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Abstract

Complex coastal seascapes harbor high marine biodiversity from which humans

derive numerous ecosystem services. Maps of benthic habitats are important

tools used to inform coastal development and conservation efforts. Seafloor

imagery is commonly used to collect information about the distribution of ben-

thic organisms, but these data are often limited to low taxonomic resolutions

and may systematically underrepresent local biodiversity. Recent advances in

genomics enable rapid and accurate detection of taxa with high taxonomic reso-

lution from environmental DNA (eDNA) extracted from water samples, but

there are few examples of broad-spectrum eDNA biodiversity data in nearshore

benthic habitat mapping. We combined an eDNA-based biodiversity assessment

with concurrently collected high-resolution video ground-truth data to assess

the benefit of metabarcoding data for improving benthic habitat mapping in the

sub-Arctic coastal embayment of Mortier Bay, Newfoundland and Labrador,

Canada. Features derived from acoustic bathymetry and backscatter data were

used to develop full-coverage habitat and biodiversity maps using a joint species

distribution-modeling framework. The predicted taxonomic richness spatial pat-

terns were similar between video-only, eDNA-only and combined datasets, sug-

gesting diversity patterns were accurately represented by both methods.

However, 226 additional taxa (72 species, 109 genera) were identified using

eDNA compared to the 46 detected by video ground-truthing. Averaged over all

taxa, the video-only model performed best in terms of discriminating presences

from absences; however, we found that most sessile taxa were better predicted

by the combined dataset compared to video data alone. These results highlight

the limitations of imagery-only datasets for biodiversity surveys and demonstrate

the utility and limitations of metabarcoding data to improve benthic habitat and

diversity maps in complex coastal habitats. This study highlights opportunities

to fill gaps that could improve spatial modeling of seafloor assemblages derived

from metabarcoding data, including sources and sinks of DNA in the environ-

ment and water column properties that control its dispersal.

Introduction

Benthic habitat mapping characterizes the seabed based

on biophysical characteristics and supports effective man-

agement of marine ecosystems (Brown et al., 2011;

Buhl-Mortensen et al., 2015). Development of habitat

maps typically relies on data from remote-sensing instru-

ments to derive spatially continuous information on

depth (bathymetry) and seabed texture (backscatter),

which can be used to infer species–environment
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relationships (Brown et al., 2011; Lecours et al., 2015).

Underwater videos, bottom trawling or sediment grabs

are often used to ground-truth these acoustic data and

derive biological information related to species presence

and abundance (Lathrop et al., 2006; Misiuk &

Brown, 2024). Species distributions at ground-truthing

stations can then be modeled as a function of the

remotely sensed terrain features, allowing for the genera-

tion of a full coverage map over the entire area of

interest.

Biological seafloor data has historically been collected

using bottom-contact fishing gear or grab sampling (e.g.,

Van-veen, box corer, Remotely Operated Vehicle) (Misiuk

& Brown, 2024). However, the use of underwater imagery

has increased in recent years (Mallet & Pelletier, 2014),

and is now a standard tool for ground-truthing habitat

maps (e.g., Misiuk & Brown, 2024; Nemani et al., 2022).

It is particularly useful for exploring hard-bottom marine

habitats where other physical sampling methods are less

reliable. Imagery is a less-destructive sampling method

than grabs or bottom trawling and can provide important

in situ ecological context. However, it suffers from several

limitations. First, rare, cryptic or motile species can be

missed or misidentified in imagery (Ruppert et al., 2019).

Second, video quality can be influenced by environmental

conditions such as turbidity, sediment clouds or dense

vegetation (Durden et al., 2016). Finally, imagery-based

taxonomic resolution relies heavily on morphology and is

therefore inherently limited (Durden et al., 2016; Howell

et al., 2014). Although some of these challenges can be

mitigated by careful planning, sampling design and train-

ing of image annotators, complementary data collection

methods can help address the limitations of imagery

alone.

One such method is the use of environmental geno-

mics, a rapidly developing tool for biodiversity characteri-

zation that involves collecting and analyzing

environmental DNA (eDNA) shed by organisms into their

environment (Baird & Hajibabaei, 2012; Deiner

et al., 2017). DNA can be extracted from sediment or

water samples, amplified using polymerase chain reaction

(PCR) and sequenced using high-throughput DNA

sequencing technology. DNA sequences are then taxo-

nomically assigned based on reference databases contain-

ing genetic information from known specimens. This

process, known as metabarcoding, can be tailored to tar-

get specific taxonomic groups or species of interest

(Compson et al., 2020), or can be used to characterize

entire ecological communities at a high taxonomic level

(e.g., eukaryotes). By identifying taxa that cannot be cap-

tured using other methods and by differentiating closely

related or cryptic species, eDNA can yield higher resolu-

tion taxonomic data compared to traditional sampling

methods (Bonfil et al., 2021; Cahill et al., 2018; Gibson

et al., 2015). eDNA has been used for individual species

distribution modeling (Eddings, 2019; Kutti et al., 2020;

Riaz et al., 2020); however, incorporation of eDNA meta-

barcoding into benthic species assemblage predictive map-

ping frameworks remains rare (but see Jaquier

et al., 2021; Pichler & Hartig, 2021).

Coupling video and eDNA collection and analysis

simultaneously may compensate for the above limitations

and improve taxon detection, and many studies have

compared eDNA to morphological and image-based data-

sets (Cahill et al., 2018; Muenzel et al., 2024; Stat

et al., 2019; Valdivia-Carrillo et al., 2021). Indeed, eDNA

metabarcoding can provide complementary information

to morphological identifications (Cahill et al., 2018) and

contribute to a holistic understanding of species distribu-

tion within marine benthic communities. However, to the

best of our knowledge, the combination of video and

eDNA datasets has not yet been applied to generate habi-

tat maps for nearshore coastal benthic assemblages. Our

goal was to use co-located eDNA sampling to improve a

benthic habitat map created using only video

ground-truth data (Nemani et al., 2022). Specifically, we

were interested in three questions: (1) Does eDNA detect

a different set of taxa than video ground-truthing? (2) Do

these assemblages have any relationships with remotely

sensed environmental data or their derivatives? (3) Can

combining eDNA with video ground-truth data yield bet-

ter predictions of assemblage distribution than models

based on video or eDNA alone? Our ultimate goal was to

produce a full-coverage benthic habitat map for the epi-

benthic megafauna of Mortier Bay, Newfoundland and

Labrador that incorporated the most complete biodiver-

sity data available for the region.

Materials and Methods

Study site

Placentia Bay, Newfoundland, is an ecologically and bio-

logically significant area that is subject to increasing

human activity, mainly from shipping and aquaculture

(Fig. 1A). Previous surveys were conducted by the Cana-

dian Hydrographic Service (CHS) and the Geological Sur-

vey of Canada (GSC) between 1989 and 2006 to

characterize the seafloor throughout Placentia Bay. These

surveys resulted in full-coverage backscatter and bathyme-

try data and a set of 1:50,000 scale thematic maps (e.g.,

Potter & Shaw, 2009a, 2009b), and a seascape map classi-

fying substrate type and depth throughout Placentia Bay,

including several coastal embayments (Shaw et al., 2011,

2013). Mortier Bay is one such embayment located on

the western edge of Placentia Bay (Fig. 1B,C). Nemani

ª 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 445

R. J. Command et al. eDNA Metabarcoding for Improved Benthic Biodiversity Mapping

 20563485, 2026, 3, D
ow

nloaded from
 https://zslpublications.onlinelibrary.w

iley.com
/doi/10.1002/rse2.70048, W

iley O
nline L

ibrary on [21/09/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



et al. (2022) created the first full-coverage habitat maps

of species assemblages for this area. The taxonomic and

functional diversity in Mortier Bay has also been mapped

(Nemani et al., 2024).

Seabed habitat data collection

We used two sources of remotely sensed acoustic data to

describe the physical characteristics of the Mortier Bay

seabed (Fig. 1B,C). First, we used backscatter data col-

lected by the GSC in 1989 aboard the RV Navicula using

a Klein-5500 side-scan sonar (SSS). Additionally, we used

bathymetry data collected by the GSC and CHS in 1997

and 2004 aboard the hydrographic launch Plover using a

hull-mounted Kongsberg-Simrad EM-3000 multibeam

echosounder (MBES) (Potter & Shaw, 2009a, 2009b).

MBES bathymetry was gridded at 10 m, and the SSS back-

scatter was resampled from 5 m to 10 m to match the

MBES data (Nemani et al., 2022). Secondary seafloor ter-

rain features were derived from these primary data layers

to further describe terrain variability and texture (see

Nemani et al., 2022). In order to identify both fine- and

broad-scale variability in seabed terrain and composition,

we calculated derivatives across multiple scales using

moving-window sizes from 3 × 3 to 21 × 21 cells

(�10–210 m), which resulted in 120 features in total

(Table 1). Secondary features were derived using the Ben-

thic Terrain Modeler (BTM) toolbox (Walbridge

et al., 2018), the Terrain Attribute Selection for Spatial

Ecology (TASSE) toolbox (Lecours, 2017) and the ArcGIS

Figure 1. Map of study location and sampling sites (A), bathymetry (B), and backscatter (C), maps show the location of video ground truthing

and the sites at which environmental DNA samples were collected.
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Pro® curvature tool (with default parameters) in ArcGIS

Pro® v.2.7, as well as the glcm package (Version 1.6.5;

Zvoleff, 2020) in R Statistical Software (Version 4.1.0; R

Core Team, 2021). All these tools allow the analysis win-

dow size to be specified (e.g., TASSE’s ‘Alternative Analy-

sis Window’ option; glcm package documentation:

https://cran.r-project.org/web/packages/glcm/glcm.pdf).

Video data collection and processing

The video collection and analysis protocols are out-

lined fully in Nemani et al. (2022). Briefly,

two-minute video drifts were conducted at 31 sites in

Mortier Bay using a custom drop camera system

equipped with a Sony FDR-X3000 camera in a Group

B Inc. housing, and two green-light lasers spaced

10 cm apart for scale. Videos were annotated using the

Monterey Bay Aquarium Research Institute Video

Annotation and Reference System (VARS) version

8.3.4 (Schlining & Jacobsen Stout, 2006). All visible

taxa ([ 2 cm) were identified to the lowest possible

taxonomic level; taxa that could not be identified to

species were grouped based on observed morphological

similarity (morphotaxa).

Table 1. Environmental features calculated across multiple scales used to model species assemblages.

Source layer Derivative layer Description Units Scales (m) Method

Bathymetry Source bathymetry surface meters 10

Bathymetric position index

(BPI) – fine*
Topographic highs and lows meters 30, 50, 70, 90, 110, 130,

150, 170, 190, 210

BTM

Bathymetric position index

(BPI) – broad*
Topographic highs and low meters 30, 50, 70, 90, 110, 130,

150, 170, 190, 210

BTM

Mean curvature meters�1 30, 50, 70, 90, 110, 130,

150, 170, 190, 210

Curvature tool

– ArcGIS

Profile curvature Rate of change of a slope (convex

and concave contours in a surface)

meters�1 30, 50, 70, 90, 110, 130,

150, 170, 190, 210

Curvature tool

– ArcGIS

Planar curvature Perpendicular to slope (defines

ridges and valleys)

meters�1 30, 50, 70, 90, 110, 130,

150, 170, 190, 210

Curvature tool

– ArcGIS

Eastness Orientation of the seabed (sine

transformed measure of aspect)

unitless 30, 50, 70, 90, 110, 130,

150, 170, 190, 210

TASSE

Northness Orientation of the seabed (cosine

transformed measure of aspect)

unitless 30, 50, 70, 90, 110, 130,

150, 170, 190, 210

TASSE

RDMV – relative difference

to the mean value

Measure of the variability of terrain

ruggedness and rugosity

unitless 30, 50, 70, 90, 110, 130,

150, 170, 190, 210

TASSE

Slope Steepness of gradient degrees 30, 50, 70, 90, 110, 130,

150, 170, 190, 210

TASSE

SD Standard deviation of terrain meters 30, 50, 70, 90, 110, 130,

150, 170, 190, 210

TASSE

Backscatter Source backscatter surface dB 10

Backscatter homogeneity Textural indices derived from GLCM

(gray-level co-occurrence matrices).

Homogeneity quantifies the

amount of local similarity

unitless 30, 50, 70, 90, 110, 130,

150, 170, 190, 210

R – GLCM

package

Backscatter contrast Textural indices derived from GLCM

(gray-level co-occurrence matrices).

Contrast quantifies the amount of

local variation

unitless 30, 50, 70, 90, 110, 130,

150, 170, 190, 210

R – GLCM

package

Backscatter variability Textural indices derived from GLCM

(gray-level co-occurrence matrices).

Variability quantifies the dispersion

around the mean

unitless 30, 50, 70, 90, 110, 130,

150, 170, 190, 210

R – GLCM

package

Distance

from Coast

meters Euclidian

distance

Note: Scales represent the width of the window. Reproduced and modified with permission from Nemani et al. (2022).

*BPI fine was calculated using an inner and outer radius of 1 and 10 cells (a scale factor of 100m); BPI broad was calculated using an inner and outer

radius of 10 and 30 cells (a scale factor of 300m) (Lundblad et al., 2006). Averaging over the increasing window sizes results in scales of 300, 500,

700, 900, 1100, 1500, 1700, 1900 and 2100m for BPI fine, and 300, 900, 1500, 2100, 2700, 3300, 3900, 4500, 5100 and 6300m for BPI broad.
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eDNA data collection and processing

Sample collection

We collected water samples between November 18 and

20, 2019, at 25 of the 31 sites in Mortier Bay. We

deployed a Niskin bottle open at both ends, lowered it to

the seabed and then raised it slightly (using the vessel

sonar for guidance) before triggering it to close and col-

lect the water. Thus, water samples represent near-bottom

water, typically within 1 m of the seafloor. The Niskin

bottle was decontaminated between sites using ELIMINase

(Decon Labs, Inc.). At each site, we conducted a single

Niskin drop from which we collected three 250 mL sub-

samples; we also collected six field blanks (i.e., distilled

water), for a total of 81 water samples. Samples were fro-

zen immediately after collection, transported to the Cen-

tre for Environmental Genomics Applications (CEGA)

and stored at �80°C until analysis.

Sample processing and analysis

We thawed water samples at 4°C and filtered each set of

triplicate samples onto a single 0.22 μm PVDF Sterivex fil-

ter (MilliporeSigma) using a peristaltic pump to create 25

composite samples (one per site). We thawed and filtered

field blanks individually. Prior to each filtration session,

surfaces and equipment were decontaminated with ELIM-

INase and rinsed with deionized water. We then extracted

DNA from all filter membranes using the DNeasy Power-

Water Kit (Qiagen) and three DNA markers covering two

genetic regions (cytochrome c oxidase I and 18S) were

amplified in triplicate from each DNA extract using PCR

(Table S1 Primers). This set of markers assesses a broad

range of eukaryote diversity with a focus on metazoans.

Each reaction contained 1X reaction buffer, 2 mM MgCl2,

0.2 mM dNTPs, 0.2 μM of each of the forward and

reverse Illumina-tailed primers, 1.5 U Platinum Taq (Invi-

trogen) and 1.2 μL of DNA in a total volume of 15 μL.
See Table S1 Primers for PCR conditions for all primer

sets. PCR replicates were pooled, cleaned with the QIA-

quick 96 PCR purification kit (Qiagen) and indexed with

unique dual Nextera indexes (IDT; 8-bp index codes).

Indexing PCR initiated at 95°C for 3 min, followed by

12 cycles of 95°C for 30 s, 55°C for 30 s, 72°C for 30 s

and a final extension at 72°C for 5 min. The indexing

reaction contained 1X reaction buffer, 2 mM MgCl2,

0.2 mM dNTPs, 2.5 mM of each of the forward and

reverse Illumina Nextera indexing primers, 1.5 U Plati-

num Taq (Invitrogen) and 2 μL of DNA in a total volume

of 25 μL. Amplicons were quantified with Quant-iT Pico-

Green dsDNA assay and pooled in equimolar concentra-

tion by DNA marker. Amplicon pools were cleaned using

AMPure XP cleanups, diluted to 4 nM and pooled into a

single sequencing library with 10% PhiX. Negative con-

trols generated during PCR, extraction, filtration and field

collection were carried through to sequencing to monitor

for contamination. The resulting library was sequenced

on one MiSeq v3 600 cycle (Illumina) flow cell at a target

depth of 100,000 sequences per sample per DNA marker.

Raw sequence reads are available in NCBI’s sequence read

archive under project PRJNA1206193.

Base calling and demultiplexing were performed using

Illumina’s bcl2fastq software (v2.20.0.422). Primer

sequences were trimmed using cutadapt v1.18. Sequences

were filtered for quality and length (maxEE= 2,

minQ= 2, truncQ= 2, maxN= 0) and then denoised

using default parameters in DADA2 v1.16 to create exact

sequence variants (ESVs), each of which represents a

unique sequence from the sample (Callahan et al. 2016).

ESVs with two or more reads were assigned taxonomy

using the National Center for Biotechnology Information

(NCBI) blastn tool (v2.11) and the nucleotide database

(downloaded November 2020) with an e-value cut-off of

0.001. The taxonomy presented here matches the naming

conventions used in NCBI’s taxonomy database and was

assigned based on a sequence similarity score (the prod-

uct of the % sequence similarity and the % query cover-

age) using minimum score thresholds as follows: species

(99%), genus (98%), family (95%), class (90%) and phy-

lum (85%). The results from the three DNA markers were

consolidated to create taxonomic lists, and eDNA occur-

rences are hereafter treated as presence–absence data. Tax-
onomic identifications of metazoans were verified against

the World Register of Marine Species (WoRMs), the

Global Biodiversity Information Facility and the Encyclo-

pedia of Life (EOL) to ensure that spurious matches

resulting from poor reference database coverage were not

included in the list. Most ESVs shared between negative

controls and samples did not pass the previously

described filters (score thresholds) for inclusion in the

analysis, which is focused only on the taxonomic data.

The remaining ESVs identified in negative controls,

assigned to humans, land plants, common insect pests

and a freshwater rotifer were removed from the sample

data. All non-target taxa (e.g., fungi and bacteria) were

removed from taxonomic lists.

Dataset partitioning

We used three datasets for modeling. The ‘video’ dataset

consisted of taxa identified via video ground-truthing.

The ‘eDNA’ dataset consisted of all taxa where the adult

stage is [ 2 cm and exhibits a benthic (or benthopelagic,

in the case of Ammodytidae) lifestyle. This excluded

many copepods, jellies and other zooplankton, as well as
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Platyhelminthes and other meio- and macroinvertebrates

that are too small to see in underwater video. We also

merged the video and eDNA observations to create a

‘combined’ dataset (Table S2). A taxon was considered to

be present at a given site if it was detected by at least one

of the sampling methods (Table S3). Because taxonomic

resolution differed between sampling methods, we pooled

taxon identifications at the lowest common taxonomic

rank shared between datasets (Table S3). In each dataset,

rare taxa that occurred in fewer than three sample sites

were excluded from the analysis (Ovaskainen &

Abrego, 2020).

Data analysis

Variable selection

Prior to modeling, we selected predictor variables from

the acoustic data using Redundancy Analysis (RDA)

implemented via the ‘vegan’ package (Version 2.6–2;
Oksanen et al., 2022). Given a matrix of predictor vari-

ables X, and a species matrix, Y , RDA finds the linear

combination of X that best explain the variation in Y .

This is a common ecological technique for reducing pre-

dictors while maintaining those important to explain vari-

ation in Y . Here, we used a scale-based variables selection

approach, which was identified as the best performing

variable selection method for the video ground truth data

(Nemani et al., 2022). Because there were significantly

more variables than observations, variables were split into

two categories—bathymetry derivatives and backscatter

derivatives. Within each category, variables were grouped

by scale, according to the size of the focal window used

to perform the calculation (e.g., 3 × 3 bathymetry fea-

tures, 5 × 5 bathymetry features, etc.). We fit each species

matrix as a function of feature categories for a given scale

and determined the best set of variables for each

scale-feature subset via forward selection, using the R2
adj

value of the full RDA as stopping criteria. We then ran a

second RDA, fitting the species matrix as a function of

the variables selected in the first round. Finally, we calcu-

lated Spearman’s rank correlation between variables

selected by the RDA process to ensure any remaining cor-

relations were below 0.7 (Fig. S5).

This method was applied to each dataset (i.e., video,

eDNA, combined) separately to determine the features

that best explain variation in the taxa present.

Joint-species distribution modeling with HMSC

We fit joint-species distribution models using the Hierar-

chical Modeling of Species Communities (HMSC) imple-

mented in the ‘Hmsc’ package (Version 3.0–12; Tikhonov

et al., 2022) in R. HMSC is a Bayesian generalized linear

model framework that allows the distribution of species

assemblages to be jointly modeled as a function of envi-

ronmental covariates, functional traits, phylogenetic rela-

tionships and structured (e.g., spatial, temporal) and

unstructured random effects (Ovaskainen et al., 2017).

Unlike many other habitat mapping methods, HMSC

assumes a continuous distribution of species along envi-

ronmental gradients. The probability of species occur-

rences can be predicted over the entire study area and

then classified using clustering methods to identify

‘Regions of Common Profile’ (RCP). As such, this

approach can be considered a ‘predict-and-assemble

together’ analogue of traditional habitat mapping (Foster

et al., 2013).

For each dataset (video, eDNA, combined), we fit three

models: one containing environmental covariates (vari-

ables selected by RDA) only (‘environmental’), another

containing a site-level spatial random effect only (‘spa-

tial’) and a final model containing both environmental

covariates and the spatial random effect (‘full’). This

approach allowed us to quantify the contribution of the

spatial effect and environmental covariates separately and

to investigate residual co-occurrences.

We explored the explanatory and predictive powers of

the models through species-specific AUC (Pearce & Fer-

rier, 2000) and Tjur’s R2 (hereafter Tjur R2; Tjur, 2009)

values. Although AUC and Tjur R2 are both metrics of

discriminating presence from absence, they measure com-

plementary aspects of model performance (Abrego &

Ovaskainen, 2023). In the context of species distribution

modeling, AUC is defined as the proportion of cases

where a randomly selected occupied sampling unit has a

higher occurrence probability than a randomly chosen

unoccupied sampling unit (Hanley & McNeil, 1982). Tjur

R2 is defined as the difference in the average predicted

probability between occupied and unoccupied sampling

units. In other words, AUC measures a model’s ability to

discriminate whether a species is present or absent in all

sampling units, whereas Tjur R2 measures the model’s

ability to predict correctly only when a species is present

with a high probability. A model with high AUC does

well at predicting where a species is present and where it

is absent. The same model with a low Tjur R2 would fail

to identify the sampling units where the species is present

with high probability but would be very useful for identi-

fying areas where the species is very unlikely to occur.

We performed a Leave-One-Out Cross-Validation to

estimate predictive power from which we derived confu-

sion matrices and classification metrics based on the

Receiver-Operator Characteristic (ROC) curve (i.e., sensi-

tivity and specificity). To evaluate the taxonomic richness

predictions, we used simple regression metrics (i.e.,
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Pearson’s coefficient of correlation [r], mean absolute

error (MAE) and per cent variation explained (%VE)) to

evaluate how well each model explained and predicted

the number of species occurring in Mortier Bay. More

details on model specifications, diagnostics, variation par-

titioning and the role of environmental variables influenc-

ing species distributions (Ovaskainen & Abrego, 2020)

can be found in Appendix S1.

Benthic habitat and diversity maps

We produced separate predictions from all three models

(‘environment’, ‘spatial’, ‘full’) over the entire study area

by pooling the parameter estimates across all four Markov

Chain Monte Carlo (MCMC) chains and making predic-

tions for each of the 1000 posterior samples

(Appendix S1). We averaged the predictions over all 1000

samples to get the posterior mean predicted occurrence

probability for each taxon and took the standard devia-

tion across the posterior samples to obtain a depiction of

the uncertainty of the predictions (Ovaskainen &

Abrego, 2020). HMSC can also make predictions of

community-level metrics, so we performed the same aver-

aging procedure to derive posterior mean predictions of

taxonomic richness and its standard deviation for the

entire study area to generate a full-coverage map of local

biodiversity for Mortier Bay.

Both the spatial extent and location of underwater

video samples are known based on the camera field of

view and the length of the video drift. However, eDNA is

ostensibly transported through the water column before

being sampled, making its provenance and transport dis-

tance unknown. To estimate the extent of eDNA trans-

port, we calculated Jaccard dissimilarity from eDNA

community data (subset used for modeling) between

sample sites and plotted it as a function of distance. This

yielded an empirical estimate of the rate of community

turnover at the scale of the study area that is attributable

to spatial autocorrelation—similar to the univariate

empirical variogram. We repeated this analysis for

video-derived community data for comparison.

To investigate taxonomic co-occurrences, we grouped

predictions into regions of similar taxonomic profile

using self-organizing maps (SOMs) with a 5 × 5 window

(after Tikhonov et al., 2020) using the kohonen package

in R (Wehrens & Buydens, 2007; Wehrens & Kruissel-

brink, 2018). SOMs are unsupervised neural networks

that reduce high-dimensional data into two dimensions

by maximizing global and local distances between groups

(Kohonen, 1982). Here, the algorithm grouped sites

together that have similar taxonomic composition and are

close together in real space. We then mapped the nodes

into the U and V components of the YUV color space.

Depiction of taxonomic composition as a continuous gra-

dient avoids imposing assumptions about the structure of

taxonomic assemblages on the predictions.

Results

eDNA metabarcoding

A total of 12,957,844 sequences were generated from the

25 composite samples analyzed for this project, yielding

an average of 106,259 (� 60,084 SD) sequences per sam-

ple per marker after bioinformatic filtering. We grouped

these sequences into 13,700 ESVs across the three DNA

markers with a median of 540 ESVs per sample per

marker. Overall, 99% (13,498) of ESVs matched a refer-

ence sequence, 47% (6,417) were attributed to eukaryotes

and 25% (3,421) met the selection criteria for taxonomy

assignment for high-quality eukaryote matches.

We identified 18 metazoan phyla across the 25 sites

(Table S2). Phyla Annelida, Arthropoda, Bryozoa, Chor-

data and Mollusca were detected at all 25 sampling loca-

tions, whereas Cnidaria, Ctenophora, Echinodermata and

Porifera were detected in [ 80% of sampling locations.

Using the number of ESVs as a proxy for diversity within

each phylum, Annelida (nESV = 124) had the greatest

diversity across all samples, followed by Arthropoda

(nESV = 66), Mollusca (nESV = 61), Cnidaria (nESV = 53),

nESV and Porifera (nESV = 43) which were also highly

diverse.

Within the 18 metazoan phyla, we identified 35 classes,

67 orders, 124 families, 119 genera and 77 species. The

families Mopaliidae (Mollusca) and Terebellidae (Anne-

lida) were detected at all 25 sites, and Oithonidae

(Arthropoda), Temoridae (Arthropoda), Ammodytidae

(Chordata), Obeliidae (Cnidaria), Pleurobrachiidae (Cte-

nophora) and Spirastrellidae (Porifera) were found at

80% or more of the sites (Fig. S1). In addition to meta-

zoans, we identified 18 phyla and 50 classes of

non-animal eukaryotes (i.e., algae and protists).

Considerably more taxa were identified via eDNA

(ns = 237) compared to video (ns = 46). Species accumu-

lation curves indicate that the number of taxa identifiable

using video was nearly saturated (Fig. 2). However, satu-

ration was not reached for the eDNA method, indicating

missing taxa that were not sampled in Mortier Bay

(Fig. 2).

Of the 237 taxa identified by eDNA, we removed 28

due to their pelagic life history, and 86 due to their size

(adult stage \2 cm); 7 taxa had both characteristics.

Finally, 71 taxa occurred at fewer than three sites and

were removed due to low occurrence. Thus, we included

57 taxa in the eDNA model, consisting of 9 phyla, 15

classes, 29 orders, 37 families, 34 genera and 20 species.
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HMSC model fit

The ‘combined’ model fit the corresponding data well for

explanatory power (Tjur R2= 0.20, AUC= 0.88), but

exhibited poor predictive power (Tjur R2= 0.027,

AUC= 0.54). Overall, the video-only model performed

better at discriminating presence from absence in the cor-

responding dataset, compared to the eDNA and com-

bined models (Table 2). However, for some individual

taxa (e.g., Cyclostomatida sp.1, Ascidiacea sp.1, Halisarca

dujardinii), the combined model was best (Fig. 3). The

video model performed very poorly when predicting taxo-

nomic richness, whereas the eDNA and combined models

performed moderately (Table 2).

Predictive power for individual taxa

Combined versus video-only

At least one of the combined or video-only models was

able to discriminate presence from absence for all taxa

detected via video ground-truthing (AUCCV [ 0.5, Tjur

R2
CV [ 0), except for Arctica islandica and Cancer irrora-

tus, which were poorly predicted by both models

(Table S4). The sponge Porifera sp.1 and mussel Mytili-

dae were predicted similarly well by both models

(Table S4). The sand-dollar Echinarachnius parma was

also predicted equally well by both models, with higher

Tjur R2
CV values for the video-only model but higher

AUCCV values for the combined model (Table S4).

The combined model made better predictions (i.e.,

yielded higher AUCCV) than the video-only model for 5

of 18 taxa, all five of which were sessile filter-feeders: the

tunicates Ascidiacea sp.1 and Tunicata sp.1, the bryozoans

Bryozoa sp.1 and Cyclostomatida sp.1, and the bivalve

Arctica islandica (Table S5). However, a few sessile taxa

(e.g., Hormathia, Mytilidae, Metridium senile) were better

predicted by the video-only model.

Overall, the video-only model better predicted all mobile

taxa, including all sea stars, the sea urchin Stronglyocentro-

tus droebachiensis, the rock crab Cancer irroratus and the

hermit crabs Pagurus sp. (Table S4). The video-only model

predicted brittle stars (Ophiuroidea) with higher sensitivity

and the sea star Pteraster militaris with higher specificity

than the combined model. For other taxa, sensitivity and

specificity were generally higher for the combined model

compared to the video model, although no clear patterns

in these ROC metrics were evident to help explain the dif-

ferences in predictive power for other mobile taxa.

Combined versus eDNA-only

After grouping taxa for the combined dataset, there were

51 taxa common to the eDNA-only and combined

models. At least one of the combined or eDNA-only

Figure 2. Species accumulation curves for the video ground-truth

sampling (blue) and eDNA sampling methods (red= all detected

fauna, green= detected benthic fauna >2 cm) at the 25 sites in

Mortier Bay where both methods were conducted. Ribbons indicate

the 95% confidence interval around the expected taxonomic richness.

Table 2. Model performance metrics for explanatory and cross-validated predictive (subscript ‘CV’) power of the video, eDNA and combined

datasets.

Presence–Absence Richness

AUC AUCCV Tjur R2 Tjur R2CV Pearson’s rCV MAECV %VECV

Video 0.94 0.67 0.37 0.13 �0.26 1.96 6.60

eDNA 0.83 0.51 0.15 0.02 0.44 3.97 19.70

Combined 0.88 0.54 0.20 0.03 0.46 4.37 21.00

Note: Pearson’s r is the correlation between the observed and cross-validated predictions for taxonomic richness. The mean absolute error (MAE)

is the average absolute difference between the observed and predicted taxonomic richness for each model. %VECV is the percentage of variance

in taxon occurrences explained by each model based on cross-validation.
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models was able to discriminate presence from absence

for 29 of the 51 taxa detected by eDNA (AUCCV [ 0.5,

Tjur R2
CV [ 0); the other 22 of 51 taxa were poorly pre-

dicted by both models, exhibiting no clear taxonomic pat-

tern (Table S4).

The combined and eDNA-only models performed simi-

larly with respect to the number of taxa they best predict.

The eDNA-only model predicted 26 of 51 taxa better than

the combined model, whereas the combined model pre-

dicted 25 of 51 taxa better than the eDNA-only model.

Figure 3. Cross-validated AUC (A, C) and Tjur R2 (B, D) values for taxa present in both video (A, B) and eDNA (C, D) datasets, modeled using the

combined dataset. For each panel, the top-left quadrat indicates taxa for which predictions were poor for the single method but better than

average for the combined model. The bottom-right quadrant indicates taxa for which predictions were poor for the combined model but better

than average for the single method model. The top-right quadrant indicates taxa that were predicted well by both combined and eDNA-only

models. The combined model better predicted taxa above the 1:1 diagonal line, while the eDNA-only model better predicted taxa below the 1:1

diagonal line. Taxa with predominantly mobile (sessile) adult stages are indicated with triangles (circles).
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The majority of taxa best predicted by the combined

model were sessile, including the ascidian Ascidiella, and

for some sponges including Halisarca dujardinii, Clathri-

nidae, Leucosolenida and Haliclona (Haliclona) oculata,

although the latter was poorly predicted overall

(AUCCV\ 0.5, Tjur R2
CV\ 0). Several polychaete taxa

were also better predicted by the combined model,

including Arenicola marina, Eunicida, Opheliidae and

Chone infundibuliformis.

Interestingly, the combined model made better predic-

tions than the eDNA-only model for the sea star Asterias,

although it did not perform as well as the video-only

model. The sea urchins Strongylocentrotus sp.1 and sp.2

followed the same trend.

Predictive power for taxonomic richness

In terms of community-level predictions, the combined

model performed slightly better than the eDNA-only

model, which in turn performed better than the video

model; each model explained 21.0%, 19.7% and 6.6% of

the variation in taxonomic richness, respectively. The

spatial predictions made for each model were similar

(Fig. 4A–C). However, the combined and eDNA models

predicted higher taxonomic richness than the video

model in each area; this result was expected based on

the higher number of species identified by eDNA. Addi-

tionally, the standard deviation around the mean poste-

rior predicted taxonomic richness was higher for the

Figure 4. Spatial predictions for the video-only model (A, D, G), the eDNA-only model (B, E, H) and the combined data model (C, F, I). The top

row (A–C) represents mean posterior predicted taxonomic richness. The middle row (D–F) depicts the standard deviation around the mean

posterior predicted taxonomic richness. The bottom row (G–I) represents predicted regions of common profile, with nodes of the 5 × 5

self-organizing map mapped to YUV color space. In G, H and I, the colors correspond to different regions of common profile because different

species are included in each dataset.
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combined and eDNA models compared to the video

model (Fig. 4D–F).

Spatial scale and community dissimilarity

Jaccard community dissimilarity was relatively constant

at all inter-site distances (� 200 m–1 km) when calcu-

lated from video data but was low at proximal sites

(\1 km) and increased consistently with distance

between sites when calculated from eDNA data (Fig. 5).

Dissimilarity measured from eDNA data did not appear

to plateau at the full extent of the study area

(� 11 km), suggesting that even the most distal sites

may not be spatially independent. Conversely, the lack

of spatial structure in community dissimilarity observed

from video data suggests fine-scale spatial autocorrela-

tion, which occurs at extents less than the minimum

distance between sample sites (� 200 m). Jaccard dissim-

ilarity from eDNA samples at the most distal sites

([ 9 km) was comparable to dissimilarity calculated

from the most proximal video samples.

Ecological inference: Regions of common
profile

In order to contextualize our ecological inference, we ref-

erence the seascapes identified by Shaw et al. (2011). The

regions of common profile (RCP) identified by each

model were generally similar in geographic location and

extent. The shallow muddy seascapes in the north of the

bay and the deep muddy seascapes in the south were

identified as similar RCPs by each model (Fig. 4G–I).
Similarly, the taxonomic composition of the high relief,

hard, complex substrates in the north of the bay was dis-

tinguished from the muddy seascapes. The taxonomic

composition of the northern seascapes was also distinct

from the deeper southern bedrock seascapes, which were

patchy and variable.

The models differed in the taxa associated with each

RCP. The eDNA-only model closely followed the extent

of the Shaw et al. (2011) seascapes, with hard boundaries

evident between muddy and hard-bottom seascapes.

However, the eDNA model did not generalize well; several

regions exhibit colors from opposite axes of the YUV

color space (Fig. 4H), indicating that the model cannot

discriminate between assemblages. In contrast, the RCPs

identified from the combined model, and to a lesser

extent, the video model, were more spatially continuous.

This was especially evident in homogeneous muddy sea-

scapes, although this pattern was also observed in bedrock

and high relief seascapes (Fig. 4I).

Discussion

Spatial patterns captured by video were a decent proxy of

the benthic community, and the distribution of many

taxa was best explained by video alone. However, video

ground-truthing provided an incomplete benthic species

catalogue for Mortier Bay. Indeed, near-bottom water

samples analyzed using eDNA metabarcoding techniques

revealed an additional 237 taxa. Among the detections

were a large number of sponges and infaunal taxa (i.e.,

polychaetes), which are difficult or impossible to identify

using video alone. Failing to observe and account for eco-

logically important species could result in inaccurate hab-

itat maps which, when used for decision-making, could

Figure 5. Mean Jaccard dissimilarity in community composition as a function of distance, aggregated to 500m lags, between (A) eDNA samples

and (B) video samples.
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ultimately lead to erroneous conclusions and suboptimal

management outcomes.

Additionally, cryptic and rare species often missed in

visual surveys may be detected by eDNA, improving

overall coverage of the benthic community (Ruppert

et al., 2019). However, the detection of rare species by

metabarcoding methods may be limited by available ref-

erence sequences. It is also important to note that rarity

could be due to sampling bias associated with gear type

(e.g., cameras, bottom trawls) rather than a truly

uncommon species. Although taxa present in fewer than

three sites were removed from our spatial analysis, con-

siderably more taxa were detected with eDNA metabar-

coding than video in our study. Indeed, our species

accumulation curve for eDNA detections suggests that

more sampling is needed to complete the species cata-

logue for Mortier Bay, potentially driven in part by the

challenge of adequately sampling complex coastal

ecosystems.

Ecological inference and method
comparison

The ability of each model to differentiate presence and

absence is evaluated based on the dataset used to generate

that model. As such, a model that performs better at this

task may not necessarily provide a better reflection of true

ecological patterns. For example, if video data does not

capture a particular species, we cannot assess the perfor-

mance of the video model for that species. The same can

be said for different life stages. However, patterns in com-

munity structure were generally similar among eDNA and

video methods and were consistent with the modeling

approach of Nemani et al. (2022).

For some taxa, combining metabarcoding results with

video ground-truthing improved spatial predictions. This

was especially true for sessile, substrate-associated,

filter-feeding taxa (e.g., sponges, ascidians, bryozoans),

which are difficult to identify in video, particularly in

complex habitats. Conversely, mobile taxa were better

predicted by the video-only model compared to the com-

bined model, possibly due to DNA dilution since mobile

species move between habitats, reducing the probability

of detection. Video likely captures these species in the

habitats in which they spend most of their time, whereas

eDNA could theoretically capture them in any habitat

they pass through. Furthermore, organism morphology

may also have contributed to this result. Most of the epi-

benthic mobile invertebrates observed in our video foot-

age were decapod crustaceans with hard exoskeletons,

which were poorly represented in the eDNA data. Several

studies have demonstrated low or variable detection rates

for exoskeleton-shedding fauna, such as crustaceans

(Crane et al., 2021; Korbel et al., 2024; Lancaster

et al., 2025; Trimbos et al., 2020). In contrast, the sessile

fauna that were well predicted were the sponges, tunicates

and bryozoans, which consistently expulse DNA (Lancas-

ter et al., 2025).

The few studies that have combined eDNA with other

sampling methods report varying results. In rocky benthic

habitats, for example, eDNA captured regional-scale (e.g.,

between and within seas) trends in macrobenthic biodi-

versity reasonably well when compared with morphologi-

cal assessments (Cahill et al., 2018). Conversely,

Czechowski et al. (2024) report that eDNA metabarcoding

detected fewer fish species compared to concurrently

deployed baited cameras, owing to the poor availability of

relevant DNA sequences. These results align with our

conclusion that eDNA approaches may be best suited to

detect sessile, rather than mobile, taxa. However,

eDNA-based detections of fish species from trawl-water

runoff have yielded more accurate food web reconstruc-

tions compared to trawl survey samples alone (Cicala

et al., 2024), highlighting the limitations of collection-

based sampling schemes for assessing regional patterns.

Collectively, these studies highlight the need for further

research into the limitations of eDNA methods while

underscoring the utility of metabarcoding as a comple-

mentary tool in a wide variety of systems (Deiner

et al., 2017; Goldberg et al., 2016).

Performance and limitations of
environmental DNA for habitat mapping

Overall, the eDNA-only and combined models performed

poorly for discriminating presence and absence, but it is

important to emphasize that the eDNA study design

applied here was relatively small-scale (one composite

sample per site, 25 sites, three markers, MiSeq 100 K

sequencing depth). eDNA sensitivity or detection proba-

bility generally increases with larger water volumes, sepa-

rate replicates, more sites, more markers and deeper

sequencing—or some combination of these factors. eDNA

may also be horizontally advected by currents, leading to

‘signal smearing’ and high spatial-autocorrelation between

distant sample sites (Goldberg et al., 2016; present study).

Empirical models of mesopelagic DNA transport suggest

that DNA is generally detectable within 10 vertical meters

of the depth at which it was shed (Allan et al., 2021).

However, complex seabed topographies and fine-scale

variation in substrate and texture may influence local

water flow (Su et al., 2008), potentially transporting

eDNA further from its source. Collecting water samples

as close to the seabed as possible reduces this effect and

provides the highest detectability of benthic fauna (Antich

et al., 2021). Furthermore, collecting DNA from sediment
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or other physical samples may provide more localized

indicators of species presence (Hajibabaei et al., 2019).

Signal smearing can also be described as differences in

spatial and temporal resolution between sampling

methods. Video captures high spatial nuance on the sea-

bed, making it possible to visually differentiate between

adjacent habitats (e.g., sandy patch next to a boulder).

However, video typically only provides a single view of

the seabed, and taxa can easily be missed, especially in

complex heterogeneous habitats. Additionally, video data

shows what is present only at the moment of sampling,

whereas eDNA shows what is there and what was there

recently. This wider temporal scope creates some smooth-

ing to the eDNA signal compared to the instantaneous

measures derived from video. As such, eDNA provides a

more comprehensive view of the ecological community,

at the expense of spatial precision.

Another possible explanation for the poor performance

of the eDNA and combined models is that eDNA could

be capturing multiple life stages (Goldberg et al., 2016).

Sequence matches due to pelagic larval stages would result

in a taxonomic match but would not necessarily be asso-

ciated with the benthic adult stage; thus, benthic terrain

variables may be poor predictors of occurrence for these

detections. As such, models may be improved by includ-

ing water column parameters that influence larval dis-

persal, such as local current speed and direction (Kutti

et al., 2020).

More research is needed on the sources and sinks of

DNA in the marine environment (Barnes et al., 2014).

DNA decay and shedding rates are active areas of

research and are both species- and environment-specific

(e.g., Barnes et al., 2014; Goldberg et al., 2016; Scriver

et al., 2023). Characteristics of DNA molecules, abiotic

environmental conditions (e.g., temperature, pH, dis-

solved oxygen, ultraviolet radiation exposure, etc.) and

biotic interactions (e.g., extracellular enzymes, microbial

metabolism), all affect DNA degradation rates (Barnes

et al., 2014; Strickler et al., 2015), while DNA shedding

rates are influenced by water temperature and organism

abundance or biomass (Andruszkiewicz et al., 2021), as

well as organism characteristics and responses to envi-

ronmental conditions (Stewart, 2019). Much of this

research has been conducted in mesocosm experiments,

which may not accurately represent in situ ocean

conditions.

Conclusions

Our study provides the first comparison between concur-

rently collected environmental DNA samples and drop

camera videos for the application of habitat mapping. We

highlight the utility of eDNA as a complementary tool for

surveying marine biodiversity and its potential to provide

valuable insights for habitat and diversity mapping. First,

our results highlight that incorporating metabarcoding

data into biodiversity surveys can help mitigate some of

the limitations of imagery-only datasets. Second, many

sessile fauna that were difficult to distinguish in visual

surveys, such as sponges, tunicates and bryozoans, were

better represented by eDNA and best predicted by either

the eDNA or combined models, although overall model

predictive performance remained low. Finally, predictions

from all three models highlighted similar areas of high

taxonomic richness and similar RCPs, indicating that gen-

eral patterns of biodiversity in Mortier Bay were recov-

ered with opportunistic eDNA sampling.

In addition to these insights, we identified several limi-

tations and opportunities for research to improve the

utility of eDNA for habitat and diversity mapping. Fur-

ther research on sources and sinks of DNA in the envi-

ronment, comprehensive flow models, directed sampling

methods and more robust reference sequence libraries

would likely improve predictive modeling capacity where

metabarcoding approaches are incorporated. Additionally,

collecting eDNA from physical samples of surface-layer

sediment to acquire DNA samples that are highly local-

ized to the seafloor terrain variables could add fauna

occurrences that might be missed with water samples and

improve the predictive performance of models for habitat

mapping. Finally, the spatial resolution of eDNA should

be evaluated against the research questions under consid-

eration for a given study; this could be measured in a

pilot study to determine the magnitude and scale of sam-

pling required. Although eDNA cannot yet replace video

surveys for habitat mapping, it is a powerful tool to bol-

ster traditional survey methods and warrants further

study for benthic habitat and diversity mapping in com-

plex coastal habitats.
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Supporting Information

Additional supporting information may be found online

in the Supporting Information section at the end of the

article.

Table S1. Details of the primers used to amplify DNA

sequences.

Table S2. List of taxa identified by video ground truth

and/or eDNA data. Blanks occur under “Authority” where

no taxonomic authority is listed in the World Register of

Marine Species.

Table S3. Method used to combine video and filtered

eDNA datasets. In the combined dataset, a taxon was

considered to be present if it was detected by either video

or eDNA methods.

Table S4. Taxon-specific cross-validated discrimination

metrics for each model.

Table S5. Taxon-specific cross-validated performance

metrics for each model.

Table S6. Potential scale-reduction factors for each model

and parameter.

Table S7. Environmental features selected by RDA for

each model, and the percent variance explained by each

feature in their respective model. For each dataset, the

features are ordered by percent variance explained.

Figure S1. Taxonomic families identified by eDNA and

Video in Mortier Bay. Only those taxa that exhibit ben-

thic or benthopelagic lifestyle and are generally [ 2 cm

are displayed. Vertical dashed line indicates the threshold

(3/25 stations) used to filter out rare taxa prior to

modeling.

Figure S2. Residual co-occurrence plots for the combined

dataset, comparing the full model (A) with the spatial-

only model (B). It can be seen in panel A that, after

accounting for the environmental variables, the remaining

co-occurrences have less than 90% posterior support.

Figure S3. Residual co-occurrence plots for the eDNA-

only dataset, comparing the full model (A) with the

spatial-only model (B). It can be seen in panel A that,

after accounting for the environmental variables, the

remaining co-occurrences have less than 95% posterior

support.

Figure S4. Residual co-occurrence plots for the video-only

dataset, comparing the full model (A) with the spatial-only

model (B). It can be seen in panel A that, after accounting

for the environmental variables, the remaining co-occur-

rences have less than 95% posterior support.

Figure S5. Spearman’s rank correlations between variables

selected by RDA for each model.

Figure S6. The responses of taxa to environmental covari-

ates for the combined model. Responses that are positive

with at least 95% posterior probability are shown by red,

responses that are negative with at least 95% posterior

probability are shown by blue, and responses that did not

gain strong statistical support are shown by white.

Figure S7. The responses of taxa to environmental covari-

ates for the video-only model. Responses that are positive

with at least 95% posterior probability are shown by red,

responses that are negative with at least 95% posterior

probability are shown by blue, and responses that did not

gain strong statistical support are shown by white.

Figure S8. The responses of taxa to environmental covari-

ates for the eDNA-only model. Responses that are posi-

tive with at least 95% posterior probability are shown by

red, responses that are negative with at least 95% poste-

rior probability are shown by blue, and responses that did

not gain strong statistical support are shown by white.

Figure S9. Histograms of the potential scale-reduction

factors (PSRF) for the combined model. Top row are the

PSRFs for the full model, middle row are the PSRFs for

the environmental covariate-only model, bottom row are

the PSRFs for the spatial-only model. Plots are paired,

with each parameter estimate showing a point estimate

and the upper 95% confidence interval.

Figure S10. Histograms of the potential scale-reduction

factors (PSRF) for the eDNA-only model. Top row are

the PSRFs for the full model, middle row are the PSRFs

for the environmental covariate-only model, bottom row

are the PSRFs for the spatial-only model. Plots are paired,

with each parameter estimate showing a point estimate

and the upper 95% confidence interval.
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Figure S11. Histograms of the potential scale-reduction

factors (PSRF) for the video-only model. Top row are the

PSRFs for the full model, middle row are the PSRFs for

the environmental covariate-only model, bottom row are

the PSRFs for the spatial-only model. Plots are paired,

with each parameter estimate showing a point estimate

and the upper 95% confidence interval.

Figure S12. Predicted taxonomic richness as a function

of each environmental feature from the combined

model. Points are the observed taxonomic richness

values for each site, lines are predicted response over the

range of each covariate, with the grey ribbon indicating

95% credible interval. Level of posterior support for the

hypothesis that the minimum richness is less than or

greater than the maximum richness is found in the title

of each plot.

Figure S13. Predicted taxonomic richness as a function of

each environmental feature from the eDNA-only model.

Points are the observed taxonomic richness values for

each site, lines are predicted response over the range of

each covariate, with the grey ribbon indicating 95% credi-

ble interval. Level of posterior support for the hypothesis

that the minimum richness is less than or greater than

the maximum richness is found in the title of each plot.

Figure S14. Predicted taxonomic richness as a function of

each environmental feature from the video-only model.

Points are observed taxonomic richness values for each

site, lines are average response over the range of each

covariate, with the grey ribbon indicating 95% credible

interval. Level of posterior support for the hypothesis that

the minimum richness is less than or greater than the

maximum richness is found in the title of each plot.

Figure S15. Predicted occurrence probabilities for each

taxa in each node of the 5 × 5 self-organizing map fit to

the combined dataset. Colour represents the YUV colour

space mapping of the nodes, and size represents the pre-

dicted occurrence probability for the given taxa.

Figure S16. Predicted occurrence probabilities for each

taxa in each node of the 5 × 5 self-organizing map fit to

the eDNA-only dataset. Colour represents the YUV colour

space mapping of the nodes, and size represents the pre-

dicted occurrence probability for the given taxa.

Figure S17. Predicted occurrence probabilities for each

taxa in each node of the 5 × 5 self-organizing map fitted

to the video-only dataset. Colour represents the YUV col-

our space mapping of the nodes, and size represents the

predicted occurrence probability for the given taxa.

Appendix S1.
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