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Environmental DNA (eDNA) is a powerful technique for biological assessments
and monitoring in aquatic environments. The accurate interpretation of the
source of eDNA detected requires understanding of its spatial and temporal
bound. Studies which estimate eDNA dispersal in the aquatic environment, in
particular the marine environment, are scarce and seldom represent the effect of
hydrodynamics and eDNA decay. This study modelled eDNA dispersal in a coastal
environment under diverse environmental conditions to assess how these
conditions influence dispersal patterns. A modelling experiment shows that
under thermally stratified conditions sampling eDNA across this gradient
reduces detectability. Statistical analysis shows that both median and extreme
eDNA dispersal distances simulated by the model were primarily controlled by
local tidal conditions (tidal excursion), followed by month (influencing the water
temperature and thus eDNA decay rate). The median distance varies between
2.27 and 14.14 km which falls within the range of previously published model
results, and is up to 10x greater than observed values. However this gap has been
narrowing, and the present statistical model helps set limits on the distance to
source as a function of regional oceanography and water temperature. The
present method can also be used post-survey to help interpret the location and
number of sources. This study constitutes an advance in modelling eDNA
dispersal in coastal areas and crucially provides much needed evidence to
underpin robust interpretation of eDNA monitoring data and to inform the
design of eDNA monitoring programmes that account for variable
environmental conditions.
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1 Introduction

Environmental DNA (eDNA) refers to DNA from organisms
that is present in the environment. eDNA enters the environment
through shedding, excretion, sloughing or via injury (Thomsen and
Willerslev, 2015). DNA can be extracted, amplified and sequenced
from environmental samples (e.g. water, soil, sediment), allowing
the identification of the source species.

Monitoring the state and health of the environment is crucial
for assessing the effectiveness of management actions and ensuring
compliance with key legislation. Driven by multiple policies and
legislative frameworks, environmental monitoring is often broad in
scope and includes the assessment of biodiversity, community
composition, and specific species presence and abundance, both
vulnerable and invasive species. In the marine environment, such
monitoring was traditionally dependent on expensive, time
consuming, logistically and scientifically challenging techniques.
However, over the last decade or so, interest in the application of
eDNA for marine biodiversity monitoring has exploded. While
uptake in academic settings reflects growing interest, adoption by
managers and policymakers has been somewhat slower (Fonseca
et al., 2023; Darling, 2019).

One of the limitations commonly cited with respect to eDNA is
a lack of certainty around the relationship between an eDNA signal
and its source organism (Ellis et al., 2022; Hansen et al., 2018), with
consequences for the interpretation of monitoring results using
eDNA methodologies. Understanding and predicting the transport
of eDNA and spatial and temporal bounds of an eDNA signal is
important for its uptake as a tool for marine monitoring. For
example, management responses may vary depending on whether
the identified organism is located within or outside a Marine
Protected Area. Additionally, the responsibility for management
or response to an incursion may depend on a spatial extent of the
signal relative to jurisdictional boundaries.

The spatial relationship between an eDNA signal and its source
is driven by three key factors: shedding; transport; and decay, often
referred to collectively as the ecology of eDNA (Barnes and Turner,
2016). While transport through biological, i.e. predator-prey,
interactions (Barnes and Turner, 2016; Sassoubre et al., 2016) or
anthropogenic vectors, such as ballast water (Ardura et al., 2015;
Egan et al,, 2015) may occur, transport of eDNA vertically and
horizontally in the marine environment is predominantly
controlled by abiotic factors such as currents, tides, and
hydrodynamic mixing (Foote et al., 2012; Port et al., 2016;
Thomsen and Willerslev, 2015). eDNA decay plays a major role
in determining the distance between an eDNA detection and its
source organism. While it is challenging to disentangle study
specific factors from global factors affecting eDNA decay, recent
evidence suggests that eDNA decay is dependent on both
temperature and salinity, with faster decay correlated with higher
temperatures and higher salinity (i.e. in the marine environment
compared to the freshwater environment) (Lamb et al., 2022).

Many studies document good concordance between eDNA data
and traditional survey data, even at fine spatial resolution. For
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example, eDNA distinguished between coastal vertebrate
communities in Monterey Bay, CA, United States, present along a
gradation of diverse marine habitats including kelp forests,< 60 m
apart (Port et al,, 2016), and a statistically significant relationship
between eDNA signals and visual detection was found for the
Chilean devil ray, Mobula tarapacana, in the Azores (Gargan
et al,, 2017). Further, differences in eDNA signals between surface
samples and seafloor samples (Andruszkiewicz et al., 2017;
Lacoursiére-Roussel et al., 2018; Uthicke et al., 2018; Yamamoto
et al., 2017), and distinct vertical stratifications have been
documented (Jeunen et al., 2019). However, there is substantial
variation in eDNA transport estimates in the aquatic environment,
with distances from meters to hundreds of kilometres reported
(Deiner and Altermatt, 2014; Jane et al., 2014; Pont et al., 2018;
Sansom and Sassoubre, 2017; Shogren et al., 2017).

Measures of eDNA transport in rivers have been used to help
choosing sampling locations (Jo and Yamanaka, 2022). This serves
both to avoid False-positives created by organisms upstream (e.g.
from a river feeding into a lake) and False-negatives by making sure
that sampling is close enough to the sources to be detected. A
minimum distance from source has also been studied for rivers
(Wood Z. T. et al,, 2021) which is influenced by the time needed for
the eDNA sample to break down and mix in the water, allowing
some of it to be captured during downstream sampling.

Modelling provides an opportunity to examine the spatial
relationship between an eDNA signal and its source, in particular
modelling that integrates molecular ecology with hydrodynamics
(Dawson et al., 2005). Particle tracking modelling involves spatial
simulation of physical advection and diffusion of parcels of water
informed by hydrodynamic fields, combined with biological trait
input (e.g. Wood L. E. et al,, 2021). By parameterising a parcel to
reflect a volume of water with a certain eDNA concentration, in
particular accounting for traits such as buoyancy, settlement, size
and decay rate, particle tracking modelling can be used to
quantitatively predict the dispersal of eDNA from a source
location. In addition to providing useful outputs to address the
spatial relationship between an eDNA signal and its source, such
models can be used to elucidate factors crucial to eDNA dispersal
(via parameter sensitivity), thereby informing prioritisation of
further research to address remaining knowledge gaps. Though
recently applied to examine transport of Californian anchovy
Engraulis mordax in Monterey Bay (Andruszkiewicz et al., 2019),
cold-water coral Lophelia pertusa in Norwegian fjords (Kutti et al.,
2020) and two invasive species, kelp Undaria pinnatifida and
starfish Asterias amurensis, in the coast of Victoria (Ellis et al.,
2022), despite its potential merit, application of particle tracking
modelling in this context is thus far limited.

This study combines hydrodynamical modelling with biological
decay to evaluate the eDNA transport in the marine environment.
The biological decay of eDNA is modelled as a function of water
temperature, which has been shown to the be the most important
factor (Lamb et al,, 2022). A method is developed to determine the
likelihood of origin for a set of hypothetical detections. The English
Channel was selected as the study region, as it has strong tidal

frontiersin.org


https://doi.org/10.3389/fmars.2025.1613001
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org

Silva et al.

forcing and residual currents, allowing the effect of these factors on
eDNA transport to be elucidated. This region is also a priority for
monitoring, for example due to the presence of marine protected
areas (see https://jncc.gov.uk/mpa-mapper/) and high activity
associated with invasive species introduction and spread pathways
(Castro et al., 2017; Tidbury et al., 2016).

Despite the name, particle tracking models, are more correctly
interpreted as models which track a parcel of fluid with a certain
concentration of tracer, in this case eDNA (van Sebille et al., 2018).
Hereafter we refer to simulating parcel tracks to clarify that it is not
actual DNA molecules or cells that are being simulated but rather a
parcel of water with a certain concentration of eDNA. The
conceptual assumption typical of these types of studies is that the
parcels of fluid being tracked are small enough to assume that they
don’t mix with the background volume during the duration of the
simulation. The decrease in total eDNA concentration over time,
due to dilution is instead represented by releasing a large number of
parcels, which, due to turbulence, will take different random
trajectories. At each location the number of parcel tracks divided
by the total number of tracks released in the experiment can be used
to represent the tracer concentration due to dilution.

Outputs from our random forest models showed that eDNA
transport distance is primarily controlled by localised tidal
conditions (tidal excursion), followed by month (influencing the
water temperature and thus eDNA decay rate). The present study
demonstrates the application of parcel tracking modelling for
estimating eDNA transport and crucially provides much needed
evidence to underpin robust interpretation of eDNA monitoring
data and inform the design of eDNA monitoring programmes into
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2 Materials and methods
2.1 Parcel tracking model

The OceanParcels python package (Delandmeter and van
Sebille, 2019) was used to build the modelling experiments. It
allows forcing fields from multiple hydrodynamical models to be
read and interpolated, and is extensible through the addition of
individual based models or kernels. New kernels were developed to
represent a 3D vertical random walk due to vertical turbulence
(Visser, 1997) and the biological decay of eDNA.

2.2 Model of eDNA decay

The decay of eDNA in water, presumably due to
microbiological action, was represented in OceanParcels following
Lamb et al. (2022). The study conducted a metanalysis of published
eDNA decay rates in aquatic environments, fitting a multivariate
model with factors water temperature and water source (marine or
fresh water). For marine environments the eDNA concentration
over time, C(t), is given by:

C(t) =C e—t(—0,0776+0,0625—0.0069T)
- ™0

(1)

where Cy is the concentration at t=0 and S is water type (1:
marine, O:freshwater) and T is the water temperature. Figure 1
shows the decay over time for maximum and minimum water
temperature in the region studied.

The higher the concentration of eDNA the more likely it is to be
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FIGURE 1

Modelled decay of eDNA in seawater (Equation 1) for seasonal minimum (6°C) and maximum temperatures (18°C) for the study area. The points
show the effect on eDNA longevity in the model from selecting different minimum relative detectable concentrations, starting with half-life (hl), or
50%, to 0.01% of the source concentration. By reducing the threshold concentration 10x (e.g from 1% to 0.01%) the life of an eDNA in the model is

extended by a constant value of 21h07m (3d17h) at 18°C (6°C).
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biological decay are perfectly represented in the model, two terms are
undefined: the concentration at the source and the minimum
detectable concentration. eDNA concentration at source will depend
on species (shedding rate) and the mass of source organisms
(Andruszkiewicz Allan et al, 2021; Sansom and Sassoubre, 2017;
Sassoubre et al., 2016). The detectability limit again varies with the
details of the assay (e.g. sampling volume, metabarcoding vs. qPCR).
Davison et al. (2019) and Ellis et al. (2022) found different detection
and quantification limits for different species.

To keep the simulations as general in terms of species being
detected and methods being used, we defined an arbitrary eDNA
detection limit: a threshold of 0.01% of the source concentration
(i.e. decrease by 10,000x) below which eDNA was considered
undetectable, and tracking of trajectories was stopped. This is a
cautious approach as the ratio of typical eDNA concentrations at
the source to the limit of detectability using qPCR is around 10x.
Concentrations of eDNA at the source are likely to vary greatly with
species and behaviour but examples from the bibliography are 535
and 120 copies/L for flounder and stickleback (Thomsen et al.,
2012) and 263 copies/L for shore crab (Collins et al., 2018). By
including a study on Cod (Salter et al., 2019) the detection limit
covers a range of 48 to 83 copies/L, resulting in a ratio of less than
10x. By tracking parcels through a 10,000x decrease we are allowing
for larger sources concentrations and improved limit of detection.
As the likelihood of detection is given by the decay in concentration
from source to detection, the resulting maps and distance statistics
are mostly unaffected by the very low concentrations of long-lived
trajectories. Figure 1 shows the modelled persistence of eDNA for
winter and summer, for several values of relative detection
concentrations from 50% to 0.01%.

2.3 Hydrodynamical forcing fields and
drifter trajectories

Modelled trajectories were validated against observed
trajectories from drifters attached to a drogue. These were drifters
deployed by Cefas (Hill et al.,, 2008) covering the period 1995
to 2003.

The OceanParcels model was forced by output from the
NEMO model in the Atlantic Margin 7 km configuration
(AMM7) (O’Dea et al., 2017). Direct model output was
provided by the MetOffice through request and covered the
years 2000-2012. The output is in terrain following coordinates
and includes vertical diffusivity (variable avm in the model) which
was required to parameterise turbulence in the 3D simulations.
AMMY7 direct output wasn’t available to compare against
trajectories before 2000, and so publicly available AMM7
outputs distributed by Copernicus Marine services (CMEMS)
(doi:10.48670/moi-00059) were used. These are in z vertical
coordinates and don’t include vertical diffusivity, which wasn’t
required for reproducing surface drifters.
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TABLE 1 Description of OceanParcels simulations.

Forcing

Experiment fields Region Parameters
Calibration and 1995-2003
validation of AMM7 (CMEMS UK Horizontal diffusivity: 0.1,
+OceanParcels model = and 1, 10, 100 m’s™’,
against observed MetOffice waters Smagorinsky scheme.
drifters AMM?7)
Number of Parcels: January A 30 to 1000 parcels
Test when dispersal 2012 English released from 5
distribution MetOffice Channel X K
stops changing AMM?7 sites (Figure 3).
Effect of releasing at English Parcel released at surface
surface and seabed July 2001 Channel and at seabed.
January and July to
include extreme
temperatures and
2001, 2006, :?:lr:fore eDNA decay
Realistic 2010, 2012 English Specifi ths with 1
3D simulations MetOffice Channel 'pec1 ¢ r?on s WI_ oW
AMM?7 intermediate and high
North Atlantic Oscillation
index values (see Table 2).
Kh=0, Kv from
AMM?7 model.

2.4 Model experiments

Four sets of experiments were undertaken: i) calibration and
validation, using only currents for the depths of Cefas drogued
drifters (20 m), ii) sensitivity analysis, for estimation of the number
of parcels to release per location, iii) effect of surface/seabed release
and iv) realistic 3D simulations of eDNA dispersal (see Table 1 for
more details). The realistic 3D simulations included both seasonal
and interannual variability. The months of January and July were
selected to represent the annual extremes in water temperature and
thus in decay rates, and to represent both winter and summer wind
conditions, which will affect the advection of parcels near the
surface. The wind patterns also change from year to year and the
North Atlantic Oscillation (NAO) monthly index was used to select
3 particular months of January and July in the range 2000-2012
with low, medium and high windiness values (Table 2).

TABLE 2 Month and year combinations selected to capture different
water temperatures, and low, intermediate and high North Atlantic Wind
Oscillations (NAO).

Windiness as indicated by North

Atlantic Oscillation index
(in parenthesis)

January

Low NAO 2010 (-1.11) | 2012 (-2.53)
Intermediate NAO 2001 (0.20) 2001 (-0.25)
High NAO 2012 (1.17) 2006 (0.84)
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2.5 Calibration and validation against
observed trajectories

Usually, observed trajectories in the sea come from drifters at the
surface, as it is very difficult to determine the horizontal position of a
drifter at depth. The modelled ocean currents and the OceanParcels
advection-diffusion solution was validated by comparing against
drogued drifters, which hang 20 m below a surface buoy. Therefore,
only validation of near-surface movement was possible.

The validation was done in three successive steps as illustrated in
Figure 2. First, 12 drifter trajectories that serve as observations were
selected from across the UK and split into two evenly distributed
subsets of 6. Then the horizontal diffusivity coefficient, K;, that best
matched the observations was selected (calibration step) using the first
subset. Using the second subset, model runs using the selected
parameters were compared against a different set of trajectories to
allow the trajectory error to be quantified (validation step).

2.5.1 Selection of drifter trajectories

Drifter trajectories were selected according to location (over the
North West European shelf, preferably near the coast), duration
(minimum 2-week-long due to eDNA decay rate, see Figure 1) and
continuity in the data (no gaps). Among the 12 selected drifters in
UK waters, 4 were in the English Channel waters, where the main
eDNA simulations were focused.

As the maximum eDNA lifespan was calculated as 14 days, we
extracted 14-day-long sub trajectories from the drifter trajectories
to calibrate (orange) and validate (green) the OceanParcels model
(Figure 2). This maximises the number of trajectories available and
ignores the cumulative error for runs longer than 14 days. The
number of sub-trajectories varied between 1 and 6. The 6 drifter
trajectories used for validation comprises 12 sub-trajectories
(Supplementary Figure 1, Supplementary Table 1). Further

10.3389/fmars.2025.1613001

information on the sub-trajectories release location and dates, and
use in calibration or validation, can be found in Supplementary
Figure 2 and Supplementary Table 2).

2.5.2 Calibration of horizontal diffusivity, K

Turbulent eddy processes in the ocean, that are too small to be
represented in the hydrodynamical model grid, can be introduced
in the trajectory solution through the use of tracer diffusivity
parameterisations (Reijnders et al., 2022). The most common
form is a random walk model, which is equivalent to diffusion in
Eulerian models (van Sebille et al.,, 2018). Since the 7 km ocean
hydrodynamical model used here is mostly eddy resolving (O’Dea
et al., 2017), we compared using advection alone, with advection-
diftusion using various values for horizontal diffusivity and the
Smagorinsky scheme, which dynamically estimates K;, from
horizontal velocity shear stress. A rough estimate of the value of
horizontal diffusivity, Ky, can be obtained from Stommel’s 4/3 law
of oceanic diffusion (Schonfeld, 1995):

I
Ky, :KO(T)‘
0

where L is the length scale and 1, a reference length scale of 1 km.
From diffusion experiments in the North Sea covering length scales
between 1 and 5 nm (see references in Schonfeld (1995)) the
constant K, is set to 1.1x10-* m*? s™'. Setting 1=7 km from the
resolution of the AMMY forcing fields, K}, = 10 m*s™". Therefore, we
decided to test K, values of 0, 1, 10 and 100 m* s™' to be sure to cover
a wide range. As presented in the trajectory plots in Figure 2 (B-
Calibration), an increasing in horizontal diffusivity coefficient, Kj,
results in a spreading of eDNA trajectories (100 grey trajectories)
and a faster mean displacement (dots along the coloured mean
trajectory displayed every 3 days are closer) and the standard
deviation of the error is wider.

Ka = 0mis? o B o

Ko = 1mis? M: /\//\/\ ! Calculate

7 the mean

T K=1omp — gm oL geodesic
g | errorto

A-Selection of drifter
trajectories

100-part- ¥ ..

run for g ;

s .

various £ ..

1w Kh e

Trajectory
—— Validation
Calibration

0w

C-Validation step (n=15)

FIGURE 2

| optimal Kh

Longitude [Degree] Time [hour)

Select the Kh with
the lowest median mean

geodetic errors

Three steps model validation process. In the calibration step 2B the solid dots mark 4-day-time stamps to ease the comparison between the error

plot (right) and trajectory plot (left). Kh is horizontal diffusivity.
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Several advection-diffusion numerical schemes are available in
the OceanParcels model. We used the Milstein Advection-Diffusion
scheme of order 1 (hereafter M1) when applying a constant
horizontal diffusivity, as it is efficient computationally and is a
default choice in OceanParcels (https://docs.oceanparcels.org/en/
latest/examples/tutorial_diffusion.html). When not using
horizontal diffusivity the Runge-Kutta 4™ order numerical scheme
for advection was selected, (noted RK4_2D and RK4_3D in 3D).
Additionally, the Smagorinsky scheme, noted smag, was also used,
with a standard coefficient value of the coefficient Cs=0.1. This
estimates the value of K, locally from velocity shear stresses.

The metric used to quantify the error in the simulated trajectory
compared to the drifter’s trajectory (observation) is the geodesic
distance, or the shortest distance between the two trajectories on the
surface of the geoid. This was calculated for each trajectory time-step
and then averaged in time. As the selection of the best numerical scheme
requires the calculation of geodesic distances between two trajectories,
the median of the errors for 6 observed tracks was calculated.

2.5.3 Validation

The validation attempts to reproduce a separate set of 12 sub-
trajectories using the calibrated value of K. Similarly to the
calibration, the quantification of error uses the geodesic distance
calculated between the mean model prediction and the drifter
trajectory. Similarly to the calibration subset, validation trajectories
are from across UK waters, encountering diverse hydrodynamic
conditions. Amongst the twelve 14-day-long sub-trajectories, five
trajectories were present in the English Channel waters.

2.6 Sensitivity to number of release events
per location

The main experiment aimed to assess the range of eDNA
dispersal distances under a full neap-springs tidal cycle

10.3389/fmars.2025.1613001

(approximately 14 days) and for this, parcels were to be released
at regular intervals. The higher the number and frequency of
releases, the better the estimate of dispersal distance, but also the
higher the computational cost. In this sensitivity study five
experiments were conducted, with 30, 100, 300 and 1000
releases per location over the 14 days neap-spring cycle,
resulting in releases at intervals of 10.2 hours (for release of 30
parcels) down to 20 minutes (for release of 1000 parcels). Also,
parcels were released from five locations with contrasting tidal
conditions (see Figure 3 and location details in the Supplementary
Material, Table 4).

A sufficient number of releases per point was selected when no
difference was visible in the frequency distribution of dispersal
distance by increasing number or releases. The dispersal distance
was assessed using two metrics: the geodesic distance to origin, and
the geodesic distance to the centre of mass of all the parcels for each
moment in time.

2.7 Effect of release depth

The NEMO AMM?7 model used to provide the 3D currents and
vertical diffusivity for OceanParcels, is able to represent vertical
stratification in summer (O'Dea et al., 2017). At depths where sharp
changes in vertical density gradients take place, the low turbulence
at the pycnocline can act as vertical barriers to mixing. Parcels
released above the pycnocline will have difficulty in crossing
underneath, and vice versa. The effect of the release depth was
tested by releasing 100 parcels at the seabed and at the surface on
the 1° of July 2001, at two locations: i) a seasonally stratified site just
East of the Isles of Scilly (50.0N, 6.2224W) and ii) a well-mixed site
in the Eastern Channel (50.377°N 0.647°E). The stratified site was
chosen as to be west of the position of the Ushant Front, which is
the name given to the oceanographic feature separating these two
regimes in Summer (Pingree, 1975).

51°N
50.5°N
50°N
49.5°N
= relea-s.e .grid
. sensitivity study release number (A-E)
49°N * hypothetical detections
2°W 1°wW 0° 1°E

FIGURE 3

Map of the English Channel showing the 17 hypothetical eDNA detection locations (red *) and release grid (+) used for the backtracking method.
The filled yellow circles labelled A-E indicate the 5 locations used in the sensitivity study on number of releases. Locations are detailed in the

Supplementary Material Table 4.
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2.8 Pseudo-backtracking

For the main experiment, 17 locations were selected as the sites
of hypothetical eDNA detections (Figure 3; Supplementary Material
Table 4). The backtracking of the parcels to determine the source
location is complicated by the presence of diffusivity in the
mathematical solution. In this case the trajectory can’t simply be
solved backwards in time as this will differ statistically from the
forward trajectory (Thygesen, 2011). Here we used a pseudo-
backtracking method as in Andruszkiewicz et al. (2019) by
releasing parcels at regular time intervals (see Table 1) over a
regular grid of 5 km (see Figure 4 for a visual explanation of the
method). During the simulation the parcel position and relative
concentration are recorded every hour. Tracks that pass within a
certain radius of the detection location are marked as possible
eDNA sources including all past locations (Figure 4A); the radius
was set to 10.5 km which is 1.5 time the resolution of the AMM7
model to make sure that the complete cell was always included. For
each past position the relative reduction in concentration until
reaching the target is calculated (Figure 4B). These positions and
modified concentrations (Figure 4C) are interpolated to generate a
2D probability density of origin (Figure 4D).

10.3389/fmars.2025.1613001

2.9 Explanatory variables driving dispersal

Conditional Random Forest regression models were used to
infer importance of 6 variables in predicting the pseudo-
backtracked eDNA dispersal distances. The independent variables
were year, month, NAO, distance from coast, tidal excursion, and
depth. Separate models were built using the median distance and
95" percentile distance as responses. The procedure used follows
that of Strobl et al. (2009) and was implemented in R version 4.2.2
using the cforest() function of the party package version 1.3-15
(Hothorn and Zeileis, 2015).

Random Forest is a robust machine learning algorithm that
makes no linear assumption on the relationship between response
and explanatory variables and consists of resampling the underlying
dataset multiple times and building a decision tree from each sample
(number of trees = 1,,,,,), followed by aggregating the results. Each
tree is built by randomly selecting a subset of variables at each node
(number of variables chosen = m,,,)) to form a subset from which the
best splitting variable is chosen such that splitting the data into two
groups minimises the sum of squared residuals. This splitting process
is repeated until a minimum number of observations is achieved at
the end of all the branches. To avoid variable-selection bias, i.e. bias

possible origin

+
+ Particle release points ,
in simulation + ¥
i eDNA detection

A - Each trajectory position is a

B - Calculate reduction in
concentration backwards as
weights
+
Relative probability
of being origin
8.
+

—> Simulated trajectories

® eDNA concentration trajectories

C - Combine weights from all

D - All locations combined give a 2D
probability density

FIGURE 4

Explanation of the pseudo backtracking method used to determine probability of origin. Trajectories start at regular grid points and propagate
forward in time; trajectories that pass within a radius of the eDNA detection point are treated as representing the possible sources. Darker shading

depicts higher eDNA concentration and higher probability of origin.
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towards continuous variables and factors with many levels, unbiased
decision trees were used as base learners (Hothorn et al., 2006; Strobl
et al, 2007). Conditional permutation, which accounts for
correlations among variables was used to determine variable
importance (Strobl et al., 2008). For each model, 50 permutations
were used to obtain a measure of uncertainty for the permutation-
based variable importance.

Models were built to explain the median and the 95 percentile
of the geometric distance from source. Both models used default
initial 714ee= 500 and m1,,,, = 5. Repeated 10-fold cross validation was
conducted on the entire dataset using the train() function of the
‘caret’ package version 7.0-1 (Kuhn, 2008) to assess model
performance and tune hyperparameters. Ten repeats were used,
and the average root mean square error (RMSE) calculated while
searching across a grid of my,, from 1 to 5. Tuning of this
hyperparameter suggested that using m;,, = 5 yielded the lowest
averageRMSE i.e. best performance in both models, so subsequent
inference was based on this value.

3 Results

3.1 Calibration and validation of the
trajectory model against drifter trajectories

Calibration results are presented in orange in Figure 5, for fixed

values of K, between 0 and 100 m?*™ and for the Smagorinsky
scheme. Supplementary Materials Table 2 and Figure 4 shows the

mean geodesic error for the full trajectory, against 6 drifters. K,=1
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was selected for the validation as it had the lowest error
(median=4,333 m, n=6). Figure 5 in blue shows the spread and
median of the geodesic error when the 15 validation sub-trajectories
were reproduced using the selected value of K;, (median=6,827 m).
Details in geodesic errors for the 15 validated sub-trajectories are
provided in Supplementary Table 3.

3.2 Sensitivity to number releases per
location

Figure 6 shows the empirical probability distributions for two
measures of dispersal: distance to origin and distance to centre of
mass. Results for 30 releases are visually noisier, but from 100
releases upwards the distributions are visually similar. This
frequency corresponds to a release every 3h21m. Below a certain
number of releases, or equivalently above a certain time between
releases, the tidal forcing is being subsampled, and it is not possible
to capture all the variability in the forcing. The main eDNA
simulations were conducted using this value of 100 releases per
site over a neap-spring cycle.

3.3 Effect of release depth

Figures 7 and 8 show the horizontal and vertical dispersal of
each parcel released from the two selected sites. At the stratified site
the direction of dispersal differs with release depth, with surface
parcels moving further to the South-East, although with similar

O Calibration
-3¢~ Calibration median
@ Validation

X Validation median

0]
O}
¢ (0]
g Qe 4
° O
0]
10 100 Smagorinss

Horizontal diffusivity Kh (m2/s)

FIGURE 5

Error of simulated trajectories when compared with drifter tracks. Calibration of the horizontal diffusivity, Ky, led to the selection of a value of
Kn=1mZ?s* as it had the lowest error. Trajectories run with this value were then compared with the validation dataset resulting in a median geodetic

error of 6,827 m.
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FIGURE 6

Distribution probability of dispersal distance, for different numbers of releases per location. Top row has distance to origin and bottom row, distance
to the centre of mass of all positions. The location of point A to E are shown on Figure 3. There is little visual difference in the dispersal distance

distribution for 100 releases per location or more.

dispersal distances (Figure 7). The existence of a thermocline
between 10 and 40 m results in a minimum of vertical diffusivity
which explains reduced mixing between surface and deeper waters.
At the well mixed site, the vertical distributions quickly become
independent of the release depth as vertical diffusivity is much
higher and peaks at mid depth (Figure 8).

3.4 Realistic 3D simulations

Six different environmental scenarios were simulated
incoporating combinations of summer, winter and three NAO
conditions. The likelihood of origin is mapped for two of these
scenarios representing summer and winter conditions (Figure 9, for
the remaining maps see Suplementary Material). The area around
hypothetical detection sites, representative of eDNA dispersal
distance, is generally larger under Winter simulations compared
to Summer simulations.

Figure 10 shows the cumulative distribution of the source
likelihood integrated along distance to source. The median
distance was 7.61 km while the 95" percentile was 18.57 km.
Separating the results between Summer and Winter the average
of the typical (median) distance to source was 7.03 and 8.27
km respectively.

Frontiers in Marine Science

In Figure 11 the two distances to source — median and 95
percentile — are plotted against 6 of the environmental factors. Two
of these, tidal excursion and month, have significant statistical
relationships with distance to source. Tidal excursion has a linear
relationship (p<0.001) with both distances. Also, there was a
significant difference in both the median and 95" percentile of
distance to source (p<0.001) between the month of January
and July.

3.5 Explanatory model

For the median distance to source, repeated cross-validation
yielded average RMSE=1.21 km and R* = 0.49 on the best model.
Conditional permutational importance was highest for tidal
excursion and month with comparatively little importance
ascribed to any of the other variables (Supplementary Materials
Figure 6a) and these two variables were included in the majority of
conditional decision trees (Supplementary Figure 6b). The selected
variables were the same for the 95" percentile of the distance to
source but with RMSE=3.52 km and R® = 0.52, and with even lower
relative importance for any of the other variables (Supplementary
Figure 7a). These two variables were included in the vast majority of
conditional decision trees (Supplementary Material Figure 7b).
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FIGURE 7

Effect of release at surface vs. at seabed in a seasonally stratified location off the Isles of Scilly (50.0°N 6.222°W, released on 1/7/2001). Top: map
view of likelihood of origin. Bottom row (left to right): likelihood of origin for time and depth, vertical distribution of likelihood of origin over 5 days,

temperature and vertical momentum diffusivity from the NEMO model.

4 Discussion

The exercise to calibrate the horizontal diffusivity, showed best
matches to the drifter-buoy trajectories for Kh=1, followed by 0 and

10 m%s™!

. Kaandorp et al. (2020), considered the same range of K,

values when calibrating 2D litter simulations on a model with

similar resolution (1/16 deg.) and following comparison with the
results of an inverse model fitted to tracer statistics, selected Kh=10
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FIGURE 8

Effect of release at surface vs. at seabed in a well-mixed location in the Eastern Channel (50.377°N 0.647°E, released on 1/7/2001)). Top: map view of
likelihood of origin. Bottom row (left to right): likelihood of origin for time and depth, vertical distribution of likelihood of origin over 5 days,

temperature and vertical momentum diffusivity from the NEMO model.
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0.00

Likelihood of origin for eDNA detected at the 17 hypothetical sites (star) for January (top) and July 2012 (bottom) in the English Channel. The
polygons representing distance to origin are larger in January than July due to slower eDNA decay in colder water.

m?s™! but saw very similar results for Kj=1 m?s™. The validation,
using Kh=1 m?s"', demonstrated the suitability of the modelled
currents to reproduce the observed trajectories over a period of 14
days (limited by eDNA decay in the ocean). The median error along
the trajectory was just under the model resolution of 7 km.
Unlike the subsurface drifter-buoy trajectories used in the
calibration, the main eDNA simulations parcels move in 3D. Best
practice is to represent vertical movement a as vertical random
walk, with the vertical diffusivity being provided by the
hydrodynamical model (van Sebille et al., 2018; Visser, 1997). It
was decided not to include additional horizontal diftusivity (K,=0)
as the calibration showed that lower values of horizontal diffusivity
performed better than high values. Another reason to have Kh>0 is
to add a stochastic behaviour to the model to represent uncertainty,
and this was already enabled by the inclusion of vertical diffusivity.
The experiment of the effect of the release depth showed
conditions and time scales when it matters that eDNA is sampled
across a pycnocline from where it was shed, for instance benthic
species sampled at the surface or surface species sampled at depth.
For a well-mixed water column, such as seen during winter on the
continental shelf, releasing at the surface or at depth didn’t result in
a difference in eDNA concentration with depth. On the other hand,
for the Summer stratified conditions, which are seen in much of the
European shelf between March and October (van Leeuwen et al.,
2015), the thermocline impairs mixing and it takes several days for
the concentration of eDNA to become comparable, by which time it
has greatly degraded, reducing the probability of being detected.
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Backtracking analysis of the realistic experiments in 3D show
that the distance to the source varies greatly with location and
month: Figure 10 shows the median distance to vary between 2.5
and 15 km and the 95" percentile to be as high as 40 km, with an
overall median of 7.61 km and 95" percentile of 18.57 km.This goes
against the initial assumption in marine eDNA that it would only
represent very local conditions (Foote et al., 2012) or that the decay
only affects persistence time and sampling frequency, without
considering the possiblity that the eDNA was shed at a distance
from the source (e.g. Barnes et al., 2014).

According to the explanatory model, the most important factor in
explaining the variation in distance accross the region and for the six
environmental scenarios, is tidal excursion at the site of detection.
The English Channel experiences strong tides with tidal excusion at
the sites considered varying between 6 and 29 km. The second factor
was month (January/July to represent winter/summer) wich will
differ in water temperature and as a result in eDNA decay. It is
also likley that eDNA dispersal is increased by enhanced density and
wind driven transport in winter (Holt and Proctor, 2008).

4.1 Implications for sampling and
monitoring

Decay of eDNA with time is seen as both a source of false

negatives, such as when sampling is not frequent enough, or of false
positives, for instance when transitory individuals can’t be separated
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significant linear relationship with both median and 95" percentile of the distance-to-source (p<0.1%). Results of paired t-test are reported on the

boxplots for variable month.
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from local populations (Troth et al., 2021). Additionally, transport
of eDNA by water, can be seen as both a source of false negatives
and false positives. The former can be when locally shed DNA is
diluted and transported away, for instance, in rivers the probability
of detection can increase away from the source (Wood Z. T et al,
2021). One example of false positive is the detection of a riverine
species downstream in a lake (Jo and Yamanaka, 2022).

An accurate description of both decay, transport and mixing, as
what was attempted here for the English Channel, can be used to
design sampling to fit the intended species and usages. In the
simulations, an eDNA detection in East of Start Point MPA
(point 8 in Figure 3) in January can be from a source as far as 30
km to the west, 15 km East or 5 km North of South. The half-time of
eDNA at 6 deg. C is 1.12 days, which we can interpret as an
approximate median age of eDNA detected. The explanatory model
shows that local average tidal excursion is the main control of
distance to source, but it can also be inferred that selecting the state
of neap-spring cycle it is possible to shape the sampling area. As an
extension of this, for fast degrading conditions experienced in July,
choosing high slack tide in the English Channel will favour a
detection from the West, and vice versa for low slack tide.

As shown before, the depth of the sampling should take into
account the presence of a pycnocline and the depth at which the

freshwater lotic

freshwater model

10.3389/fmars.2025.1613001

shedding is expected to happen, otherwise the risk of false
negatives increases.

In the present analysis the full range of neap-spring conditions
were taken into account to represent the full range of origins for
each eDNA detection location. The same method can be applied to
actual survey detections at a specific moment in time, which will
correspond to a state of the tide and wind. The estimate for the
likelihood of origin is likely to be less symmetrical than those shown
in Figure 9 being strongly weighted by the state of the tide in the
hours preceding the observation.

4.2 Range of distances in the context of
published results

To put range of modelled eDNA spatial bounds in the context
of previous observations and simulations, we surveyed published
estimates of eDNA dispersal distances for both freshwater and
marine environments. Since eDNA transport and degradation differ
with the environment, Harrison et al. (2019) recommended to
categorise reported distances by ecosystem type (lentic, lotic, and
marine). Figure 12 shows dispersal distances reported for different
ecosystem types, distinguishing between those simulated by models
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and those observed in the field. Within each type, the studies are
sorted by year to show the evolution of estimates. For both lotic
freshwater and marine environments, modelled maximum dispersal
distances were larger than observed in the field. The results in the
present study are within the range of previous studies using marine
models which included eDNA decay (Andruszkiewicz et al.,, 2019;
Ellis et al., 2022), but up to one order of magnitude above the
maximum distances observed in the ocean (Ellis et al., 2022; Kutti
et al,, 2020). Tt is worth noticing that while modelled maximum
dispersal estimates have coalesced around 10km, observed studies
have increased 3 orders of magnitude since Foote et al. (2012),
possibly showing improvements in detection and study designs that
sample further away from natural or manipulated eDNA sources.
For freshwater lotic, distances above 10 km have both been
observed (Deiner and Altermatt, 2014) and modelled (Pont et al.,
2018), but generally the dispersal distances observed are smaller
than those modelled. Ellis et al. (2022) was able to compare
modelled distances with observations for two species in the
marine environment, and also reported larger distances from
simulations. This was attributed to: optimistically slow modelled
decay, insufficient temporal variability in the model, and the
difficulties involved in detecting low eDNA concentration patches
in situ. In the present study the modelled decay tries to be more
realistic by taking into account the varying water temperature in the
3D model. As it is based on experiments in the lab and in
mesocosms, it could still be that these didn’t include important
processes that accelerate decay in the environment such as UV light,
turbulence or different microbial community (Barnes et al., 2014).

4.3 Factors not considered in modelling
approach

While recent modelling studies, such as this, have improved the
representation of eDNA decay in the ocean, the limits of detectability of
molecular techniques have yet to be incorporated. We used an arbitrary
eDNA detection limit of 0.0001 of the original concentration for halting
trajectory calculations, same as used by Ellis et al. (2022). When
calculating likelihood maps or distance distributions, the
concentration and dilution are used as weights, thus the median and
95% percentile of the distance becomes less sensitive as concentrations
reduce. Nevertheless, the limit of detection (LOD) of the eDNA
methodology in use for each particular case is not being considered,
which would better allow to determine the maximum dispersal
distances (the perimeter of the likelihood polygons). A further
unknown is concentration of eDNA at the source which depends on
the species shedding rate and size of the population (both number and
size of individuals). Unless this is known, the distance estimate will
carry this uncertainty, that is, the eDNA detection might have been the
result of a small source nearby or a larger source further away (within
the constraints of currents and decay).

To enhance the accuracy of eDNA modelling, future efforts
should include controlled release experiments and targeted field
surveys. These initiatives will help calibrate and validate the added
complexities in the models, such as variations in microbial
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communities and their impact on degradation rates, the different
states of eDNA (particulate, intracellular, and dissolved), and the
shedding rates influenced by life cycles and behaviours. Additionally,
incorporating diverse environments like estuaries and deep-sea
habitats will further improve the models’ applicability
and usefulness”.

Conclusions

This study improves the evidence to inform our understanding
of eDNA dispersal in the marine environment, which in turn
enhances the accuracy with which eDNA monitoring data can be
interpreted. In particular, the study highlights that eDNA data
needs to be considered with environmental conditions in mind.

The study’s results can inform monitoring programmes by
guiding sample spacing, optimizing sampling locations and
depths, and accounting for seasonal and site-specific factors like
tidal excursion and stratification.

If eDNA is to be used as a first step in detection (hierarchical
methods to monitoring) of an organism, the outputs of this study
facilitate a more accurate spatial targeting of traditional approaches
as confirmation of species’ presence.

Ultimately this study demonstrates a methodology which can be
applied retrospectively following detection of an eDNA signal.
Given the temporal and regional variability of seascapes,
prioritising the practical application and standardisation of
methods to assess eDNA boundaries in specific contexts—rather
than predefining them—will likely benefit the field the most.
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Glossary
Backtracking
Geodetic error

Likelihood of origin

Pseudo-backtracking

Solving trajectory of a particle backwards in time Pycnocline

Distance measured over the surface of a geoid

Tidal excursion
Measure of how likely a location was the source of the

eDNA detected

Method where multiple forward propagating trajectories are
used to select trajectories that end up at target location
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Layer or water where there is a rapid vertical change in water
density due to either temperature or salinity

Average distance water travels during a tidal cycle
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