsuri et al., 2021; Williams 
et al., 2019), but most are derived from either quantitative PCR (qPCR) 
and related approaches—which measure the concentration of DNA 
in a sample that matches a specific DNA primer sequence—or DNA 
metabarcoding—which uses PCR amplification and DNA sequencing 
to observe DNA sequences from multiple taxa in a sample simultane-
ously. Metabarcoding techniques are general and flexible, with dif-
ferent primers designed to recover DNA sequences ranging from a 
narrow selection of closely related species (Ledger et al., 2025) up to 
large swaths of the tree of life (Leray et al., 2013; Mori et al., 2014). 
Analytical methods have advanced in parallel, expanding the infer-
ences that can defensibly be drawn from qPCR and metabarcoding. In 
particular, substantial advances have come from developing methods 
that integrate multiple eDNA data types (e.g. combining qPCR and 
metabarcoding data; Allan et al., 2023; Guri et al., 2024; Pont, 2024) 
or formally linking eDNA data with data from traditional survey 
methods (e.g. Guri et al., 2024; Keller et al., 2022).

Metabarcoding data are rich and for this reason broadly used, but 
they are statistically challenging. During metabarcoding, PCR gen-
erates an enormous number of amplicons, of which only a small and 
variable fraction are sequenced and observed. The resulting observa-
tions are counts of copies for each unique genetic sequence, referred 
to as ‘reads’ or ‘read-counts’. These sequences can then be compared 
against databases of genetic sequences and assigned to taxa, providing 
a table of read-counts by taxa for each sample. One consequence of 
the technology is that metabarcoding data are compositional (Gloor 
et al., 2017; McLaren et al., 2019): observations of multiple taxa within 
a sample are not independent of one another and information about 
the link between starting DNA abundance and observed read-counts 
is lost during laboratory processing. Despite this fact, many authors 
have sought to use metabarcoding observations to infer the quantity 
of DNA present in a sample for multiple taxa, proposing ways of sum-
marizing metabarcoding observations and linking them to organismal 
or DNA abundance. For example, Suren et  al.  (2024) and many au-
thors used summaries of read-counts as the relevant metabarcoding 
metric; others, such as Harper et  al.  (2018), used read-proportions; 
Laporte et  al.  (2021) advocated square-root or other transforms of 

read-counts; Kelly et al.  (2019) used a dual normalization procedure 
and assumed a constant underlying species community, and so forth 
(see Bylemans et  al.,  2025 for a review of some analytical choices). 
Other researchers have used laboratory methods such as adding inter-
nal controls of known concentration (‘spike-ins’, Ushio et al., 2018) or 
unique molecular identifiers (Fields et al., 2021) to samples to aid quan-
tification. For ‘spike-ins,’ a known quantity of DNA from a non-target 
organism is added to each sample, allowing for the remaining taxa in 
the sample to be quantified (Ushio et al., 2018). However, ensuring the 
amount of spike-in DNA is enough to be observed but not so much 
as to swamp other species in a sample remains a technical challenge. 
This wide array of methods reveals the complexity of the laboratory 
processes underlying metabarcoding observations and the difficulty of 
linking observed patterns to insights about abundance.

Other researchers have acknowledged the difficulty of linking me-
tabarcoding read-counts to measures of abundance and turned to the 
statistical machinery of occupancy models (Fukaya & Hasebe, 2025; 
McClenaghan et al., 2020; Tetzlaff et al., 2024) to investigate patterns 
of DNA occurrence (e.g. Ficetola et  al., 2015; Johnsen et  al., 2020). 
While this approach is common and appealing for its quantitative 
framework, it is not ideal for several reasons. First, converting to pres-
ence–absence does not eliminate the fact that metabarcoding data are 
compositional; it only obscures the dependence among observations. 
Second, converted metabarcoding data may not meet a common as-
sumption of occupancy modelling—that the probability of detection 
for a taxon is constant among observations (or otherwise modelled 
via covariates or appropriate functional forms, see Royle,  2006). 
Unmodeled heterogeneity in detection probabilities can have severe 
impacts on the reliability of occupancy parameters (Miller et al., 2015). 
Third, converting to presence–absence necessarily results in the loss 
of quantitative information contained in the magnitude of observed 
read-counts (but see Fukaya & Hasebe,  2025 for an approach that 
uses read-count data). This means that converting to presence–ab-
sence makes connecting to a biologically relevant measure—like taxon 
density or abundance—difficult. There is value in occupancy models 
derived from eDNA and statistically rigorous approaches are certainly 
possible and useful (e.g. Griffin et al., 2020), but occupancy models are 
not the only available option for metabarcoding data.

Recent developments have advanced sophisticated statistical 
approaches for metabarcoding data derived directly from read-
counts (Diana et  al.,  2025; Willis & Martin,  2022), but these ap-
proaches have not been widely applied in the ecological literature 
and deserve further attention and development. Here we work to 
advance methods that help bridge the gap between these statistical 
tools and ecological applications.

The challenges of metabarcoding analysis only grow as re-
searchers begin to query samples for information using more than 
one primer region. Such multi-marker analyses result in a far fuller 
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picture of the underlying biota (Espinosa Prieto et  al., 2024; Kelly 
et al., 2017), but leave the researcher with multiple compositional 
datasets often having only partial taxonomic overlap and no obvious 
way to combine them for joint ecological inference. Venn diagrams 
or equivalent tables can be useful as summaries of observations 
(Kelly et  al.,  2017), but are not themselves substitutes for quanti-
tative analysis linking multiple markers. The result is a situation in 
which richer information can paradoxically yield less meaning.

As eDNA metabarcoding continues to gain traction as a source of 
ecological data, researchers are increasingly likely to query samples 
with multiple markers (either for single- or multi-taxon work) and/
or use replicate sequencing of individual markers to make the most 
out of often-precious environmental samples (Crowley et al., 2024; 
Djurhuus et al., 2020; Eastwood et al., 2024; Wilkinson et al., 2024). 
It is therefore increasingly important to develop tools to jointly anal-
yse multi-marker and replicated metabarcoding datasets for ecolog-
ical inference.

Here we set out a framework for understanding the causes of 
common patterns observed in metabarcoding data and present 
methods to derive more information from common metabarcoding 
data. We advance methods for linking and combining information 
from metabarcoding observations in two parts. In Sections 2.1 and 
3.1, we summarize several features and patterns that have long been 
observed but poorly understood in metabarcoding data and illustrate 
patterns of detection and variability in observations from computer 
simulations and experimentally created metabarcoding samples. We 
use a simple process model to illustrate how several biological and 
sampling processes interact to generate the observed metabarcod-
ing patterns. In Sections 2.2 and 3.2, we show how this understand-
ing of the metabarcoding process leads to a statistical model with 
general utility for estimating DNA abundance from metabarcoding 
data. We test and validate our approach against simulated and em-
pirical data. By providing a path to estimate DNA abundance directly 
from metabarcoding data, this work expands methods for making 
joint inferences from disparate eDNA data (e.g. qPCR and metabar-
coding data or data from multiple metabarcoding markers) or from 
eDNA data and more traditional ecological survey data.

2  |  MATERIAL S AND METHODS

2.1  |  Simulation and mock samples

Identifying a common unit shared among different potential 
observations (e.g. across biological or technical replicates, or across 
different qPCR or metabarcoding markers used to query the same 
sample) allows us to analyse those observations in a common 
analytical framework. The concentration of DNA for each taxon is 
the logical choice for this shared unit, whether in a single- or multi-
taxon context.

Specifically, for a given eDNA sample that has been collected 
and processed (i.e. filtered, extracted, cleaned, and preserved), 
the DNA present has concentration Fij for taxon i  in sample j (see 

Appendix S1 for a discussion of sampling processes for eDNA). Many 
eDNA samples focus on eukaryotic mitochondrial DNA (mtDNA), 
and so for exposition purposes we assume there is a single concen-
tration of mtDNA for a given gene in each sample with units of cop-
ies μL−1. The same principles apply to bacterial genomes or plastids 
or nuclei, so long as they can be linked via an underlying concentra-
tion across markers (i.e. the approach would also work with some 
modification for taxa with multiple gene copies). For the remainder 
of this paper, we focus on developing methods that stem from this 
shared value. We do not connect estimates of DNA copies to the 
abundance or biomass of source organisms in this manuscript. In the 
discussion, we highlight how extensions to this work could advance 
investigations of extracting abundance and biomass estimates from 
field eDNA samples.

We use simulations (Sections  2.1.1 and 2.1.2) and experimen-
tally created samples (Section 2.1.3) to understand how information 
about absolute DNA concentration is reflected in the read-counts 
produced by metabarcoding analyses. In particular, we focus on how 
patterns of detection and variability among replicate sequencing of 
individual samples provide information about absolute abundance.

All data and code are available via https://​doi.​org/​10.​5281/​ze-
nodo.​22905265 (Shelton et al., 2026).

2.1.1  |  Simulation

We first describe a two-stage approach to simulating metabarcoding 
data that underlies our analysis. We provide additional description 
with functions for implementing simulations in Appendix  S2. As 
above, we are interested in a ‘sample’ representing the DNA extract 
resulting from a single bottle of water (or equivalent, from air, soil, 
etc.) taken from the environment. For any analysis, an aliquot of 
volume V μL is taken from Fij and therefore a discrete number of 
DNA copies, Gijr, will be included in subsequent replicate analysis r . 
This stochastic process can be described using a Poisson distribution 
with expectation �ij = FijV,

The realized copies are treated independently among taxa as is 
appropriate for sampling DNA molecules floating in solution. We as-
sumed that the volume of an aliquot is small relative to the total sam-
ple volume. When �ij is small, there is non-negligible probability that 
exactly zero copies will be included in the aliquot; from the definition 
of the Poisson distribution, p

(
Gijr = 0| �ij

)
= e−�ij. For a given aliquot 

even two taxa with identical � may have different realized copies—one 
taxon may be entirely absent while another will have non-zero copies 
simply due to stochastic sampling. As long as V is constant among 
metabarcoding replicates (as is typical), �ij and Fij contain equivalent 
information and we write notation in terms of � hereafter.

Next, we used a log-linear model for PCR amplification (Gold 
et al., 2023; Kelly et al., 2019) which produces a number of ampli-
cons A as a taxon- and marker-specific ( l ) function of per-PCR-cycle 
amplification efficiency, ail, and number of PCR cycles, NPCR:

(1)Gijr ∼ Poisson
(
�ij
)
.
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The amplification rate for a taxon may not be equivalent 
between markers; one may not amplify a taxon at all (ai1 = 0) 
while another might perfectly amplify (ai2 = 1; 1 corresponds to 
amplicons doubling each PCR cycle; 0 ≤ ail ≤ 1). After generat-
ing a number of amplicons Aijlr for each taxon, sample, marker, 
and aliquot, we simulated the process of DNA sequencing and 
assignment via a bioinformatics pipeline as a compositional pro-
cess in which reads were drawn from a multinomial distribution 
with a sampling probability proportional to the abundance of 

their amplicons, �ijlr =
Aijlr∑I

i
Aijlr

,

with bold indicating vectors. Yijlr is the observed number of reads and 
Njlr =

∑I

i
Yijlr is the total number of reads observed (‘read depth’). In 

practice, because of the stochastic processes affecting each aliquot, 
the observed reads after sequencing will be overdispersed relative 
to a multinomial distribution and will vary as a function of �; we ex-
ploit this fact in the statistical approaches that follow (Appendix S1).

Amplification dynamics distinct from those provided in 
Equations (2 and 3) may also be reasonable. For example, a saturat-
ing model instead of the log-linear model for PCR in Equation (2) may 
be appropriate (Moinard et al., 2023). Similarly, different PCR proto-
cols may have multiple amplification and subsampling steps that may 
warrant inclusion of additional deterministic or stochastic processes 
(Gold et al., 2023). These modifications do not materially change the 
qualitative patterns presented below; we have found that the expo-
nential model is a good approximation for empirical observations.

Finally, the above simulation assumes that there is a single, 
shared concentration of DNA for that is detectable across multiple 
DNA markers. While this is a reasonable assumption for many com-
monly targeted marker regions (e.g. genes with single copies in the 
mitochondria), there are circumstances where DNA concentration 
will vary between markers. For example, when (i) one marker targets 
mitochondrial DNA and the other nuclear DNA, (ii) one marker tar-
gets a gene with a single copy in the genome and the other a gene 
with multiple copies, or (iii) the markers amplify regions with signifi-
cantly different numbers of base pairs, which may have significantly 
different degradation rates and therefore different DNA concentra-
tions. We discuss modifications that may address such differences in 
Section 1.3 of Appendix S1.

2.1.2  |  Simulation variables

We used this simulation framework to explore how the observed 
reads change in response to three main variables: (i) the DNA ex-
pected copies per aliquot of each taxon (�ij), (ii) the total expected 
DNA copies per aliquot across all taxa (Λj =

∑
i�ij) and (iii) the read 

depth associated with each analysed aliquot (Njlr). We simulated a 
single marker here. Throughout, the phrase ‘total DNA copies’ 

applies to the total DNA copies amplifiable by a specific primer set, 
not a measure of all DNA present in a sample.

For each simulation, we specified the expected total DNA copies 
present across all taxa (Λj, ranging from 10 to 1 million copies by fac-
tors of 10) and the number of reads observed by the sequencer (Njlr 
= 1000, 3000, 10,000, 30,000, or 100,000). For each combination, 
we simulated 200 samples of 30 taxa with proportions specified 
by a Dirichlet distribution with a shared symmetric concentration 
parameter for each taxon, �i = 0.5. This produced a wide range of 
proportions within a given sample that sum to one. We used a single 
shared amplification efficiency across all taxa (ai = 0.9), 40 cycles of 
PCR (NPCR = 40), and five replicate aliquots taken for each sample 
(see Appendix  S2 for additional simulation scenarios with among-
species amplification variability).

We first explored how probabilities of detection (defined 
as the probability of observing at least one read for a particular 
taxon from an aliquot) varied among simulation scenarios. While 
we were not interested in determining the true occurrence or ab-
sence of each taxon (see Section 1), the presence and frequency 
of zero observations can be highly informative about DNA abun-
dance. Detection probabilities are often viewed as the fundamen-
tal output of metabarcoding analyses, but we focused on them 
as a first step in linking read-counts to DNA copies. A secondary 
goal was to understand whether and how the probability of detec-
tion changes in response to variability in both field and laboratory 
methods (Bylemans et  al.,  2025; Gold et  al.,  2023), and thereby 
assess the validity of some common assumptions of occupancy 
models applied to metabarcoding data.

Second, we explored how patterns of variability in read-counts 
among metabarcoding aliquots within samples were related to sim-
ulation variables. This variability among replicate aliquots is closely 
related to the number of DNA molecules in the sample, and there-
fore understanding it is vital to extracting DNA concentrations from 
metabarcoding data. We therefore investigate the relationship be-
tween the mean and standard deviation of the observed propor-
tion across taxa and simulation scenarios, as a way to infer the total 
concentration of the sample.

2.1.3  |  Mock sample construction and laboratory 
approaches

To test whether our simulation results adequately captured trends 
seen in empirical data, we constructed in the laboratory a series of 
multispecies eDNA samples each with known (precisely measured) 
concentrations of DNA molecules and sequenced these samples 
(Appendix  S3). Artificial species assemblages with known inputs 
are typically referred to in eDNA texts as ‘mock communities’ (e.g. 
Shaffer et al., 2025; Shelton et al., 2023), but here we refer to these 
as “mock samples” to align the use of the word ‘sample’ between the 
simulation and estimation components in this paper. We used DNA 
extracts from 34 marine species (32 marine fish and two marine 
mammals) found in Washington state, USA, to make DNA mixtures 

(2)Aijlr=Gijr

(
1+ail

)NPCR .

(3)Yjlr∼Multinomial
(
Njlr,� jlr

)
,
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    |  5SHELTON et al.

containing 15, 15 and 23 species respectively (referred to as ‘mock 
1’, ‘mock 2’ and ‘mock 3’). Within each mixture, we constructed two 
samples with identical taxa but distinct proportional DNA composi-
tions (mocks 1A and 1B, 2A and 2B, 3A and 3B; Figure S3.1). The 
composition of mock samples reflects relatively diverse marine 
communities with overlapping, varying species compositions (see 
Shaffer et al., 2025). These samples were created at relatively high 
DNA abundance (Λj range: 66,530 to 159,146 expected total cop-
ies per aliquot; Appendix  S3) and so we created a dilution series 
for each of the mock samples (undiluted, 1:10, 1:100 and 1:1000; 
Figure S3.1) resulting in 24 total mock samples. For all 24 samples, 
we drew triplicate replicate aliquots, PCR amplified using two mi-
tochondrial markers from the 12S region (MiFish Universal [MFU], 
Miya et  al.,  2015; MarVer1 [MV1], Valsecchi et  al.,  2020), and in-
dependently sequenced each replicate (Appendix S3). This allowed 
us to analyse observations across a 1000-fold range of DNA abun-
dance and compare empirical data with simulations and across six 
mock samples.

Results from simulation and mock samples were crucial for moti-
vating subsequent statistical developments. Therefore, we suggest 
reading results in Section 3.1 before continuing to the methods in 
Section 2.2.

2.2  |  Approaches for estimating DNA copies from 
metabarcoding

2.2.1  |  Model description

Simulation and mock samples results suggested that the variability 
among replicate metabarcoding datasets contains information 
about the absolute abundance of DNA in the source sample (see 
Section  3.1). Here we build statistical tools to make use of this 
information. For brevity, we describe the final statistical models 
in the main text and present a full derivation of the model and 
statistical implementation details in Appendix S1. Directly estimating 
parameters using the model presented in the two-step simulation 
of Equations (1–3) is computationally infeasible. We develop faster 
and more general approaches to estimate DNA concentrations from 
metabarcoding data. We then apply these methods to assess their 
usefulness using both simulated and empirical results from the mock 
samples. We demonstrate how our approach leads to methods both 
for extracting information from replicated metabarcoding data and 
for combining information across multiple metabarcoding markers.

We begin with model and data assumptions. First, and most 
crucially, all models considered here assume that multiple metabar-
coding observations are available for a given sample; most often, 
such data will take the form of replicate aliquots amplified via PCR 
and sequenced individually. This is necessary because, as shown in 
Figures 1 and 2, information about DNA concentration is found in 
the variability among aliquots, not in the point estimate of relative 
read abundance (Gloor et  al.,  2017; McLaren et  al.,  2019; Shelton 
et al., 2023). In the absence of replicate observations, there will be 

little information about DNA abundance in metabarcoding observa-
tions (but see Diana et al., 2025). Second, these models assume that 
there are trivial amounts of contamination for the taxa of interest in 
the samples. Contamination from non-target taxa (e.g. human) may 
affect the precision of estimates, but can be identified and removed 
during data cleaning (see Griffard-Smith et  al.,  2025; McKnight 
et al., 2019); we view contamination as a laboratory challenge that 
can only be marginally ameliorated statistically.

The models presented here build on the work of Shelton 
et  al.  (2023) but explicitly include the stochastic sampling of mol-
ecules before amplification (Equation  1). This allows for zero ob-
servations—that is, zero reads from a taxon in a metabarcoding 
dataset—due either to the taxon's DNA being absent from an aliquot 
or from being relatively rare within the multi-taxon DNA mixture 
following PCR amplification. We derive a model for observed reads 
Yijr from a single metabarcoding marker but the results immediately 
generalize to multiple markers (Appendix S1). Because we develop 
the model using a single marker, we omit the l  subscript in the fol-
lowing model description.

We begin by developing an expression for the probability of ob-
serving zero reads due to a taxon's absence from an aliquot. This is 
a function solely of the expected DNA copies in an aliquot, �ij. We 
create a latent variable, dijr, that indicates whether DNA copies are 
present (dijr = 1) or not (dijr = 0) in an aliquot. Following Equation (1), 
we model the probability of getting zero DNA copies in an aliquot 
using a Poisson distribution and so p

(
dijr = 0| �ij

)
= e−�ij and there-

fore p
(
dijr = 1| �ij

)
= 1 − e−�ij. This accounts for one possible source 

of zero reads observed from a taxon—there were zero DNA copies in 
the PCR—but not the second case where there were non-zero DNA 
copies present in the PCR reaction, yet zero reads were observed 
after sequencing.

For this second case, we require a more complicated model to 
link the main parameter of interest, �ij, to observed metabarcoding 
reads. The simulations and mock samples reveal that the observed 
reads will be a function of �ij and the total expected copies across 
all taxa (Λj), with the relationship between the mean and standard 
deviation among replicate observations providing information about 
the absolute abundance of DNA in the sample (Figures 1 and 2). In 
addition, we know from previous work that variable amplification 
efficiency can bias estimates of proportional abundance (Kelly 
et al., 2017; Shelton et al., 2023), and thus, we need to quantify the 
amplification rate for each taxon relative to a reference taxon. We 
let �i be the amplification rate relative to reference species R, and � 
be the standard deviation of �i among taxa. Furthermore, simula-
tions demonstrate that amplification rates also affect the variability 
in observed reads; taxa with relatively high amplification rates have 
higher variability than taxa with relatively low amplification rates 
(see Figure S1.2). Together, these facts motivate a relatively complex 
statistical model that can incorporate all of the relevant factors.

To accommodate these factors, we developed an elaboration 
of the Shelton et al. (2023) model for compositional DNA sequence 
data. Conditional on dij = 1, we used a beta-binomial likelihood for 
the observed DNA read-counts. For dij = 1, the number of DNA 
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6  |    SHELTON et al.

copies in the aliquot is by definition non-zero, and so we defined 
�Kij as the rate parameter of a zero-truncated Poisson distribution 
defined by �ij (Appendix  S1). Following Equation  (2) and Shelton 
et  al.  (2023), we use the known number of PCR cycles (NPCR) and 
observed the read depth Njr. Then, we can define the full model as

The parameter � ij is the centered log-ratio transform of ampli-
fication rates for taxa present in a particular sample and is a deter-
ministic function of � (see Appendix S1). Note that in Equation (4), 
we define the beta-binomial distribution in terms of an expected 
proportion �ijr and dispersion parameter �ij instead of the ca-
nonical �, � parameterization. One unusual component of the 

model form for �ij is the non-linear component in Equation (4) (i.e. 
�0e

−�1(log(�Kij)) ). This allows �ij to increase (and therefore variabil-
ity among replicate read-counts to decrease) as the conditionally 
positive expected DNA copies (�Kij) decline towards 1 copy (see 
Figures S1.1 and S1.2).

We use the beta-binomial instead of the multivariate 
Dirichlet-multinomial distribution to allow for flexibility in ac-
counting for both the presence or absence of each taxa from each 
aliquot. Additionally, it allows for variability in read-counts that 
are a function of taxon- and taxon-sample-specific traits (i.e. �ij 
is a function of �ij and � ij; Equation 4). Such structure cannot be 
accounted for in the Dirichlet-multinomial likelihood. However, 
because we are modelling all taxa simultaneously, we maintain 
appropriate constraints on the estimated proportions for each 
sample (i.e. 

∑
i�ijr = 1).

As a final step, we needed to combine the information for 
the cases when zero or non-zero read-counts are observed 
conditioned on d. For notational simplicity, we introduce a 
vector of parameters that informs the variability among metabar-
coding replicates (� ∈

{
�0, �1, �0, �1, �

}
). Then, Equation  (4) is the 

likelihood for observed reads when DNA is present in an aliquot, 

(4)

�ij= log
�
�Kij

�
− log

�
�KRj

�
+NPCR�i

�i ∼N(0, �)

�ijr=
dijre

�ij

∑
idijre

�ij

log
�
�ij

�
=�0+ log

�
Λj

�
+�1� ij+�0e

−�1(log(�Kij)) +�ij

�ij∼N(0, �)

Yijr∼Beta−Binomial
�
�ijr,�ij,Njr

�

.

F I G U R E  1  Results for simulated independent metabarcoding samples each with five replicates across a range of total amplifiable DNA 
concentrations. (a) Probability of detection as a function of DNA copies for different total (among taxa) number of DNA copies in a sample 
(colours) and different sequencing read depths (columns). Dashed line shows expected relationship between occurrence and DNA copies 
if detection is driven exclusively by the Poisson sampling of DNA molecules. Lines for each total DNA copy scenario are displayed but low 
total copy scenarios largely follow the dashed line and are difficult to differentiate. (b) Standard deviation of the estimated proportion among 
replicate simulations as a function of the mean proportion for each taxon. Here high total copy scenarios can have very similar relationships 
and lines may overlap. For all panels, individual points show individual taxa in a single simulation while lines show general additive model 
smooths (a) or linear model fits (b) across points.
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    |  7SHELTON et al.

p
(
Yijr = y|�jr , �, � ,Njr , dijr = 1, d−ijr, �

)
 with bolding indicating vectors 

across taxa and − i indicating all taxa but taxon i . The full likelihood 
of the data given the parameters, p

(
Yijr|�j , �, � ,Njr ,NPCR, dijr, d−ijr , �

)
 is 

then

The two key innovations in this model are (i) incorporating the latent 
variable d into the softmax transformation (the expression for the ex-
pected proportion of reads, �, in Equation  4) so that each technical 
replicate can have a distinct value that reflects the DNA copies of all 
other taxa in each aliquot and (ii) linking the parameter � to the in-
dividual species DNA copies (�), the total DNA copies across all taxa 
(Λ ), and the relative amplification for each taxon (�i; see Appendix S1). 
Furthermore, the parameters informing �ij provide a pathway for in-
cluding additional, unmodeled heterogeneity in the amplification and 
sequencing processes that is not fully captured in Equation  (2). We 
implement the above model in a Bayesian framework using R (R Core 
Team, 2025) and Nimble (de Valpine et al., 2017). Appendix S1 contains 
details of prior distributions (Table  A.3), implementation and model 
variants including the generalization of the model for multiple markers 
and an approximation using Stan (Stan Development Team, 2025).

2.2.2  |  Application to simulations

To test whether we could estimate DNA copies from replicated me-
tabarcoding data, we simulated a 30-taxon sample over seven DNA 
samples that ranged from very low to high DNA copies (the seven 
samples span Λj of 10 to 10,000 copies per aliquot). We randomly 
assigned an amplification efficiency to each species (ai drawn from a 
beta distribution with mean of 0.9 and SD of 0.01; such variation is 
consistent with existing estimates of amplification variability among 
taxa; Shelton et al. 2023). We simulated three independent aliquot 
replicates taken from each sample and metabarcoded, yielding the 
taxon-by-replicate table of read-counts common to metabarcoding 
sequencing datasets. For each replicate, we assigned a read depth 
randomly drawn from a uniform distribution between 50,000 and 
100,000 reads. We then used the model from Section 2.2.1 to esti-
mate the expected DNA copies for each taxon in each sample and 
the total expected DNA copies across all 30 taxa. We repeated the 
simulation-estimation exercise 100 times and reported the esti-
mated number of DNA copies for each taxon in each sample and 
the total DNA copy estimate for each. For these simulations, we 
assumed amplification parameters were known a priori, as the pur-
pose of this exercise is to understand the new estimation compo-
nents, not to focus on estimating relative amplification efficiency 
(see Shelton et al., 2023).

We repeat a similar simulation-estimation exercise using an 
example with two markers and 50 species where the two markers 

(5)

p
�
Yijr�𝜆j , 𝛼, 𝜏 ,Njr ,NPCR, dijr, d−ijr, 𝜃

�
=

⎧
⎪⎨⎪⎩

�
1−e−𝜆ij

�
p
�
Yijr=y�𝜆j , 𝛼, 𝜏 ,Njr ,NPCR, dijr=1, d−ijr, 𝜃

�
if y>0

e−𝜆ij +
�
1−e−𝜆ij

�
p
�
Yijr=y�𝜆jr , 𝛼, 𝜏 ,Njr ,NPCR, dijr=1, d−ijr, 𝜃

�
if y=0

.

F I G U R E  2  Results from three mock samples analysed with four dilutions and two metabarcoding markers (MiFishU [MFU] and MarVer1 
[MV1]). Only ‘A’ samples for each mock sample are shown. (a) Detections (1) or absences (0) as a function of amplifiable DNA copies for 
individual replicates. Points have been jittered along the y-axis to reduce overlap. Dashed line shows expected relationship between 
detection and DNA copies if the relationship is driven exclusively by Poisson sampling of DNA molecules (Equation 1). (b) Standard deviation 
of the proportion of reads among replicate aliquots as a function of the mean estimated proportion for each taxon. Lines show least-squares 
linear model fits across taxa.
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8  |    SHELTON et al.

detect different but overlapping sets of species in Appendix  S1 
(Figures S1.9 and S1.10).

2.2.3  |  Application to mock samples

We applied our model to triplicate observations from our 24 mock sam-
ples assayed with two markers (MFU and MV1) to test whether we could 
recover species copies from metabarcoding observations alone. Unlike 
the simulation models, here we estimated the relative amplification ef-
ficiency for each species within the model by splitting the 24 samples into 
two groups. We treated three samples (undiluted mock 1A, 2A and 3A) 
as having known DNA copy numbers for all taxa and used these three 
samples to inform the relative amplification efficiency among taxa. In the 
absence of including some samples with known starting DNA abundance, 
estimates of absolute or relative DNA abundance from metabarcoding 
are confounded with estimates of relative amplification efficiency (see 
Shelton et al., 2023). The remaining 21 samples were considered to be 
unknown and therefore served as an out-of-sample measure of model ac-
curacy. The model estimated parameters using all 24 samples simultane-
ously. In Appendix S1, a parallel analysis using three different samples to 
inform estimates of relative amplification efficiency is presented.

3  |  RESULTS

3.1  |  Simulation and mock samples

3.1.1  |  Probability of detection

In the simulations, the probability of detecting a taxon depended on both 
the absolute number of DNA copies available (top row of Figure 1) as well 
as the relative abundance (proportion) of each taxon (see Figure S2.1 for 
a general schematic representation of sampling and metabarcoding pro-
cesses). For example, the blue line in Figure 1 shows a total sample con-
taining 100 copies while the orange line corresponds to 100,000 copies; 
thus, a taxon with ten expected copies in each sample would result in ex-
pected frequencies of 0.1 and 0.00001, respectively. The effect of rela-
tive abundance was strongly mediated by the read depth. When many 
reads were observed, the probability of detection was largely driven by 
the absolute, not relative, abundance except at very high total DNA cop-
ies (see also Figure S2.5). This pattern also occurred when there was 
variation in amplification rates among taxa (Figure S2.2), although there 
was additional noise from amplification variability. A general conclusion 
of these simulations is that non-detections (dropouts) were more likely 
to occur as a result of low absolute DNA abundance than from relative 
rarity as long as reasonable read depths are achieved (i.e. >10,000 total 
reads per sample in our simulation). Relative rarity becomes more im-
portant in the case of low read depths or in samples with high total DNA 
copies (i.e. when a taxon represents 0.001 or less of the proportion of 
DNA amplified from a sample; Figure S2.5). The results presented here 
were representative of patterns observed across the wide range of sim-
ulations (Figures S2.2 and S2.3).

Empirical observations from mock samples closely mirrored 
the simulations. Among empirical observations, dropouts only oc-
curred in samples with less than 100 total copies and only in taxa 
with less than about 10 copies in an aliquot (Figure 2; Figure S3.1). 
Relative abundances for an individual taxon vary among mock sam-
ples, allowing for a limited comparison of the effect of relative abun-
dance on detection. For example, Pacific sardine (Sardinops sagax) 
was present in all six mock samples and ranged among mock sam-
ples from a relative abundance of 0.004 (mock 3B) to 0.096 (mock 
1A). Across the 1000-fold dilution series, individual mock samples 
have identical relative abundances. We observe no dropouts in the 
higher-concentration samples (undiluted and 1:10 dilutions) and 
very few dropouts at the 1:100 dilution (Figures S3.3 and S3.4). This 
demonstrates that dropouts coincide with changes in absolute DNA 
abundance. We see no clear evidence of an effect of relative rarity 
on dropouts. For example, Pacific sardine was detected across the 
range of relative abundances present in all six mock communities 
in the undiluted, 1:10 and 1:100 replicates (Figures S3.3 and S3.4). 
However, the effect of relative rarity on detection should become 
strongest at very low relative abundance (values of 0.001 or less; see 
Figure S2.5) and our mock samples do not contain very rare taxa. We 
targeted and achieved around 100,000 reads per aliquot (average 
within a sample ranged from about 28,000 to 216,000 reads with 
most around 100,000 reads; Figure S3.2) indicating broad similarity 
between the simulation and the experimental results. For such read 
depths, range of relative abundances, and total DNA concentrations, 
we would not expect relative rarity to play a large role in detections 
and indeed it did not. We saw very similar patterns across all mock 
samples (Figures S3.5 and S3.6).

3.1.2  |  Variability among replicates

We found that there were strong signals of expected total DNA copies 
in the relationship between mean and standard deviation of proportion 
of reads among technical replicates (Figure 1). Specifically, samples with 
few total expected DNA copies are highly variable among aliquots, while 
samples with large numbers of expected copies were more consistent 
and had lower variability among aliquots. As with detections, there was 
a clear effect of read depth, as samples where all replicates had only 
1000 reads and high expected DNA copies had similar mean-standard 
deviation relationships. In contrast, with 100,000 reads, differentiating 
among larger total copy numbers was possible, as each had a distinct 
relationship between the mean and the standard deviation of obser-
vations. Overall, the simulation suggested that the mean-standard de-
viation relationship among metabarcoding replicates contained usable 
information about the total expected copies of amplifiable DNA.

Within the empirical mock samples, we saw the same ordering 
of mean-standard deviation relationships with DNA abundance as 
the simulations (Figure  2b). Samples with few DNA copies were 
highly variable while samples with many DNA copies were less vari-
able. Similar patterns occurred in both markers across all samples 
(Figures  S3.7 and S3.8). As expected, the empirical patterns were 
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    |  9SHELTON et al.

somewhat noisier than the simulation (Figure  2; least-squares fit 
lines for different total copy numbers crossed for some samples). 
This was likely because the empirical data represent a single sample 
with three aliquots and varying read depth while the simulation rep-
resented the pattern averaged across hundreds of simulated sam-
ples. These results indicate that the inclusion of additional stochastic 
processes to the process model may be warranted.

Together, the results suggested that the concentration of DNA 
in a sample can be assessed by measuring the variability of me-
tabarcoding reads among replicate aliquots. While such patterns 
of metabarcoding variability have been qualitatively described in a 
range of studies (Gold et al., 2023; Leray & Knowlton, 2017; Mata 
et al., 2019), we devote the remainder of the paper to developing 
statistical estimators for DNA abundance within a sample using the 
variability of metabarcoding reads.

3.2  |  Estimating DNA copies

3.2.1  |  Simulations

For the simulated scenario, concentrations were estimable from rep-
licated metabarcoding observations alone (Figure 3). Figure 3a shows 
that estimates for each taxon broadly reflect the true expected cop-
ies, with estimates closely following the 1:1 line. Unsurprisingly, 
low copy taxa were uncertain, with estimates particularly uncertain 
below one copy. This reflects the fact that with only three aliquots, 
rare taxa will sometimes be entirely absent from all aliquots while 
others will be present in multiple aliquots due to stochastic sam-
pling. Differentiating among taxa having fewer than approximately 
three copies was difficult. However, it was easy to distinguish these 
rare taxa from higher-concentration taxa (i.e. differentiating a one 

F I G U R E  3  Estimation of simulated 
metabarcoding data for 100 replicate 
simulations of a 30 taxa sample assayed 
across seven sites with a single marker 
and three replicate aliquots. (a) Expected 
DNA copies for taxa across all simulation 
replicates for four of the seven sites (with 
10, 100, 1000, or 10,000 total expected 
DNA copies as facets). Points along the 
bottom of the y-axis (estimated DNA 
copies <0.001) reflect taxa that were not 
observed in any simulated metabarcoding 
observations despite being present in the 
simulated sample at low copy number. 
(b) Proportional error of posterior mean 
estimates for total expected DNA copies 
across all taxa.
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10  |    SHELTON et al.

copy taxon from a 100 copy taxon was straightforward). We saw 
a modest positive bias in the model estimate (median proportional 
error of the posterior mean estimate of about 0.05 across 100 simu-
lations; Figure 3).

3.2.2  |  Mock samples

Our model provided accurate estimates of both total DNA and in-
dividual taxon DNA copies (Figure  4). These estimates integrated 

F I G U R E  4  Cross-validation of model estimates (predicted expected DNA copies) against true expected DNA copies from mock samples. 
Data from both markers (MFU and MV1) inform estimates. Top: Estimated total expected DNA concentration for each of six samples across 
four dilutions (undiluted, 1:10, 1:100, and 1:1000). Note that three samples in the undiluted category are not displayed as they were used to 
inform amplification efficiencies during model estimation. Posterior mean and 90% intervals are shown. Perfect predictions would fall along 
the dashed, 1:1 line. Bottom: Estimated expected DNA copies for each taxon with true expected copies for each of the six mock samples 
and four dilutions (1:1 line and mean and 90% CI shown). Points along the bottom of the x- and y-axis (estimated or predicted expected DNA 
copies <0.002) reflect taxa that were not observed in metabarcoding observations despite being present in the simulated sample at low 
copy number or observed at very low levels in a mock sample where a taxon was nominally absent.
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    |  11SHELTON et al.

information from both the MFU and MV1 data and thus represent 
the consensus estimates for DNA from all available data from two 
metabarcoding markers. For both total expected DNA copies and 
expected DNA copies for each taxon, estimates closely track the in-
puts (Figure 4). For total expected copies, the 90% credible interval 
includes the true estimate in 16 of 21 samples; three of the 1000-fold 
dilutions were slightly off the 1:1 line and two of the undiluted sam-
ples were underestimated. The underestimated samples were the un-
diluted samples from mock 2 and mock 3 (see also Figure 4). Despite 
extensive investigation, we do not have a good explanation for why 
these particular estimates appear to be somewhat low, though the 
undiluted samples were sequenced on a different plate than the 
remaining observations (see Appendix  S1). Overall, the estimation 
remained quite good. The model provided similar fit when different 
samples were used for estimating relative amplification efficiency 
(Figures  S1.11–S1.13). These results revealed an ability to combine 
metabarcoding data from independent markers and recover DNA 
concentrations from replicated metabarcoding experiments while ac-
counting for variable amplification efficiency among taxa.

4  |  DISCUSSION

We have created a unified framework for (i) deriving quantitative in-
formation from replicate metabarcoding samples, and (ii) meaningfully 
combining results from two or more metabarcoding loci. The key to the 
statistical model is recognizing that replicated metabarcoding data—
either from sequencing replicates from a single locus or from multiple 
loci—derives from a shared quantity, the concentration of amplifiable 
copies of DNA in the environmental sample. By modelling the processes 
of sampling and amplifying DNA molecules via PCR, we illustrate the 
mechanisms leading to metabarcoding observations, and thereby link 
observations to underlying processes. We conducted tests using experi-
mentally created mock samples and found that our statistical methods 
performed well on empirical data. These approaches represent a sub-
stantial advance over currently available approaches.

This work expands the utility of metabarcoding data for ecolo-
gists and similar sequencing-derived data used by microbiologists, 
epidemiologists, and others by estimating amplifiable DNA copies, a 
biologically meaningful measure. Because metabarcoding can mea-
sure the DNA of hundreds of species simultaneously (depending 
upon the marker and samples), the statistical approaches presented 
greatly expand the potential impact of metabarcoding as a useful 
ecological tool. Moreover, this kind of process-based modelling may 
help to move the field away from ad hoc data transformations and 
occupancy models in the analysis of metabarcoding data. By show-
ing how observations from multiple markers can be joined in a sin-
gle framework, we can move from Venn diagrams toward unified, 
quantitative assessments of the number of copies of DNA present 
in biological samples.

Here we have focused on the mechanisms and analytical pro-
cesses that lead to metabarcoding observations within individual bi-
ological samples. A separate and important question that we do not 

address is the relationship among source organisms, DNA present in 
the environment, and DNA collected in biological samples (e.g. bot-
tles of water). These connections are particularly important for large-
bodied eukaryotic species that may not be present when their DNA 
was collected (i.e. not bacteria, phytoplankton or other small organ-
isms that are directly captured in a biological sample). The relation-
ship between DNA sources and collected samples is likely to depend 
strongly on the species and environmental contexts of interest; DNA 
concentrations arise from the combined processes of shedding, trans-
port, and decay (Andruszkiewicz et al., 2019; Barnes & Turner, 2016; 
Brasseale et al., 2025). In all cases, a key step in connecting patterns of 
DNA in the environment to organismal abundance and distribution is 
deriving estimates of taxon-specific DNA concentration in individual 
samples. We have shown how to derive such estimates from metabar-
coding observations alone. We provide a general observation model 
for metabarcoding data that can be connected to almost any underly-
ing spatial or temporal model of DNA concentration.

Our framework offers an explanation for a range of common 
patterns in ecological eDNA studies that lead to confusion among 
users. For example, metabarcoding data from aliquots taken from a 
single sample can sometimes look very different from one another, 
both in terms of taxa detected and their relative abundances. Our 
simulations and empirical results suggest that these patterns are 
likely a consequence of samples with low DNA concentrations of 
the target organisms—and hence, concomitantly high variability—
consistent with discussions elsewhere in the literature (see Leray & 
Knowlton, 2017; Mata et al., 2019). Rather than indicating a failure of 
molecular data as a valid source of information, these kinds of differ-
ences among replicate aliquots are instead the expected behaviour. 
We have shown how to make use of this variability to provide esti-
mates of DNA concentration that were otherwise unavailable.

As made clear by our analysis of mock samples, metabarcoding 
data remains challenging. Two potential limitations stand out. First, 
the spectre of amplification variability among taxa remains a major 
concern for the interpretation of metabarcoding data. Developing 
experimental mixtures of DNA from multiple taxa can clearly be used 
to estimate relative amplification rates (see also Shaffer et al., 2026; 
Shelton et al., 2023). Although estimating relative amplification from 
the attributes of the primer and template shows significant promise 
(e.g. Shaffer et al., 2025), quantifying relative amplification rates for 
large communities remains a difficult component of metabarcoding. 
Second, it is possible that PCR inhibition or stochastic lab errors 
could produce patterns of high variability that could lead to errant 
estimates of DNA concentrations. We speculate that modest inhi-
bition may have led to an underestimate of DNA concentration in 
our highest concentration mock samples; high DNA concentrations 
are known to be associated with PCR inhibition (Opel et al., 2010). 
However, many field samples will contain substantially less DNA 
than the mock samples we used here.

We also note that this framework could be easily extended to 
incorporate additional information from individual taxa within a 
sample. For example, a spike-in—in which a taxon of known concen-
tration and amplification efficiency is added to each sample (Deagle 
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12  |    SHELTON et al.

et al., 2018)—provides a single taxon with precisely estimated cop-
ies against which the abundance of other taxa could be calibrated. 
However, determining an appropriate amount of DNA added during 
a spike-in to each sample remains a challenge (Deagle et al., 2018) 
and, like all other DNA observed during metabarcoding, the relative 
amplification efficiency of any spike-in needs to be known or estima-
ble for proper inference. Measurements of DNA concentration for a 
single taxon in each sample via qPCR or ddPCR could similarly help 
calibrate the abundance of remaining taxa. In practice, a single taxon 
may not be present in all samples of interest and therefore estimates 
of DNA copies from multiple taxa may be helpful for calibration.

We are confident in our results but our analyses are limited to simu-
lated data and an application to mock samples created from 34 marine 
species from the NE Pacific Ocean. The methods presented deserve 
further testing and application to a variety of markers and systems. We 
motivated our work based on the PCR, sequencing, and bioinformatic 
protocols that we use but future testing should investigate the model's 
efficacy on data derived from other markers and laboratory protocols. 
Similarly, we expect the statistical model can be improved. Our esti-
mators have a mild estimation bias that further investigation may be 
able to resolve. In particular, we note that the form for the dispersion 
parameter, �, is complex; alternate forms for � are worth exploration. In 
the appendices, we provide simulation tools and statistical estimation 
tools that can form the basis for advancing this work.

Finally, there are clear avenues for connections with other com-
mon ecological data and statistical approaches. Most obviously, DNA 
concentrations can also be measured directly by single taxon qPCR 
and ddPCR, meaning that multiple kinds of environmental genetic 
data can now be linked together (e.g. Guri et al., 2024). For focused 
studies of individual or a few species, qPCR or ddPCR methods will 
still be preferred to metabarcoding approaches due to cost and ease 
of analysis, but for larger ecological communities of interest, the sta-
tistical approach provided here provides an intriguing path forward. 
Recent decades have seen a rapid expansion in spatio-temporal sta-
tistics for ecological survey data (Cressie & Wikle, 2011) including 
some eDNA applications (Diana et al., 2025; Shelton et al., 2022). 
In particular, it is possible to envision building quantitative spatial 
or spatio-temporal models of DNA concentration for tens of taxa 
simultaneously and linking such information to other available ob-
servation types (e.g. visual or acoustic survey data). The resulting 
joint estimates of abundance and distribution may expand the value 
of expensive field surveys—for example, allowing natural-resources 
agencies to optimize the yield of information about species of inter-
est from a mix of molecular and more traditional sampling methods.
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