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ABSTRACT

Does environmental DNA (eDNA) concentration correlate with numerical abundance (N) or biomass in aquatic organisms? We
hypothesize that eDNA can be adjusted to simultaneously reflect both. Building on frameworks developed from the Metabolic
Theory of Ecology, we derive two equations to adjust eDNA data to simultaneously reflect both N and biomass using popula-
tion size structure data and allometric scaling coefficients. We also demonstrate that these equations share model parameters,
necessitating the joint estimation of regressions between adjusted eDNA, N, and biomass. Furthermore, our framework can be
extended to model how other variables (temperature, taxa, diet, trophic level, etc.) might impact relationships between eDNA, N,
and biomass in natural ecosystems. We applied our framework to data from two previously published studies correlating eDNA
to Brook Trout (Salvelinus fontinalis) N and biomass. In both case studies, point estimates of the scaling coefficient (b) reflected
allometric processes (b=0.51 and 0.37 for Case Study 1 and 2, respectively), with credible intervals indicating that b likely differed
from zero (i.e., eDNA scales with N) and one (i.e., eDNA scales with biomass). Directly estimating the value of b improved esti-
mates of N and biomass relative to assuming b equals 0, which particularly affected the capacity to estimate biomass. However,
models assuming eDNA production scaled with biomass (i.e., b=1) were largely similar to estimating b, implying that assuming
eDNA scales linearly with biomass might be a sufficient approximation for some systems. Nevertheless, the framework demon-
strates that correlating eDNA directly with either N or biomass (as is commonly done in many studies) inherently necessitates an
adjustment to infer the other metric if populations exhibit size structure variation. Collectively, we demonstrate that quantitative
eDNA data is unlikely to correspond exactly to either population N or biomass but can be adjusted to simultaneously reflect both.
JEL Classification: BiologicalSciences, Ecology

1 | Introduction traditional sampling techniques (Boivin-Delisle et al. 2021;

Evans et al. 2017; Sard et al. 2019). The extent to which quan-
Environmental DNA (“eDNA,” referring to DNA found in titative eDNA data (e.g., concentration in the environment) can
environmental mediums like air, soil, or water) sampling  provide inference regarding the “unseen” numerical abundance
is a cost-efficient and highly sensitive method for detect- (IN) or biomass of organisms within an environment is less clear
ing and identifying aquatic species, often outperforming and remains an intensive line of research (Rourke et al. 2022;
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Yates, Cristescu, et al. 2021). Empirical studies typically show
positive correlations between the concentration of organisms'
DNA in an environment and their abundance (which we define
as either N or biomass), but the extent to which observed eDNA
concentrations will more closely reflect N or biomass remains a
major outstanding question (Yates et al. 2019).

Numerical abundance and biomass represent two linked, but
distinct parameters. Although they are often both highly cor-
related with eDNA concentration data (Yates et al. 2019), they
can also exhibit subtle variations in their relationships with
eDNA (Baldigo et al. 2017; Lacoursiére-Roussel et al. 2016;
Pilliod et al. 2013; Stoeckle et al. 2021; Yates, Glaser, et al. 2021).
This variation likely arises because eDNA production may not
directly correlate with either N or biomass. Instead, it may scale
allometrically; that is, mass-specific eDNA production rates
may tend to decline as organism mass increases (Maruyama
et al. 2014; Stoeckle et al. 2021; Takeuchi et al. 2019; Yates,
Glaser, et al. 2021). As such, improving the associations between
N, biomass, and quantitative eDNA data should be achieved by
modeling eDNA production using classic allometric frameworks
derived from the Metabolic Theory of Ecology (MTE) (Brown
et al. 2004). Specifically, eDNA production might be better rep-
resented as a function of the individual organism's mass raised
to the power of an allometric scaling coefficient (“b”) multiplied
by a normalization constant (Brown et al. 2004; Yates, Glaser,
et al. 2021).

Numerous studies have demonstrated that integrating allometry
into metrics of organism numerical abundance can strengthen
correlations between quantitative eDNA concentration data and
population/species abundance in natural ecosystems (Skelton
et al. 2023; Stoeckle et al. 2021; Yates et al. 2023; Yates, Glaser,
et al. 2021). It should be noted, however, that these studies
have incorporated allometry by applying data adjustments to
population-level organism abundance variables. Specifically,
they express organism abundance as the sum of individual mass
values within a population raised to the power of an allometric
scaling coefficient b, with the value of b depending on the rate
at which eDNA production scales with individual body size
(Skelton et al. 2023; Stoeckle et al. 2021; Yates et al. 2023; Yates,
Glaser, et al. 2021).

Metabolic scaling transformations reflect the “direction” of
functional relationships between eDNA and organism abun-
dance (e.g., eDNA is a product of allometrically adjusted bio-
mass). However, to improve the estimation of unobserved
(unmeasured) N and biomass from quantitative eDNA data,
such adjustments must instead be applied to eDNA data (Levi
et al. 2019). We hypothesize that the allometric scaling pa-
rameter represents the fundamental parameter that links
population-level eDNA production to both N and biomass
by accounting for the effect of size structure on eDNA pro-
duction. Therefore, we propose that predicting both N and
biomass from quantitative eDNA data necessitates the deri-
vation of a framework that simultaneously models both N and
biomass from quantitative eDNA data (e.g., N=f(eDNA) and
biomass =g(eDNA)). This framework can then be used to ad-
just quantitative eDNA data based on species or population
size structure data, allowing the simultaneous inference of
both N and biomass as distinct yet linked (by size structure)

parameters, thus “unifying” the inference of N and biomass
from eDNA.

We propose the framework described in Figure 1, derived from
the assumption that the individual-level eDNA production rate
follows the same allometric relationship with body mass as
other key metabolically linked rates (Brown et al. 2004; Vanni
and Mclntyre 2016) and body surface area (O'Shea et al. 2006)
in animals:

I=I,x M 6))

where I=individual eDNA production rate per unit of time,
M =the individual body mass of an organism, I,=an eDNA pro-
duction rate normalization constant, and b=an allometric scal-
ing coefficient.

If eDNA production can be approximated using Equation (1),
an aggregate “population”-level of eDNA production per unit of
time can be expressed using the following formula:

]\Ti
eDNA, = I, X Z,- xt (2a)

where eDNA, is the aggregate eDNA production rate for the ith
population, Zjv xg is equal to the sum of the jth individual mass
values raised to the power of the allometric scaling coefficient, b,
for the ith population (Yates, Glaser, et al. 2021).

In limnology, typical mass-balance approaches to modeling par-
ticle concentrations in lentic ecosystems integrate particle input,
particle transport, and particle decay (Kalff 2001):

M/V
P= /

Q
V+0'

where P equals the particle concentration, M equals the quan-
tity input of the particle per unit time, V equals the waterbody
volume, Q equals the transportation rate per unit time, and o
equals the particle decay rate per unit time. We note that the

N x X = Biomass

Biomass

X = population mean mass

xP =mean of allometrically
scaled population mass

FIGURE 1 | Conceptual diagram outlining the derived framework.
N and biomass can each be individually derived by adjusting quantita-
tive eDNA data according to the equations displayed. However, deriva-
tions of N and biomass should satisfy the condition that biomass is equal
to N multiplied by the mean mass of individuals within a population.
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model can be further parameterized to account for waterbody
volume, eDNA particle transportation, and eDNA particle decay
(if data are available), as has been parameterized in several stud-
ies (e.g.,Jo et al. 2019; Sassoubre et al. 2016; Beaulieu et al. 2024).
Although these factors can be integrated into eDNA/abun-
dance/biomass models, our primary focus is on unifying the
relationships between eDNA concentrations, N, and biomass.
Therefore, in this model description, we assume that system-
specific parameters for DNA in the environment (V; Q, and o)
remain constant across populations, and we concentrate on the
input parameter, M. With this simplification, eDNA steady-state
concentration are directly proportional to eDNA production
and, assuming a constant waterbody volume, our model can be
simplified to:

N,
eDNA, =J, X Z,- X (2b)

where eDNA, represents the steady-state concentration of eEDNA
in population i, and J, represents the eDNA production rate con-
stant (I,) divided by transportation and decay rates. The simpli-
fied Equation (2b) can alternatively be expressed as:

eDNA, = J, x N; X ®)

where N, is the numerical abundance of the ith “population” and
xli’ represents the mean of allometrically scaled individual mass
values for the ith population. Equation (3) can be reformulated
to express population N as a function of eDNA, divided by xf of
the ith population as:

N = f(eDNA): N, = ]l eDNA, = X @
0

Similarly, Equation (5) can be used to estimate population bio-
mass as a function of eDNA, population mean mass (¥;), and an
allometric scaling coefficient. Given that:

Biomass; = N; X X; 5)

we can then substitute Equation (4) for N, and rearrange it to
obtain:

X
Biomass = g(eDNA): Biomass; = ]l eDNA; X x=; 6)

0 ;
i

From a mathematical perspective, note that N and biomass are
correlated metrics, as established in Equation (5). Therefore,
any quantitative framework estimating or deriving both metrics
from quantitative eDNA data must satisfy this correlation condi-
tion. Given that the parameter estimates for J, and b are shared
between Equations (4) and (6), they must be estimated jointly
across both regressions to ensure consistency.

Below, we describe the application of the above framework
to two previously published datasets studying Brook Trout
(Salvelinus fontinalis) inhabiting lentic systems (see below),
including a discussion of the results and their implications for
the application of eDNA to monitor abundance and biomass.

However, metabolic theory and the literature on eDNA dy-
namics represent a rich foundation on which the above frame-
work can be expanded to model such relationships. Before
demonstrating the empirical application of the framework on
Case Study datasets, we present a series of testable predictions
based on our framework for future research. If validated, the
predictions offer a quantitative, conceptual, and empirical
roadmap to advance the future application of eDNA in mon-
itoring both N and biomass across taxonomic groups and tro-
phic levels in natural ecosystems.

2 | Expanding the Framework: Predictions From
Metabolic Theory

The equations herein to unify the relationships between eDNA,
N, and biomass were derived from frameworks originally devel-
oped to model ontogenetic changes in physiological and metabolic
processes and form the basis of the broader Metabolic Theory of
Ecology (Brown et al. 2004). While this work focused on unify-
ing relationships between eDNA, N, and biomass, metabolic the-
ory represents a rich and well-developed body of work that can
be readily extended to model the impact of variables beyond al-
lometric scaling parameters on relationships between eDNA and
abundance metrics. Below, we highlight key predictions that can
be made as extensions of broader metabolic theory and eDNA dy-
namics to model eDNA production; our goal is to move the study
and interpretation of quantitative eDNA signals forward by pro-
viding a set of testable predictions to validate the extension of this
framework to the interpretation of quantitative eDNA signals.

2.1 | Bioenergetics: Integrating Temperature
Dependency Functions (f(T)) Into Model
Predictions

Classic bioenergetics frameworks that model key physiological
rates like consumption (shown below), excretion, and egestion
often take the form of:

Consumption = I, x M? x (T)

where f(T) equals a temperature dependency function (Hanson
et al. 1997). Temperature is a key parameter influencing eDNA
pseudo-steady-state concentrations (Caza-Allard et al. 2021; Jo
et al. 2019); such frameworks could likely be extended to model
the broad effect of temperature on quantitative eDNA data re-
covered from natural ecosystems (Yates, Cristescu, et al. 2021;
Beaulieu et al. 2024). The J, term represents a parameter
which describes, for a given size of fish, the expected pseudo-
steady-state concentration of eDNA (e.g., how much eDNA a
single 100g fish would produce under given conditions) and
would vary across ecosystems depending on the value of dif-
ferent parameters affecting eDNA production. The f(T) would
traditionally apply a transformation to I, or J, (Stewart and
Ibarra 1991) and, when applied through our framework, the
associated adjustment would represent the reciprocal of f(T)
and should be a shared parameter across both the N and bio-
mass models.
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No studies, to date, have examined eDNA production across a
wide enough temperature gradient to characterize the shape
of the eDNA f(T). However, we would expect it to follow a sim-
ilar form as other temperature-dependency functions associ-
ated with physiological processes related to eDNA production,
such as consumption (Stewart and Ibarra 1991), with observed
eDNA concentrations decreasing at lower temperatures (Caza-
Allard et al. 2021; Jo et al. 2019). In the absence of controlled
experiments, it may also be possible to broadly derive f(T) in
natural ecosystems if data from a sufficient natural gradient
in temperature are collected.

2.2 | Breakdown of Allometric Relationship
During Spawning

Most Teleost fish and many other aquatic taxonomic organ-
isms (e.g., most Anurans) exhibit external fertilization, in
which gametes are broadly released and fertilization occurs
outside of the female organism'’s body. The release of gametes
(including ovarian and seminal fluid) is likely to result in large
quantities of eDNA in the water column (Collins et al. 2022;
Tsuji and Shibata 2021). Additionally, increased activity can
result in additional shedding of eDNA (Thalinger et al. 2021);
increased activity or aggressive behavior associated with mate
competition could result in increased eDNA production. For
semelparous species, eDNA is also likely to increase substan-
tially as a result of the decay of corpses following spawning
(Tillotson et al. 2018). Collectively, spawning is likely to re-
sult in an increase in mass-specific eDNA production rates
for reproducing individuals, which are typically larger bodied
than nonreproductive individuals. As a result, the value of b
is likely to increase during reproductive periods, potentially
even surpassing 1 (e.g., larger reproductive individuals have
higher mass-specific eDNA production rates than smaller im-
mature individuals).

2.3 | Expanding to InterSpecific Relationships: I,
(and Thus eDNA/Biomass Regression Slopes) Will
Likely Reflect Metabolic Rates and Surface Area
Characteristics Across Macroscopic Taxa

Metabolic theory can be applied to model allometry in physi-
ological and metabolic processes on both an intra- and inter-
specific basis (Allegier et al. 2015; Jerde et al. 2019; Vanni and
Mclntyre 2016). We note that taxonomic variation in the value
of b exists for key physiological rates likely related to eDNA
production (Allegier et al. 2015; Jerde et al. 2019; Vanni and
McIntyre 2016). However, based on metabolic theory, we pre-
dict that we would also observe consistent differences in the
regression slopes (moderated by J) for eDNA production be-
tween taxonomic groups based on both a combination of levels
of metabolic activity and external surface area characteristics
(Figure 2).

Turtles, for example, are expected to have low mass-specific
eDNA production rates due to their low metabolic activity and
hard external surfaces (Adams et al. 2019); this would man-
ifest in a lower I, and/or J, (and thus higher § slope values,
given the slope is equivalent to ]in) relative to other large-bodied

Biomass

Corrected eDNA data

FIGURE 2 | Conceptual figure describing predicted trends across
taxonomic groups. We would expect slope values between allometri-
cally adjusted eDNA-biomass relationships to vary based on metabol-
ic activity and trophic level. Plants would be expected to produce very
little eDNA relative to biomass. Metazoans with low metabolic and ac-
tivity rates would also likely have high slope values relative to active
taxonomic groups like fishes. Small multicellular and single-celled or-
ganisms, which are captured whole body on eDNA filters, would have
very low slope values. Illustrations by Tracy Saxby, Emily Nastase,
Kim Kraeer, and Jane Thomas; Integration and Application Network,
University of Maryland Center for Environmental Science (https://ian.
umces.edu/media-library/).

macroorganisms (Figure 2). Depending on the relative impor-
tance of excretion/egestion and surface shedding for the pro-
duction of eDNA, chitinous organisms may similarly produce
less eDNA relative to nonchitinous groups due to possessing
hard external surfaces versus an epidermal or mucous layer
(Stewart 2019). In marine systems, for example, echinoderms
(a metabolically slow taxonomic group with hard external sur-
faces) may also exhibit low values of I. In a study on eDNA
derived from Antarctic water, researchers found poor recov-
ery of echinoderm reads in metagenomic data despite echi-
noderms representing a diverse and high-abundance taxa
(Cowart et al. 2018). While the authors note that this may be
due to a general lack of reference genomes for this taxa, echi-
noderms are also characterized by low activity and resting
metabolic rates relative to other metazoans (e.g., fish; Seibel
and Drazen 2007). Aquatic plants and macroalgae, which are
notoriously difficult to detect using eDNA and for whom weak
relationships between eDNA and biomass are often found
(Jo 2023; Kuehne et al. 2020), represent an even more extreme
example. Identifying the taxonomic level at which b and I,/J
coefficients may vary across macroorganisms is a critical next
step, with additional potential application to detection proba-
bility models.

2.4 | I and “b” May Be Affected by Diet
and Trophic Position Among Macroscopic Taxa

Feeding rate has been observed to have a positive effect on
eDNA production (Klymus et al. 2015), and differences in the
volume of fecal production among trophic groups have long
been observed. Carnivores, for example, tend to eat higher
quality food and have higher assimilation efficiencies; as a
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result, they tend to produce smaller quantities of feces com-
pared to herbivores and detritivores, which consume and egest
much larger volumes of biomass as a proportion of their body
mass (Mill et al. 2007; Wotton and Malmqvist 2001). eDNA
production rates may thus be affected by diet composition and
trophic level.

2.5 | Interactions Between eDNA Capture
Methodology and Organism Body Size Will
Moderate I, and “b” Across Multicellular
Macro- and Microorganisms

Mechanisms of eDNA capture may have significant impacts
on the distribution of I, and “b” among taxonomic groups and
trophic levels, with particularly important implications for
eDNA from plankton and microorganisms. We note that this
framework is agnostic as to the source of the DNA found in
environmental samples, that is, it is flexible enough to apply to
both extraorganismal DNA from macroorganisms as well as
eDNA derived from whole-body multicellular and unicellular
microorganisms captured in environmental samples. For the
purposes of this discussion, we will therefore broadly adopt
the definition of eDNA as DNA from environmental samples
derived from both organismal and extraorganismal sources,
as defined in Pawlowski et al. (2020).

Scaling coefficient values for extraorganismal eDNA pro-
duced by macroorganisms (i.e., organisms too large to be cap-
tured directly on eDNA filtering media) would be expected to
reflect metabolic/surface area allometry, as discussed above.
However, for multicellular plankton (e.g., zooplankton) and
multicellular microorganisms, most eDNA in samples would
likely derive from captured whole organisms. Assuming that
the cell density of an organism scales approximately linearly
with organism biomass, eDNA derived from these organ-
isms will thus likely scale approximately linearly with their
biomass; we thus predict that the expected value of the scal-
ing coefficient for these organisms would likely be close to 1
(Figure 3).

Similarly, multicellular microorganisms (e.g., plankton) cap-
tured whole-body in eDNA samples will likely produce sub-
stantial quantities of DNA, given that high-quality DNA from
their entire body will be lysed and extracted during sample pro-
cessing (as opposed to trace quantities of potentially partially
degraded extraorganismal DNA from macroorganisms). As a
result, we would predict substantially lower slope values for bio-
mass/eDNA relationships (moderated by I)) for microorganisms
captured whole-body in eDNA samples (Figure 2). Identifying
if, and at what approximate gradient of body size, eDNA shifts
from being generated primarily by the excretion and/or shed-
ding of extraorganismal DNA to predominantly whole-body
DNA from captured organisms will be important to broadly in-
terpret quantitative eDNA signals across trophic levels.

2.6 | b=0for Unicellular Organisms, and
eDNA/Biomass Slope Values Will Vary Between
Prokaryotes and Single-Celled Eukaryotes due to
Differences in Mean Cell Size

Unicellular organisms, similar to multicellular microorgan-
isms, are captured whole body/cell. However, as many microbial
metagenomics studies have noted, eDNA copies should roughly
scale with the number of individuals of a given species present
in the sample (Nayfach and Pollard 2016), rather than with their
biomass. For these organisms, we would thus expect that the
eDNA present in the environmental sample would scale with a
b-value close to 0 (i.e., with numerical abundance), rather than
1 (i.e., with biomass; Figure 3). Reads assigned to prokaryotes
and single-celled eukaryotes, which are both captured “whole
organism” in environmental samples, dominate metagenomic
shotgun sequencing data, reflecting their high abundance in
eDNA samples (Cowart et al. 2018; Stat et al. 2017). As with
multicellular microorganisms, this would manifest in lower
slope values for adjusted eDNA/biomass relationships (moder-
ated by I)) relative to macroorganisms (Figure 2). However, we
also predict that slope values between adjusted eDNA data and
biomass should be higher among multicellular plankton/micro-
organisms and protists relative to prokaryotes, as differences in

FIGURE 3 | Allometric scaling coefficient is likely to vary based on the combination of the source of eDNA and trophic level. Environmental

DNA captured in filters from large metazoans (e.g., fish, amphibians, large invertebrates, etc.) is likely to be extraorganismal, and thus scale with
values similar to physiological rates and surface area (e.g., ~0.75; note that intraspecific metabolic scaling coefficients may be closer to 1, see Jerde
et al. (2019)). Environmental DNA from small multicellular organisms may be predominantly derived from the capture of whole-bodied organisms
on water filters, and thus eDNA is likely to scale with biomass (e.g., b~1). Environmental DNA collected from single-celled organisms is likely to
also be predominantly derived from whole-bodied organisms on water filters, but will scale with gene copies per cell (functionally numerical abun-
dance, e.g., b~0). Note that we define “environmental DNA” as any DNA (extraorganismal or organismal) captured in an environmental sample.
Illustrations by Tracy Saxby, Emily Nastase, Kim Kraeer, and Jane Thomas; Integration and Application Network, University of Maryland Center for
Environmental Science (https://ian.umces.edu/media-library/).
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slopes between these groups may be largely influenced by mean
cell size (Figure 2).

3 | Applying the Unified Framework to Empirical
Datasets

Herein, we apply the quantitative framework described above in
Equations (4), (5), and (6) to two previously published Brook Trout
(Salvelinus fontinalis) datasets in freshwater lake systems: One
where population size structure varied by an order of magnitude
across populations (Yates, Glaser, et al. 2021) and another where it
varied fourfold (Gaudet-Boulay et al. 2023). We used a Bayesian ap-
proach in which we jointly estimated models relating quantitative
eDNA data to N and biomass in these two case studies based on
Equations (4) and (6), which share xf’ and beta coefficient (Jl) pa-
rameters. While these two datasets lack data to empirically test fur-
ther expansions of the framework described above, they serve as
illustrative examples of how the framework can be applied to em-
pirically estimate abundance and biomass, simultaneously, from
quantitative eDNA data in conjunction with size-structure data.

4 | Materials and Methods

4.1 | Case Study 1: Brook Trout Abundance
and eDNA in a System With Substantial Size
Structure Variation Among Populations

Yates, Glaser, et al. (2021) examined the relationship between
eDNA concentration and Brook Trout abundance in nine study
populations in the Rocky Mountains, Canada (see methods de-
scribed therein for a full description). In brief, Brook Trout abun-
dance was assessed using fyke net capture-mark-recapture data,
and population body size structure was assessed from standard-
ized mixed-mesh index netting. The mean concentration of eDNA
in each lake was assessed by collecting four 1L littoral and four
1L pelagic water samples systematically distributed throughout
the study lakes. Water samples were filtered onsite, and qPCR
(Wilcox et al. 2016) was used to assess brook trout eDNA con-
centration in each sample. Mean lake eDNA concentration was
then estimated via the weighted average eDNA concentrations
observed in samples from the littoral and pelagic zones; samples
from each zone were assigned weights based on the respective
proportions of these two zones in each lake. Notably, size struc-
ture among studied populations varied substantially in this
dataset; the mean mass of individuals in the largest-bodied pop-
ulation was approximately an order of magnitude greater than
the mean mass of individuals in the smallest-bodied population
(mean mass range =43.1g-404.8 g/individual). As a result, it is a
useful case study to explore the impact of a significant gradient in
size structure on observed eDNA concentrations.

4.2 | Case Study 2: Brook Trout Abundance
and eDNA in a System With Little Size Structure
Variation Among Populations

For full methodological details, refer to Gaudet-Boulay
et al. (2022). In brief, eDNA samples were collected from 15
lakes in 2020. Twenty 2L samples were collected from each

lake (depth=0.5-2m, 5-10m from the shoreline). Samples were
collected at systematic even-intervals throughout the perime-
ter of each lake; equal distancing between samples was calcu-
lated by dividing the perimeter by the total sample number (20).
Quantitative PCR (Wilcox et al. 2016) was used to assess Brook
Trout eDNA concentrations, with mean lake concentrations
estimated from the average concentrations observed across all
samples collected from a lake. We also only used 2020 in Case
Study 2 due to unusually low correlations between capture ef-
fort and eDNA concentration in 2019, likely due to year-specific,
seasonal effects on brook trout distributions (Gaudet-Boulay
et al. 2022).

This study differed from the Yates, Glaser, et al. (2021) data-
set used in Case Study 1 in two important ways; first, popu-
lation size structure varied less than fourfold across studied
populations (mean mass range=_83.4g-296.6g/individual).
Second, abundance and biomass were directly estimated in
Yates, Glaser, et al. (2021); eDNA concentrations in Gaudet-
Boulay et al. (2023), were instead compared to abundance
indices based on catch estimates obtained from anglers: Fish
harvested per hectare (density/ha) and biomass harvested
per hectare (biomass/ha). However, we lacked individual
size data. As a result, it was only possible to calculate the
mean individual mass for each population (mean mass =bio-
mass+N). Given that only mean population body mass data
were available, several simplifying assumptions were made
in our allometric eDNA adjustment for this empirical exam-
ple. All individual members of a population were assumed to
have a body mass equal to the mean body mass of that popu-
lation. When all individuals of a population are assumed to
have identical body mass, the mean of allometrically scaled
individual mass values in the ith population is equal to the al-
lometrically scaled mean mass of the ith population (xf’ = J_cf).
In this case, Equation (4) simplifies to:

1 .
N; = 7 eDNA; <X/ 7)

X;
0
Similarly, Equation (6) simplifies to:

Biomass, = Ji eDNA, x X' ° ®)
0

where eDNA, denotes aggregate eDNA production for the ith
population, J;, denotes a normalization constant representing
the equilibrium between production, degradation, and disper-
sion, N; is the numerical abundance of the ith population, X; is
the mean individual body mass of the ith population, and b is the
allometric scaling coefficient.

For Case Study 2, we applied eDNA adjustments for abundance
metrics by adjusting eDNA data or abundance using the mean
mass of a population raised to the power of b (J_cf) rather than the
mean of allometrically scaled individual mass values of a given
population (xf) as in our original formulation (see Equations (7)
and (8) above). Note, again, that this was only applied in the case
of this second empirical example. However, this scenario may
represent common datasets, and Equation (7) and (8) allow for
the extension of our modeling framework when data include
fewer details regarding population size structure.
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4.3 | Integrating Allometry Into eDNA
Adjustments in Natural Ecosystems to Estimate
Population N and Biomass

We estimated the value of b that jointly optimized the b and I,
values between “corrected” eDNA data and our two abundance
metrics. We modeled N as a function of the adjusted eDNA con-
centration using a negative binomial distribution with an iden-
tity link and modeled biomass as a function of adjusted eDNA
concentration using a truncated (below by zero) Gaussian distri-
bution for biomass:

N; ~NB(p;,r)

_\a
X;

Biomass; ~ TN<;4i, Ti/<eDNAix=;> >
i

ol

i

u; = PeDNA;

4

where p; is the probability parameter derived from the mean
abundance predictor, 4,, r is the size parameter for the negative
binomial model (NB), y; is the mean of the truncated Gaussian
(TN) model, X; is the mean mass of the ith population, and xf is
the mean of the allometrically scaled size structure distribution
of the ith population. Note that the regression coefficient for the
eDNA predictor term, 3, is shared between the abundance and

biomass models, and is equivalent to 1/, in Equation (4) and (6)
a

above. The precision term (T/ (eDNA%) ) allows variance

to increase heteroscedastically with adjusted eDNA. We used
a global Gaussian prior truncated below by zero for the § pa-
rameter (i.e., the slope of the relationship between eDNA, N,
and biomass) to constrain the model to an increasing function
with eDNA, a gamma prior for 7 to allow variance in biomass to
increase with adjusted eDNA, and uniform priors for b, a, and
size terms:

p ~ TN(0,0.001)
r ~ Uniform(0, 50)
7 ~ gamma(l,0.01)
a ~ Uniform(0, 1)
b ~ Uniform(0, 2)

We fitted an origin-intercept model to estimate both N and bio-
mass. Under our framework, a joint model that simultaneously
estimates N and biomass must satisfy all the conditions estab-
lished in Figure 1. Therefore, any estimates of population N and
biomass must meet the condition described by Equation (5):
population N multiplied by the mean mass of organisms within

a population must equal biomass. Fitting origin-intercept mod-
els with a shared beta coefficient (representing the reciprocal of
the J, parameter) estimated across both regressions satisfies this
constraint. Since our framework assumes eDNA is produced
solely by organisms and, in the absence of those organisms, no
eDNA will persist in a stable steady state, an origin-intercept
model is theoretically appropriate for our data and allows us to
satisfy the conditions established in Figure 1.

We assessed model fit using Bayesian p-values based on the
mean squared error (MSE) between observed and simulated
values, visual assessment of traceplots (see Appendix S1),
and Gelman-Rubin convergence statistics for each parame-
ter (R < 1.05) on 10° iterations, three chains, a 100-thinning
rate, and a burn-in of 5x10% All analyses for both case stud-
ies were performed within the statistical software R (Core R
Team 2019) and JAGS (Plummer 2003a) using the packages
rjags (Plummer 2003b), jagsUI (Kellner 2021), and MCMCvis
(Youngflesh 2018). Graphs were created using base R as well as
the package ggplot (Wickham 2016).

5 | Results
5.1 | Case Study1

Our joint modeling approach demonstrated high positive cor-
relations between N, biomass, and size structure adjusted eDNA
data when b was directly estimated from the data (b=0.51,
CI=0.17-0.84; Table 1, Figure 4b). The credible interval estimates
for b did not overlap with either 0 or 1, indicating that eDNA pro-
duction likely scaled allometrically within this system, rather than
with N (b=0) or biomass (b=1). Directly estimating the value of
b represented an improvement over modeling approaches that fix

TABLE 1 | Fitted scaling coefficient values (b) for the relationship
between size-structure-adjusted eDNA data and N, biomass using
data from Yates, Glaser, et al. (2021; Case Study 1) and Gaudet-Boulay
et al. (2022; Case Study 2).

Gaudet-Boulay

Yates, Glaser, et al. (2021) et al. (2022)

r? - predicted

r? - predicted versus
versus observed observed (N,

b (N, Biomass) b Biomass)
02 0.64, 0.53 02 0.71, 0.56
0.51 0.87,0.72 0.37 0.74, 0.66
(0.17- (0.03-

0.84) 0.83)

1b 0.92, 0.69 1° 0.74,0.67

Note: Results are shown for the model in which b was estimated and for models
assuming b=0 (i.e., eDNA production scales with numerical abundance) and
b=1(i.e., assuming eDNA production scales linearly with biomass). Values in
brackets represent 95% credible intervals. The r? corresponds to squared Pearson
correlation coefficients between predicted and observed N and biomass values,
respectively.

“Value fixed in model, assumes eDNA production scales with numerical
abundance.

bValue fixed in model, assumes eDNA production scales with biomass.
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Linear regressions for Brook Trout eDNA concentration versus N (left column) and biomass (right column) for Case Study 1.

Environmental DNA data has been adjusted for different values of the scaling coefficient: (a) fixed b=0; (b) estimated b=0.51; and (c) fixed b=1.00
based on Equations (4) and (6). “x” refers body size (mass) of a population. Note scales on the x-axis differ. Data from Yates, Glaser, et al. (2021).

(assume) b to 0.00 (i.e., eDNA production scales linearly with N;
Table 1, Figure 4a). However, estimating the value of b represented
comparatively marginal model improvement over fixing b at 1.00
(Table 1, Figure 4c), although credible intervals for population es-
timates tended to be narrower when b was directly estimated. The
squared Pearson correlation (r?) values between predicted and ob-
served N and biomass when b was estimated (0.51) versus fixed
at 1.00 (i.e., eDNA production scaled with biomass) were broadly
comparable, and both methods produced credible intervals that
permitted differentiation between high and low N populations
(Figure 5b,c). Fixing b at 0.00 (i.e., eDNA production scales with
N) resulted in poorer relationships between predicted and ob-
served N and biomass values, with credible intervals overlapping
for all population pairs (Figures 4a and 5a).

5.2 | Case Study 2

After adjusting eDNA data using Equation (7) (due to un-
known individual size structure), our joint modeling approach

demonstrated high positive correlations between population
N, biomass, and adjusted eDNA data (b=0.37, CI=0.03-0.83;
Table 1, Figure 6b), and credible intervals overlapped with
the point estimate of b from Case Study 1. Directly estimating
the value of b represented an improvement over modeling ap-
proaches fixing b to 0.00 (i.e., eDNA production scales linearly
with N; Table 1, Figure 6a). However, as with Case Study 1, es-
timating b also represented comparatively marginal modeling
gains relative to fixing b at 1.00 (i.e., eDNA production scales
with biomass; Table 1, Figure 6¢). The r? values between pre-
dicted and observed N and biomass values when b was estimated
(0.37) and fixed at 1.00 were comparable, and both methods
produced credible intervals that permitted differentiation be-
tween high- and low-N and biomass populations (Figure 7b,c).
However, assuming a b value of 0.00 resulted in poorer re-
lationships between predicted and observed N and biomass
values (Table 1). Contrary to Case Study 1, some high- and low-
abundance and/or biomass populations were distinguishable
based on eDNA data when b was fixed at 0.00. However, cred-
ible intervals for point estimates of N and biomass overlapped
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| Brook Trout N and biomass point-estimates (black circle) and 95% credible intervals based on eDNA data adjusted using Equations (4)

and (5) for Case Study 1. Environmental DNA data has been adjusted for different values of the scaling coefficient: (a) fixed b=0; (b) estimated
b=0.51; and (c) fixed b=1.00. Blue asterisks represent the true N or biomass per population (estimated from mark-recapture). Data from Yates,

Glaser, et al. (2021).

for more populations when b was fixed at 0.00 than when b was
estimated or fixed at 1 (Figure 7a-c).

6 | Discussion

6.1 | Unifying the Inference of N and Biomass
From Quantitative eDNA Data

Building from metabolic frameworks describing eDNA pro-
duction at the level of individual organisms, we derived and
validated a framework to adjust for size structure to infer un-
observed variation in population abundance (N) and biomass
among populations using quantitative eDNA data. This frame-
work resolves the long-standing debate about whether eDNA
should be more closely related to N or biomass; we demonstrate
that quantitative eDNA data can be adjusted to simultaneously
reflect both, depending on the assumed or inferred value of the
scaling coefficient, b, associated with eDNA production. The al-
lometric scaling parameter b and the eDNA production normal-
ization constant I thus represent the critical links that unify the
relationships between eDNA, N, and biomass by accounting for

the effect of size structure on eDNA production. We also note
that the relationships described by Equations (4) and (6) share
the parameters b and 1. Jointly estimating b and the eDNA pro-
duction constant I/J, (i.e., the shared beta across eDNA/N and
eDNA/biomass regressions) using an origin-intercept model
is thus crucial to satisfying the conditions defined in Figure 1,
namely that estimated biomass is equal to N multiplied by the
mean mass of a population.

Our framework demonstrated that directly correlating quan-
titative eDNA data to N or biomass requires inherent assump-
tions regarding the physiology of eDNA production. Previous
studies seeking to investigate relationships between eDNA, N,
and biomass typically model observed eDNA data as a direct
function of either metric (or vice versa). However, correlating
population N directly with quantitative eDNA data presumes
eDNA production is invariable with individual body mass (i.e.,
b=0); similarly, directly correlating biomass with quantitative
eDNA data assumes that eDNA production scales linearly with
individual body mass (i.e., b=1). Under the assumption that b is
equal to 0, Equation (4) shows that untransformed quantitative
eDNA data should be directly equivalent to N (i.e., ;_cf’ =1, since
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| Linear regressions for Brook trout eDNA concentration versus N (left column) and biomass (right column) for Case Study 2.

Environmental DNA data have been adjusted for different values of the scaling coefficient: (a) fixed b=0; (b) estimated b=0.37; and (c) fixed b=1
based on Equations (4) and (6). “x” refers body size (mass) of a population. Note scales on the x-axis differ. Data from Gaudet-Boulay et al. (2022).

b=0), and quantitative eDNA data can be adjusted to reflect
biomass using Equation (6) by multiplying quantitative eDNA
data by the mean mass of individuals in a population (i.e., ;‘—b =X,
since b=0). Conversely, under the assumption that b equals 1,
Equation (6) shows that untransformed quantitative eDNA

data should be equivalent to population biomass (i.e., % =1
since b=1), and quantitative eDNA data can be adjusted to re-
flect N using Equation (4) by dividing quantitative eDNA data
by the mean mass of individuals in a population (i.e., xf’ =X,
since b=1). The framework herein, however, provides a more
generalizable eDNA adjustment to accurately reflect both N and
biomass. It is flexible enough to model the above scenarios (e.g.,
b=1 or 0) and any alternate values.

Even if further studies do not directly estimate the value of b,
future studies correlating eDNA to an abundance metric (e.g.,
N or biomass) where study populations exhibit considerable
size structure variation should present data on correlations be-
tween adjusted eDNA concentrations and the other metric, for

example, if correlating eDNA with biomass, report relationships
between N and eDNA divided by mean organism mass (and vice
versa). Equations (4), (5), and (6) are essentially tautological;
if the purpose of a study is to examine relationships between
eDNA and one of either N or biomass, both metrics should rea-
sonably correlate with eDNA after appropriate adjustment. A
substantial weakening of the relationship between eDNA and
one metric relative to the other could indicate that population
size structure could be significantly impacting eDNA produc-
tion and that b may deviate from 0 or 1. In these circumstances,
we would recommend that researchers consider directly esti-
mating the value of b.

6.2 | To “b,” or Not to “b”?
For Case Studies 1 and 2, estimates of b were lower than pre-

dicted based on general metabolic theory (b=0.75) and the esti-
mated brook trout metabolic scaling coefficient (0.73) (Hartman
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Brook Trout N and biomass point-estimates (black circle) and 95% credible intervals based on eDNA data adjusted using Equations (4)

and (5) for Case Study 2. Environmental DNA data has been adjusted for different values of the scaling coefficient: (a) fixed b=0; (b) estimated
b=0.37;and (c) fixed b=1.00. Blue asterisks represent the true N or biomass per population (estimated from fisheries data). Data from Gaudet-Boulay

et al. (2023).

and Cox 2008), although credible intervals for both estimates
of b were wide and overlapped these values. We do, however,
note that credible intervals for the estimates of b across both
case studies did not overlap with either 0.00 or 1.00, indicating
that eDNA production likely scales allometrically within these
systems. Directly estimating b, therefore, had relevant outcomes
for differentiating population N and biomass from quantitative
eDNA data.

For Case Study 1, assuming a b value of 0.00 produced credi-
ble intervals for N and biomass that substantially overlapped
across all population pairs, indicating a potentially limited
capacity to differentiate population abundance and biomass
based on eDNA data. Conversely, when estimating b, credible
intervals for N did not overlap in populations with high and
low N. We also note that this model was estimated from only
nine datapoints; with additional data, the predictive utility of
such models could improve. In Case Study 2, similar patterns
were observed, although credible intervals for the estimate
of b were wider and the point estimate lower. The utility of

directly estimating b was also less pronounced, with some
high- and low-N/biomass populations in Case Study 2 distin-
guishable based on eDNA data even assuming a b value of 0.00
(Figure 7a). We suspect that this is likely due to lower gradi-
ents in body mass across study populations compared to Case
Study 1, where the smallest bodied population was an order of
magnitude smaller than the largest bodied population;in Case
Study 2, these extremes differed only fourfold. Nevertheless,
when estimating b directly in these Case Study systems, N and
biomass were distinguishable for more population pairs than
if b was assumed to be 0.00.

However, directly estimating b yielded only modest improve-
ment compared to assuming eDNA scaled with biomass (i.e.,
fixing b=1; Figures 5 and 7). Population pairs that were distin-
guishable when b was directly estimated typically also did not
have overlapping credible intervals when b was fixed at 1.00, al-
though credible intervals for population estimates tended to be
narrower when b was directly estimated. The extent to which di-
rectly estimating the value of b versus broadly assuming a value
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of 1.00 (i.e., eDNA correlates to biomass) generally improves
modeling efforts remains to be determined, but in similar sys-
tems, assuming eDNA scales linearly with biomass may be a suf-
ficient approximation from a practical monitoring standpoint.

Nevertheless, our framework shows that assuming a value of
b equal to 0.00 (eDNA scales with N) or 1.00 (eDNA scales
with biomass) inherently necessitates adjustments to infer
the other metric if populations or experimental units exhibit
substantial body size variation. While body size tends to vary
more across species than across populations within a species
(Blanck and Lamouroux 2007), freshwater fishes can still
exhibit substantial interpopulation variation in body size
(Arranz et al. 2016). Migratory salmonids, for example, can
exhibit body sizes that differ by multiple orders of magnitude
(Hutchings and Myers 1988; Sepulveda et al. 2021). However,
accounting for differences in body mass may still be import-
ant for species that do not exhibit such extreme body size vari-
ation. The gradient of body mass across populations in Case
Study 2 was substantially lower than in Case Study 1, but was
comparable to (and often less than) gradients observed across
many common freshwater species (Arranz et al. 2016). Our
modeling also demonstrated that size structure variation was
still important to account for when determining N, even if
eDNA was assumed to scale linearly with biomass (i.e., b=1).
We also note that our two case studies cover a single species
in similar ecological conditions; the extent to which eDNA
production scales allometrically may vary between and across
taxonomic groups.

6.3 | Quantitative Ecological Inferences
From eDNA

Setting realistic expectations is critical for enhancing the
utility of eDNA in quantifying abundance. Even when inte-
grating the “ecology of eDNA,” it is likely that it can only pro-
vide coarse, yet cost-effective, abundance inferences (Yates,
Cristescu, et al. 2021; but see Beaulieu et al. 2024). After ap-
plying our framework, we were able to differentiate between
high- and low-N and biomass populations based on a combi-
nation of quantitative eDNA data and population size struc-
ture data, lending support to the assertion that eDNA, after
accounting for size structure, may be able to provide abun-
dance inferences regarding critical conservation thresholds
(Spear et al. 2021). However, differentiating moderate-sized
populations remained challenging. Additionally, the case
studies demonstrated that the utility of inferences based on
eDNA for differentiating biomass may be more limited rela-
tive to N. More population pairs in both case studies, for exam-
ple, were distinguishable for N relative to biomass. However,
the case study lakes were almost solely inhabited by brook
trout, representing ecosystems dominated by a single fish
species that are apex predators within these ecosystems. As a
result, these populations were likely close to their maximum
carrying capacity; biomass thus only varied by a factor of four
across populations in Case Study 1 and by a factor of eight
in Case Study 2. How that biomass was distributed across in-
dividuals, however, varied substantially among populations,
with the lowest- and highest-N populations differing by more
than an order of magnitude in both Case Studies. Under

similar ecological conditions, populations may be more likely
to exhibit a reduced gradient of biomass relative to N, which
could affect the effectiveness of eDNA to differentiate biomass
relative to N. On a broader species-distribution level, all of the
study lakes in Case Studies 1 and 2 were also likely relatively
high biomass close to carrying capacity due to a lack of pred-
ators or competitors. We suspect that it would be possible to
identify ecosystems where Brook Trout have substantially
lower biomass based on quantitative eDNA data signals from
standardized surveys, for example, in mixed-species ecosys-
tems with other predatory/competitor fish species (Browne
and Rasmussen 2009; Myers et al. 2014).

While model accuracy may be improved with size structure
data, these results imply that eDNA data alone (at least in our
case study systems) may potentially be useful for differenti-
ating very low and very high biomass populations, given the
general overlap in performance between models with an es-
timated b versus assuming a value of b fixed at 1. However,
N is a potentially important population parameter in-and-of
itself, particularly for the long-term genetic health and resil-
ience of populations of conservation concern (Lande 1993;
Reed et al. 2003; Willi et al. 2006) and the propagule success
of invasive species (Cassey et al. 2018). It can be common
for fish to exhibit small body size in high-density conditions
due to a variety of factors (competition, resource limitations,
etc.; Arranz et al. 2016). Conversely, populations can exhibit
substantial variation in size structure at low-to-moderate
densities. In both case study systems, for example, many low-
density populations are dominated by individuals with high
body mass, leading to moderate-to-high levels of total popula-
tion biomass. These patterns can be observed in both datasets,
with populations exhibiting small mean body sizes at higher
densities and variable body sizes at low-to-moderate densities
(Figure 8). Understanding how biomass is distributed across
individuals within such populations may therefore be criti-
cal to using eDNA to assess potential differences in N across
populations and/or determining if populations are potentially
above N conservation thresholds (e.g., Spear et al. 2021). To
determine whether biomass is distributed across many small
individuals or fewer large ones, complementary data on pop-
ulation size structure would be necessary alongside eDNA
analyses. Given the larger gradients in N across populations
compared to biomass in both case studies, eDNA may there-
fore have strong potential for differentiating low- and high-N
populations when paired with size structure data. As a result,
eDNA surveys may be well suited to pair with index netting
efforts commonly undertaken by conservation agencies.

Finally, it is important to note that, as applied in the cur-
rent models, our framework only accounts for the effect of
abundance and size structure on eDNA pseudo-steady-state
concentrations. Other factors affect production and degrada-
tion in natural ecosystems, and when unaccounted for, such
factors are integrated into models as residual noise. The ac-
curacy of models predicting N and biomass from eDNA con-
centration data could thus likely be substantially improved by
collecting and integrating basic (and easy-to-collect) data on
environmental factors we know impact eDNA concentrations
(e.g., temperature [Caza-Allard et al. 2021; Jo et al. 2019]).
Comprehensive eDNA-based models that integrate across
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critical parameters could potentially rival conventional meth-
ods of estimating abundance (e.g., mark-recapture) in their
precision and accuracy (Beaulieu et al. 2024).

6.4 | Limitations and Caveats

To evaluate the potential general utility of our proposed frame-
work, it is crucial to first determine: (i) how prevalent an effect
allometry has on observed concentrations of eDNA; and (ii)
if the value of the scaling coefficient b tends to be consistent
across systems, or if these values tend to be specific to indi-
vidual systems, species, or populations. Both case studies pro-
vided an illustrative example for the importance of accounting
for body size structure when applying our framework to make
inferences regarding N or biomass, with models improving
after considering population size structure. For Case Study 2,
the relative benefit of accounting for size structure was less
impactful compared to Case Study 1, which we suspect was a
result of Case Study 2 populations exhibiting substantially less
variation in size structure. We anticipate that the modeling
improvement gained from accounting for size structure will
be positively correlated with body size variation among study
populations or species because our framework suggests that
allometric adjustments approximate multiplication or division
by a constant when body size variation is absent. Additionally,
whether biomass or numerical abundance will exhibit a stron-
ger relationship with eDNA concentrations will likely depend
on how close the value of the allometric scaling coefficient is
to zero or one for the species or taxonomic group being in-
vestigated. However, results for Case Study 2 imply that this
relationship may not be linear, as the value of b in Case Study
2 was ~0.4, yet biomass exhibited a slightly stronger relation-
ship with eDNA. These observations could be an emergent re-
sult of the negative relationship observed between population
body mass and population density (Figure 8) across both Case
Studies. However, further studies are needed to explore the
conditions under which eDNA is likely to best predict either
abundance or biomass, and how correlations between vari-
ables and variable gradients can impact model performance
when estimating abundance and biomass.

Additionally, it is worthwhile to mention that eDNA is also
likely produced, in some measure, by the shedding of cells
from the surface of an organism (Stewart 2019). While this is
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Relationship between mean body mass and density across study populations in Case Studies 1 and 2.

likely related to activity (and thus metabolism) to some extent
(Thalinger et al. 2021), it also is likely related to the surface
area of an organism, which itself scales allometrically with a
scaling coefficient of ~2/3 (O'Shea et al. 2006). We speculate
that metabolic processes are likely responsible for the major-
ity of eDNA released into an environment. However, in some
circumstances, cells shed from the surface of an organism may
be the predominant source of DNA recovered in environmental
samples, for example, from eDNA samples collected from blood
and/or discharge water collected from fisheries catches (Urban
et al. 2023). Nevertheless, we emphasize that b-values of 0.75 (ex-
pected under metabolic theory) and ~0.65 (surface area to body
mass allometry) are broadly similar, and at the level of granu-
larity observed in our case studies such differences would likely
have little impact on the accuracy of model predictions.

We also want to (re)emphasize that integrating size structure rep-
resents only one aspect of understanding the relationship between
quantitative eDNA data and organism abundance, which can
also be impacted by environmental factors (transportation, tem-
perature, pH, activity, etc.; Caza-Allard et al. 2021; Jo et al. 2019;
Klymus et al. 2015; Levi et al. 2019; Shogren et al. 2017; Strickler
et al. 2015; Thalinger et al. 2021; Wilcox et al. 2016, Beaulieu
et al. 2024) and methodological factors (inhibitors, extraction
method, qPCR/ddPCR vs. metabarcoding, etc.; Capo et al. 2021;
Uchii et al. 2019; Yates, Cristescu, et al. 2021).

7 | Conclusion

Our framework unifies relationships between eDNA, N, and
biomass and requires jointly estimating scaling and beta coef-
ficients shared across regressions. We want to reemphasize that
correlating unadjusted eDNA data to abundance metrics (either
N or biomass) makes inherent assumptions about eDNA produc-
tion processes. Our framework demonstrates that, in the pres-
ence of substantial size structure variation across populations,
adjustments should be made to model at least one of N or bio-
mass. If assuming eDNA scales linearly with N, eDNA should
also reasonably correlate with biomass after multiplying by X;.
Similarly, if assuming eDNA scales linearly with biomass, eDNA
should correlate with N after dividing by X;. If either of those ad-
justments result in a poor correlation, researchers should seek
to directly estimate the value of b within their systems, ideally
using a joint modeling approach.
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We hypothesize that our framework (and metabolic theory more
broadly) can be applied to make predictions regarding relation-
ships between eDNA, N, and biomass broadly across ecosystems
and trophic levels, and can be readily integrated into hydrologi-
cal modeling in lotic systems or mass-balance frameworks com-
monly used to model particle dynamics in lentic systems. The
framework described herein is likely flexible enough to model
dynamics associated with eDNA sources (i.e., extraorganismal
or organismal eDNA, metabolic activity, trophic level, tempera-
ture, etc.) and thus lays the foundation for broadly interpreting
quantitative eDNA signals across ecosystems.
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