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“On the dark great sea, in the midst of javelins and arrows, in sleep,
in confusion, in the depths of shame, the good deeds a man has done
before defend him.”

~ The Mahabharata
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Summary

Human-induced factors such as pollution, overfishing, habitat destruction, and climate change
have negatively impacted marine ecosystems, causing declines in biodiversity, and threatening
the resilience of marine life. Biodiversity is vital for ecological sustainability, providing
ecosystem services and supporting human economies. To address the biodiversity crisis,
international frameworks like the CBD, UNCLOS, SDG 14, and GOA have set goals for marine
conservation and management, including protected areas and sustainable management
practices. With countries, including Norway, shifting from single-species management to
Ecosystem Based Management to maintain healthy ecosystems, the need for biotic data has
increased. To manage ecosystem health and prevent the deterioration of biological resources,

there is a growing dependence on effective data collection.

Traditional and commercial trawling, mark-recapture, telemetry, hydro-acoustics, and
electrofishing are tried and tested techniques for collecting ecological data with respect to fish
surveys, but their invasive nature, high costs, and labor intensity often limit their application,
and potentially harming marine ecosystems. Environmental DNA (eDNA), on the other hand,
has emerged as a non-invasive, cost-efficient, and highly accurate alternative, revolutionizing
marine biodiversity assessments, species detection and distribution, and community
composition studies. However, eDNA faces its own challenges, including species-specific
DNA shedding rates, Polymerase Chain Reaction (PCR) biases, and environmental conditions
that affect DNA persistence and quantitative interpretation. While advanced PCR techniques
like quantitative PCR (qPCR) and droplet digital PCR (ddPCR) can help quantify DNA in
samples and improve accuracy, biological and environmental variables still pose significant
obstacles. Enhancing and refining eDNA methods is crucial for gathering more precise and
detailed information about marine ecosystems. This will lead to better-informed management

decisions and assist in meeting international biodiversity conservation objectives.

In this thesis I utilized eDNA metabarcoding samples partially coupled with bottom trawl
surveys, gPCR and ddPCR analysis to understand the eDNA dynamics by estimating the
processes affecting the metabarcoding data output which will help resource managers designing

better action plans for marine management.

In this thesis (composed of three research papers) I thoroughly explored the complex dynamics

of eDNA metabarcoding (multi-species) and how various factors shape its persistence and



distribution with regards to marine observation and ecosystem management. These factors
include DNA shedding rates, transportation and sedimentation rate, degradation rate, eDNA
sampling and isolation efficiency, as well as technical methods used for detection. Given the
influence of these factors, the eDNA persistence in the marine water is very short lived (days
to weeks) and its spread is set to several kilometers range (depending on the water conditions).
Subsequently, eDNA metabarcoding data (multi-species observation) was shown to hold some
approximate quantities (semi-quantitative) regarding species abundances, thus serving as a
valuable tool for rapid monitoring of marine community structures. Subsequently, | developed
a novel approach for empirically assessing the factors affecting eDNA dynamics which can
thereafter enable eDNA observations to be translated into fish abundances and densities, similar
to those derived from trawl catch observations. By quantifying these dynamics, managers and
policymakers can deepen their understanding of eDNA surveys thus enabling them to draw
meaningful monitoring plans regarding anthropogenic impacts and climate change. With
regards to early detection of invasive species or quantification of commercially important
species, ddPCR was shown to have higher sensitivity and precision compared to the alternative
single-species quantitation method (QPCR). This finding becomes particularly beneficial for
resource managers who heavily rely on high sensitivity and precision for making informed
decisions regarding the early detection of pathogens, introduced species, and quantitative

assessment of marine biota.

eDNA also opens new horizons for comprehensive community and health assessments,
facilitating the identification of crucial habitats, like spawning grounds, with minimal
ecological disruption. However, despite its advantages, current eDNA approaches fall short in
determining individual traits such as size or age. Overcoming this challenge lies in combining
eDNA with supplementary genetic markers, forging a path toward more sophisticated fisheries

and conservation tactics.



1 Introduction

The world's oceans encompass over 70% of our planet's surface and host an astounding array
of life. However, in recent decades, human activities have significantly influenced marine
ecology and biodiversity (O’Hara et al., 2021; Pan, 2023). Pollution, overfishing, habitat
destruction, and climate change are among the key anthropogenic factors contributing to these
impacts (O’Hara et al., 2021). Industrial and agricultural pollution introduce harmful substances
into marine environments, causing various physiological and reproductive disorders in
organisms. Overfishing has disrupted marine food webs and depleted fish stocks, leading to
imbalances within ecosystems (Madin et al., 2016). Habitat destruction, whether from bottom
trawling, coastal development, or coral reef degradation, poses a significant threat to marine
biodiversity by eliminating crucial breeding and shelter sites (Madin et al., 2016). Furthermore,
climate change, driven by human-induced greenhouse gas emissions, is causing rising sea
temperatures, sea level rise, and ocean acidification, profoundly affecting marine life
(Mieszkowska et al., 2014). These cumulative anthropogenic impacts have resulted in a decline
in overall biodiversity, impairing the resilience and recovery abilities of marine ecosystems
(Mace et al., 2020). Understanding the consequences of these impacts is paramount in

developing effective conservation strategies for the protection of biodiversity.

The biologic diversity (biodiversity) is the variety of life and it is a well-established barometer
of environmental sustainability jointly with the wellbeing of our biological resources (Vackar
etal., 2012). The biodiversity spans from microscopic life forms to whales and includes genetic,
population, species, and ecosystem diversity. The importance of this diversity goes beyond just
the number of species, as each level of diversity contributes to the overall functionality and
resilience of the ecosystems and our oceans (Zou et al., 2020). It plays a significant role in
maintaining the vast majority of our biological resources (McCann, 2000), providing essential
ecosystem services, and contributing to the wide variety of human economic development
(Lotze, 2021; Pimentel et al., 2005), starting from food security and medicines to cultural and
common heritage (Cardinale et al., 2012). In addition to key anthropogenic factors, escalating
threats such as introduction of invasive species, and maritime activities (Warner, 2014) are
putting biodiversity at risk (Marco et al., 2015; McCann, 2000). For instance, introduction of a
single invasive species can trigger ecosystem collapse, as seen in the case of the Nile perch in
Lake Victoria (McCann, 2000) which contains highly ecologically diverse cichlid assemblages
(Meier et al., 2023).



The marine ecosystem in northern Norway is uniquely distinct, hosting the world's largest
populations of cod and herring (Jakobsen, 1987), ancient coral reefs (Freiwald et al., 2002),
abundant kelp forests (Kvile et al., 2022), and vast seabird colonies, accompanied by six species
of seals and 30 species of whales and dolphins (Bevanger, 2018). The northeast Atlantic is rich
in marine biodiversity with thousands of species documented where fish make up about 1100
of species (Merrett, 1994). Aside from the seas, thousands of untouched lakes, rivers, and

streams spanning across Norway are the ideal habitats for wild salmon, Arctic char, and trout.

1.1 Marine conservation

With the expansion of the blue economy - economic growth derived from oceans -
anthropogenic threats will continue to increase, bolstering the urgency of conservation efforts.
The ongoing biodiversity crisis has prompted enormous efforts (Figure 1) and attempts to
preserve all elements of ocean biodiversity at genetic, population, species, habitat, community,
and ecosystem levels (Mace et al., 2020). Within the context of marine resources, Convention
for Biological Diversity (CBD) aimed to protect 10% of marine areas (Figure 2; Pimm et al.,
2014). The United Nations Convention on the Law of the Sea (UNCLOS) set out the legal
framework for marine and maritime activities requiring states to protect and preserve the marine
environment and sustainably use the marine biological resources (Figure 2; Nguyen, 2023).
Mirroring and supporting the objectives of the CBD, Sustainable Development Goal 14 (SDG
14) addressed issues like overfishing, and marine pollution reduction (Figure 2; Kirkfeldt &
Frazdo Santos, 2021). Adding to these endeavors, the Global Ocean Alliance (GOA) is aiming
to protect at least 30% of the world’s ocean by 2030 (Figure 2), which was furthermore adopted
by The Kunming-Montreal Global Biodiversity Framework as part of CBD (Stephens, 2023).

For achieving these strategic visionary goals, policy makers from each country often design
action plans in form of programs, measures, regulations, and controls (Cormier et al., 2017). In
practice, these action plans are turned into management plans where governmental institutions
or independent entities evaluate the outcomes through measuring the performance by
comparing indicators against a benchmark. In case of adaptive management, depending on the
performance, such action plans can furthermore be improved (Cormier et al., 2017). Up until
recently the management plans have often been focused on single species without explicitly
accounting for the complex interactions that species have with other species or the ecosystems.

An example of this approach is shown off the coast of Newfoundland in Canada where ignoring
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ecosystem interactions brought Atlantic cod (Gadus morhua) fishery stock to a collapse
obliging the Canadian government to impose a moratorium in 1992 (Bavington, 2010). Multiple
countries including Norway have transitioned from a single-species management approach to
an Ecosystem Based Management model (i.e., community and ecosystem level managements)
where more focus is laid on complex interaction with other species and the ecosystem to sustain
healthier marine biological resources (Fogarty, 2014). This approach involves maintaining
long-term socioeconomic benefits, generating knowledge of ecosystem processes and

mitigating risks of irreversible changes to the marine ecosystem (Gullestad et al., 2017).
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Figure 1. Cumulative number of efforts attributed to biological conservation programs since 1900 from Miloslavich
et al. (2018)

Despite the international extensive efforts for marine conservation, a multitude of research
reporting worsening trends on the majority of the Aichi targets - a set of 20 global targets set
by CBD aimed at halting biodiversity loss (Mace et al., 2020; Rounsevell et al., 2020). For
instance, four of the benchmarks highly relevant to marine conservation have not been reached
by the end of the decade (Carr et al., 2020), indicating a significant failure to meet the
international targets (Marco et al., 2015; Rounsevell et al., 2020). Researchers attribute this lack
of fulfilment to the overly ambitious nature of these marine conservation targets, which were
not grounded in measurable, scalable, and realistic terms (Green et al., 2020). Additionally, the

absence of comprehensive biotic data for assessing marine biodiversity and the efficacy of
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Marine Protected Areas (MPAS) also poses significant barriers to meeting these international
mairne conservation goals (Carr et al., 2020). Moreover, Saeedi et al. (2019) recommended
continuous effort on field biotic observations coupled with environmental variables where the
anthropogenic impacts are higher (e.g., fishing areas) to better achieve Aichi goals. O’Leary et
al. (2016) in their summary review of 144 studies, indicated that 37% of the marine area should
be protected to meet the stipulated marine conservation goals. Such contradiction indicates that
there remains a divergence of opinion among studies regarding what is feasible, and what needs
to be conveyed to conserve marine ecosystems effectively. This discrepancy can be attributed
also to a lack of in-depth understanding of marine ecology due to data insufficiency (Fogarty,
2014). Hence, it’s apparent that an intricate balance needs to be struck in order to navigate the
path between anthropogenic impact, resource biology, and marine biodiversity conservation.
The collection and quantification of marine species data are fundamental to understanding
ecosystem resilience and diversity (Magurran, 2013) which is a vital aspect for a sustainable
blue economy (Claudet et al., 2020; Saeedi et al., 2019). In addition, marine monitoring is an
integral component of marine management and is conducted under the scope of EBM.
Moreover, the EBM approach calls for enhanced data collection on inferring ecosystem
interactions (Pikitch et al., 2004) due to the multi-dimensionality and complexity when multi-

species management is implemented (Fogarty, 2014).

UNCLOS - United Nations Convention on the Law of the Sea
CBD - Convention for Biological Diversity
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Figure 2. Biodiversity index trends and Global policy commitments affecting the trends shown with dashed lines.
Modified from Mace et al. (2020)



1.2 eDNA marine monitoring approaches

Traditional methods such as scientific and commercial trawling, mark-recapture techniques,
telemetry, hydro-acoustics, and electrofishing have been fundamental in collecting ecological
data (with respect to fish) for ecosystem management and conservation (Crossin et al., 2017,
Fraser et al., 2007; Lees et al., 2021; Neebling & Quist, 2011). Despite their extensive use and
reliability in gathering biotic data, these methods are often invasive, potentially impacting
marine ecosystems negatively (Afzali et al., 2021; Biju Kumar & Deepthi, 2006; Eigaard et al.,
2017). They can also be expensive, laborious, and necessitate specialized knowledge, thus
limiting their suitability for effective marine surveillance. Additionally, due to their high costs,
these methods are not employed as frequently as researchers recommend, which hinders the
ability to fully comprehend the marine ecology and refine management objectives (Andres et
al., 2022; Burian et al., 2021; Lacoursiére-Roussel et al., 2016).

A multitude of research articles have continuously advocated for less destructive methods in
the monitoring of marine ecosystems (Barros et al., 2021; Fraija-Fernandez et al., 2020; Gilbey
et al., 2021; Knudsen et al., 2019). Recent advances in DNA sequencing and bioinformatics
have enabled the use of environmental DNA (eDNA; Box 1) for non-invasive marine
surveillance approach (Afzali et al., 2021; Fraija-Fernandez et al., 2020). eDNA metabarcoding
(Box 1) has emerged as a revolutionary method in ecology, combining cost-efficiency (Cantera
et al., 2019) and high accuracy to inventory and locate marine species (Ginther et al., 2018;
Taberlet et al., 2012). In the field of marine science, its utility extends to marine biotic
monitoring (hereafter biomonitoring; Bohmann et al., 2014; Taberlet et al., 2012), detection
invasive species (Takahara et al., 2013), and assessments of community compositions (Cilleros
et al., 2019). A key advancement within these fields is the ability of eDNA to simultaneously
identify multiple species, thereby contributing invaluable data regarding biodiversity patterns
(Cilleros et al., 2019) and community structure (Lacoursiere-Roussel et al., 2016) as required
by EBM. Studies have also recognized the ability of eDNA to detect subtle biotic changes and
community dynamics, often affected by anthropogenic factors (Atienza et al., 2020; Guri et al.,
2023; Hansen et al., 2018; Jeunen et al., 2019; Larson et al., 2022; Turon et al., 2022). Given
its numerous advantages, eDNA metabarcoding represents a pivotal advancement in marine
science and conservation biology as it offers an appealing alternative to traditional methods
(Bohmann et al., 2014; Cantera et al., 2019; Gilbey et al., 2021). As such, its wider applicability
could foster management policies and enrich conservation strategies, eventually steering
towards more robust action plans for EBM (Gilbey et al., 2021).
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While eDNA offers several advantages, it also encounters challenges arising from biological
(Yates et al., 2022), environmental (Collins et al., 2018) and technical factors (Hansen et al.,
2018; Shelton et al., 2023; Figure 6) which will be denoted as latent processes hereafter. In
nature, different species shed DNA differently. Such species-specific DNA shedding rates
(latent process 1 in Figure 6), differ also based on factors such as size, metabolic rate, and life
stage. These differences can result in some individuals, particularly those that are smaller and
have higher metabolic rates, releasing more DNA relative to larger individuals (Yates et al.,
2022). Consequently, their eDNA might be detected more frequently, giving an erroneous
impression of higher abundance relative to other species, and infusing considerable bias into
the observational data. Additionally, due to the stochastic nature of the Polymerase Chain
Reaction (PCR; i.e., PCR stochasticity), some species’ DNA tends to be amplified more
efficiently than others (latent process 4 in Figure 6), causing amplification bias which leads to
misrepresentations in the final observational (metabarcoding) outputs (Shelton et al., 2023).
Additional to biologically risen biases, environmental factors like lateral water movement,
temperature, pH, and microbial activity further convolute the challenges (Andruszkiewicz et
al., 2019; Collins et al., 2018; Harrison et al., 2019; latent process 2 in Figure 6). Such factors
can complicate the source of eDNA thus increasing the ambiguity of species distribution and
abundances. For instance, in aquatic environments, strong water currents can transport and
dilute DNA (Andruszkiewicz et al., 2019), causing potential discrepancies between the detected
DNA and the actual distribution of organisms. Furthermore, vertical settling of DNA (as
particle sedimentation; Mauvisseau et al., 2021) can confound analyses because surface
dwelling species areas can be detected at deeper water masses (latent process 2 in Figure 6;
Canals et al., 2021; Turner et al., 2015). Equally, conditions like high temperature and acidity
can accelerate DNA degradation, potentially reducing the eDNA detection rate and leading to
false negatives. High microbial activity, which typically leads to faster eDNA degradation
(Mé&chler et al., 2018), can add another layer of complexity to the interpretation of eDNA
metabarcoding data (Collins et al., 2018). Such multipartite biases (Figure 6) lead to
discrepancies when comparing eDNA metabarcoding outputs with traditional methods such as
trawling, presenting potential inaccuracies. These latent processes, while not directly
observable, significantly influence the result outcomes and are paramount to account for when
working with eDNA surveys. Given these limitations, scholars often utilize metabarcoding data
through presence/absence metrics as a more robust approach towards more reliable analysis
(Guri et al., 2023).



Box 1: Environmental DNA (eDNA). Free DNA molecules in environment originating from
sources like mucus, sweat, skin, urine, sperm, pollen and rotting of cells can be captured (Bohmann
et al., 2014) using dedicated filters (Figure 3). After capturing the free DNA, it gets isolated by using
reagents to remove impurities (i.e., proteins, polysaccharides, and other cellular debris) that can
prohibit the following steps. The isolated DNA is thereafter amplified using polymerase chain
reaction (PCR). This is done using a set of primers (short, single-stranded DNA sequences, typically
artificially synthesized) that serve as the starting point for DNA amplification. Primers enables the
amplification (selection) only of the specific regions of DNA (organisms) that we are interested (e.g.,
12S region for detecting vertebrate organisms, COI for eukaryotes, 16S for bacteria, and trnL for
plants). The amplification process (typically ca. 40 cycles), makes millions of “photocopies” of the
captured DNA (Figure 3), an essential procedure due to the small amounts of DNA present in
samples (Abath et al., 2002). Subsequently, the captured and amplified DNA - referred to as
amplicon (Bohmann et al., 2014) - is sequenced using Next Generation Sequencing (NGS) machines
(Figure 3). Bioinformatics tools (software and algorithms) are then employed to identify the
sequences to their species of origin (also differently called as Molecular Taxonomic Operational
Units - MOTU; Ji et al., 2013). In this workflow, multiple species (MOTUSs) can be identified and

detected simultaneously, a process known as eDNA metabarcoding.
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Figure 3. Schematic workflow of environmental DNA metabarcoding. Created using BioRender.

Furthermore, some of the aforementioned biases, particularly those associated with the PCR
stochasticity, can be tackled by employing quantitative PCR (qPCR; Box 2) or droplet digital
PCR (ddPCR; Box 3) instead of conventional PCR (Box 1). These approaches enable precise
measurement of the DNA concentrations in environmental samples, which can enable the
researchers to draw conclusions for distribution patterns and abundances of various marine
species in their natural habitats. The application of quantitative methods provides invaluable

insights for conservation efforts, allowing for a more accurate monitoring of biodiversity and
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ecosystem health. They are also instrumental in the early detection of invasive species, and they
enhance our capabilities in pathogen surveillance, offering the potential for more timely and
effective responses to outbreaks. Nevertheless, despite these benefits, the other biological and
environmental laten processes (Figure 6) are yet unresolved which hampers the applicability of
quantitative eDNA methods to comprehensively explain the biology and ecology of marine
environments. Moreover, quantitative methods are generally designed to target individual
species, not suitable for whole ecosystems survey and management. When scaled for multi-
species, quantitative methods can be more expensive and less efficient compared to
metabarcoding (multi-species) or other traditional methods (Schneider et al., 2016). These
limitations underscore the need for continued research and development in eDNA
methodologies. Taking these factors into account, the field of eDNA research needs further

refinement and understandings to better succeed as a tool for biomonitoring and EBM.

Box 2: Quantitative PCR. Similar to metabarcoding (Box 1), environmental DNA, after being
collected and isolated get amplified during a PCR process (Figure 4). The latter PCR is defined as
guantitative PCR (gPCR also called Real-Time PCR), which uses fluorescent probes that attach to
the targeted DNA (Figure 4). As the DNA is amplified during the PCR process, the amount of
fluorescence released is proportionally related to the amount of DNA present (Figure 4). The number
of cycles required to pass the fluorescence threshold (Ct) indicates the amount of target DNA. To
accurately quantify the amount of DNA in environmental samples, gPCR compares the fluorescence
from the latter samples to standard samples (samples with known concentrations constructed in
laboratory; Taylor et al., 2015).
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Figure 4. Schematic workflow of quantitative PCR. Created using BioRender.
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Box 3: Droplet digital PCR. Droplet digital PCR (ddPCR) is a method used for precise
guantification of DNA in a sample. In ddPCR, the sample is partitioned into thousands of nano
droplets (Figure 5). The amplification of the target DNA occurs within each individual droplet during
the PCR process (using fluorescent probes), and the fluorescence signal in each droplet is counted
(Figure 5). By analyzing the fluorescence, each droplet is categorized as either positive or negative
for the target DNA (Figure 5). The ratio of positive droplets to the total droplets is used to calculate
the quantity of the DNA target, using a statistical approach known as Poisson statistics. This digital
approach enables the accurate calculation of the absolute quantity of the target DNA without the
need for standard curves (like in gPCR). It is also highly precise and resistant to certain inhibitors,

making it a valuable tool in various research and diagnostic applications.

—e

DNA collection DNA isolation Droplet generation PCR Concentration estimation
Polymerase Chain Reaction

—

Laser
Detectormm

Concentration |
estimation

Figure 5. Schematic workflow of Droplet Digital PCR. Created using BioRender.

1.3 The need for this study

The current rate of species extinction, largely due to human activities, has led to a significant
increase in the demand for data in biodiversity and ecosystem assessments. This urgency
reflects the scientific community’s consensus on the importance of intensifying our sampling
and biomonitoring approaches (Grey et al., 2018; Saeedi et al., 2019). Given this context,
biological resource management is becoming increasingly reliant on continuous streams of data
to manage ecosystem health while inducing little stress to ecosystems. Additionally, there is an
acknowledged appeal for the adoption of non-invasive methods to complement current
ecosystem-based management strategies. This is where enhancing our understanding and
refining environmental DNA (eDNA) techniques becomes imperative. By addressing and
overcoming the limitations of eDNA methods, we can acquire more detailed and accurate

information about marine ecosystems. In turn, this can inform better, cheaper, and more
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sustainably management decisions. Improvements in observational capabilities through refined
eDNA methods are likely to contribute significantly to shaping effective action plans,

ultimately supporting the attainment of international biodiversity conservation goals.
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Figure 6. Latent processes (biological, environmental, sampling, technical and quantitation processes) of eDNA
metabarcoding, gPCR and ddPCR investigated in this study (together with their workflow). This workflow is
modified from Gold et al. (2023) and Shelton et al. (2016). Created using BioRender.

1.4 Aims and objectives

The overall aim of this study was to shed light on the latent processes (Figure 6) and mitigate
limitations of eDNA methods in use of biomonitoring and quantitative ecology. Specifically,
this study aimed to empirically evaluate the latent processes by developing novel approaches
and models focusing only on fish as the organism of observation.

This study sets out to accomplish three integrated objectives (translated in three research
papers) for achieving this aim. The first was to investigate and establish the spatial scale
representation of eDNA (latent processes 2 in Figure 6) for ecological community inference
and to investigate the data treatment approaches which minimizes biases related to technical
interpretation of metabarcoding data (latent process 4 in Figure 6) with respect to maximizing
the efficiency for biomonitoring and biodiversity assessments (Paper 1). Second, to determine

and estimate the quantification efficiency (latent processes 5 in Figure 6) of the two well-
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established quantitation methods (QPCR and ddPCR; Paper I1). Third, to empirically estimate
the metabarcoding latent processes (latent processes 1, 2, and 4 in Figure 6) and provide
frameworks for quantitative ecology from eDNA (Paper I11). I note that latent processes 3 are
kept constant throughout the entire study thus circumvented in the parametrization of the

processes.

13



2 Materials and methods

This project took place in northern Norway, where three fjords were selected, namely,
Balsfjord, Olderfjord, and Frakfjord (Figure 8). The study’s coastal area is located at the 70°
latitude and is characterised by a sub-Arctic climate and water regime. Multiple biomonitoring
methods were used across the fjords (Figure 7) to answer different research questions. Paper |
utilized eDNA samples collected in March 2021 from all the three fjords, while Paper 11
utilized eDNA samples collected in October 2019, 2020, and 2021 in Balsfjord and in March
2021 and 2022 in Frakkfjord employing gPCR and ddPCR methods. Subsequently, Paper 111
utilized only the Balsfjord samples included in Paper Il. Additionally in Paper Ill, trawl
samples of fish catch count coupled with eDNA samples were used for comparison between

the two methods and estimation of latent processes.
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Figure 7. Sample utilization among all the papers and objectives.

2.1 Environmental DNA collection and isolation

At each eDNA sampling station (Figure 8), water samples each consisting of three biological
replicates (using different Niskin bottles) were gathered at three distinct levels - surface level
at about 10 meters depth, pycnocline level at about 50 meters depth, and bottom layer at about
10 meters above the sea floor. The water collected was filtered onboard through a 0.22 um
Sterivex filters and after the filtration was complete, the filters were stored until DNA isolation.
The DNA was isolated using DNeasy PowerWater Sterivex Kit (Qiagen GmbH, Hilden
Germany) following the manufacturer’s protocol with slight modifications (all steps involving
PowerBead Tubes were bypassed). Subsequently all samples were eluted at 100 pL volume.
14



2.1.1 Metabarcoding

The eDNA samples subjected to metabarcoding workflow, after being isolated underwent the
PCR process for DNA amplification following the PCR program including an initial denaturing
step of 95°C for 10 min, 40 cycles of 95°C for 30s, 60°C for 30s, and 72°C for 30s and a final
extension step of 72°C for 5 min. MiFish  primers (Forward: 5°-
GTCGGTAAAACTCGTGCCAGC-3’; Reverse: 5’-
CATAGTGGGGTATCTAATCCCAGTTTG-3’; Miya et al., 2015) targeting a fragment of the
mitochondrial gene region of the 12S rRNA gene was used during the amplification of eDNA.
After the amplification, the PCR product was sequenced using the lon 530™-sequencing chip
with the 200 bp protocol on a lon GeneStudio™ S5 system (Thermo Fisher Scientific). The
sequences were thereafter filtered for erroneous sequences and were thereafter clustered into
Molecular Operational Taxonomic Units (MOTU) using SWARM v2 (Mahé et al., 2014) with
a distance of d = 3. MOTUs were taxonomically annotated using the ecotag algorithm (Boyer
et al., 2016) and by performing BLAST function to match the sequences against the NCBI

nucleotide (nt) database.

2.1.2 gqPCR

The eDNA samples subjected to gPCR analysis, after being isolated, were run in Applied
Biosystems 7500 Fast real-time PCR System, with duplexed reactions for cod assays alongside
herring and saithe assays (Table 1) following a thermocycler protocol of 10 min at 95 °C for
denaturation followed by the cycling stage of 42 — 52 cycles of 15 sec at 95 °C and 1 min at 58
°C. Different channels and fluorescence were used for each assay (6-FAM for cod, JOE for
herring, and Cy3 for saithe; Table 1), and all thermocycler reactions were run in 20 pL volume
utilizing 2 uL of DNA template. Standard samples of known concentration from 10~ — 10°
copies/puL were used in all qPCR runs plates to calibrate the quantities. The assays were

optimized before running samples.

2.1.3 ddPCR

The eDNA samples subjected to ddPCR analysis, after being isolated, were run in QX200

ddPCR system (Bio-Rad) where ca. 20,000 droplets were generated on 20 L reaction volumes.
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Similar to gPCR, the samples were run in duplexed reactions for cod assays alongside herring
and saithe assays with different channels and fluorescence for each assay (VIC for cod, 6-FAM
for both herring and saithe). Thereafter the samples were amplified through a PCR program as
follows: 10 min at 95°C for enzyme activation, followed by 44 cycles of denaturation for 1 min
at 95°C and primer annealing and elongation for 2 min at 55.6°C, with a ramp rate of 2°C per
s, followed by 10 min at 98°C and stored at 4°C. Alongside the environmental samples we ran
standard samples of known concentration from 10~2 — 10* copies/uL for each species to
construct the relationship between positive droplets and known concentration.

Table 1. Sequences for gPCR and ddPCR assays targeting 103-bp region of the ATPase gene of Atlantic cod

(Gadus morhua) and saithe (Pollachius virens), and cytochrome b sequence of Atlantic herring (Clupea
harengus). All gene regions belong to the mitochondrial DNA. Taken from Paper II.

Target  Primers and probes Sequence Reference Dye
Forward GAD-FII GCAATCGAGTYGTA (Taylor et al.,
TCYCTHCAAGGAT  2002)
(Nashetal., 2012)
Reverse GAD-R Il GCAAGWAGYGGHG
Gadus CRCADTTGTG
morhua  pCR probe  Custom CTTTTTACCTCTAAA FAM
TGTGGGAGG
ddPCR probe  Custom CTTTTTACCTCTAAA VIC
TGTGGGAGG
Forward Cluhar CYBF CCCATTTGTGATTG (Knudsen et al.,
14928 CAGGGG 2019)
(Knudsen et al.,
Reverse Cluhar_CYBR CTGAGTTAAGTCCT 2019)
Clupea 15013 GCCGGG
harengus  4pCRprobe  Cluhar CYBP TACTATTCTCCACCT JOE
14949 TCTGTTCCTC
ddPCR probe  Cluhar_CYBP TACTATTCTCCACCT FAM
14949 TCTGTTCCTC
Forward Saithe-F GAATCCCAATAATT  Unpublished/Joha
TTAATAGCCT nsen et al. 2018
Reverse Saithe-R TCGATTGCTTAGTC  Unpublished/Joha
Pollachius ATCGAGA nsen et al. 2018
virens  gpCRprobe  Custom TGATTACTCATCCCT Cy3
ACG
ddPCR probe  Custom TGATTACTCATCCCT FAM
ACG

16



2.2 Trawling

Bottom trawls study samples were established during Norwegian coastal annual surveys in
October 2019, 2020, and 2021. Bottom trawls were conducted in four sampling stations in
Balsfjord alongside eDNA samples (Figure 8). During the surveys, catch count and weight of
all fish species were recorded. The trawl surveys utilized a standard sampling trawl known as
Campelen 1800 with an 80 mm (stretched) mesh size in the front section and 22 mm in the

codend and trawl sweeps were ca. 40 meters in length.
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Figure 8. Map over the study area and sampling stations’ distribution.

2.3 Short description of analysis

All analyses and visualizations were conducted using R (R Development Core Team, 2011)
and Stan (Stan Development Team, 2023). In Paper I, my focus was on the efficiency of two
different data treatment approaches (i.e., presence/absence and eDNA index; Kelly et al., 2019)

for yielding the highest community dissimilarity. To assess the representativeness of eDNA for
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community structure, | analyzed dissimilarity in relation to spatial trends both horizontally and

vertically.

Furthermore, in Paper 11, | conducted an examination to determine whether g°PCR or ddPCR
offers less bias and consequently, is more reliable for biomonitoring applications based on their
robustness of accurately detecting presence of organisms. Within this paper, | compared the
state-of-the-art knowledge on gPCR and ddPCR techniques and estimated the measurement

error associated with each method.

With the preferred quantitation method identified, my research in Paper 111 revolved around
the capability of quantifying metabarcoding samples. By applying Bayesian inference, |
modelled the intricate relationship among the various methodologies used in marine ecosystem
surveys (i.e., metabarcoding, traditional sampling such as trawls, and quantitation methods like
ddPCR; Figure 9). Through the Bayesian model (Figure 9) I aimed to establish the conversion
parameters that would enable the accurate translation of eDNA metabarcoding data into
quantitative ecological information (6 parameter in Figure 9) that are on par with traditional

survey outputs.
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Figure 9. Simplified schematic overview used in Paper Il of the joint Bayesian model workflow including all the
inferences and processes. Note that the model specifies 6 in the natural-log scale indicating the magnitude of
conversion between fish densities and eDNA concentration. Extracted from Paper Il1.
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3 Main findings

The comparison of two different data treatment approaches, qualitative (presence/absence) data
and the semiquantitative (eDNA index), found distinct differences in the results on the
community composition across the studied fjords. The semiquantitative approach (Kelly et al.,
2019) was more effective at discriminating the fish community composition between the fjords
compared to the qualitative approach (Paper 1). This indicated that metabarcoding provides
some level of information regarding marine organisms’ quantities. An additional analysis
revealed that when using semiquantitative approach, a smaller number of samples (namely one
sampling station per each fjord) are required to significantly detect differences in fish

community composition (Figure 10; Paper 1).
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Figure 10. Dissimilarity of community composition between ecosystems measured as the PERMANOVA pseudo-F
ratio using qualitative (blue; Jaccard dissimilarity matrix based on the presence/absence of species) and
semiquantitative (red; Bray-Curtis dissimilarity matrix based on the inverse Wisconsin double-standardization of
amplicon reads) approaches. The analyses were performed on progressively removed sampling stations, with each
dot representing the mean pseudo-F of the sample combination (iterated 999 times) for the given number of
remaining sampling stations. Regression lines for each approach are shown with their colours respectively. The
horizontal black dashed line, representing an approximation of pseudo-F value (f =2.01) equal to p = 0.05, indicated
that minimum three and thirteen sampling stations are required for detecting significant differences between the
three ecosystems respectively for semiquantitative and qualitative approach. Extracted form Paper |.

Furthermore, when using semiquantitative approach, the community composition differed
significantly at distances between 26 to 40 kilometers on the horizontal spread (Figure 11)
implying that eDNA metabarcoding has a spatial representation scale to ca. 30 km in the study
area (Figure 11; Paper I). With respect to vertical representation, Paper | identified that only
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the surface and bottom communities changed significantly, indicating that mid-water
(pycnocline) communities were a combination of the other two community compositions. This
also indicated that the communities change gradually throughout the vertical water column
(Paper 1). This gradual change suggested a vertical DNA settling process, supported by the fact
that the surface communities contained fewer species than the bottom ones, and while all

surface species were found at the bottom, the reverse was not true (Paper 1).
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Figure 11. Correlation plot of samples’ pairwise dissimilarity (a) and the ratio of pairwise dissimilarity over the
average dissimilarity per each depth (b) along samples’ pairwise horizontal distance. The dissimilarity measured
using Bary-Curtis index based on inverse Wisconsin double-standardization of amplicon reads indicated higher
differences on surface communities (a) and average dissimilarity was achieved after 16 km of horizontal distance
between samples (b). The standard errors are presented for both plots. Extracted from Paper 1.

Moreover, the comparison of the two molecular methods, quantitative PCR (gPCR) and droplet
digital PCR (ddPCR) revealed that both methods, overall, estimated equivalent eDNA
concentrations (Figure 13a) across the analyzed environmental samples (Paper I1). However,
the sensitivity analysis indicated that ddPCR demonstrated higher detection rates at the lower
end of DNA concentrations (102 — 10° copies/uL; Figure 12) which are commonly found in
marine environments (Paper I1). Additionally, the analysis revealed that the precision of
ddPCR outperformed that of qPCR (Paper I1). This was evident in the reduced variation by
0.5 to 1 order of magnitude between technical replicates of ddPCR compared to that of qPCR
specifically on low DNA concentrations (as mentioned above; Figure 13b; Paper I1). This
increased precision of ddPCR can be attributed to its nature as an endpoint PCR method,
making it less susceptible to issues of PCR inhibition. Consequently, the results of Paper 11

highlight the greater reliability of ddPCR, particularly for low concentration eDNA samples,
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and additionally advocate for the use of standard samples to achieve more interpretable ddPCR

results.
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shown as modelled detection probability as a function of nominal DNA concentration. Difference of detection
probability (b) between ddPCR and gPCR is also shown over the eDNA concentration where positive values
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shade for its variance. Extracted from Paper II.
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Lastly, Paper 11l introduced a statistical framework that leveraged the power of eDNA
metabarcoding for abundance estimation by combining the latter method with ddPCR, standard
samples (in form of a mock community - multiple species of known DNA concentration

analyzed together for assessment of PCR bias), and trawl| catches (Figure 14).
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Figure 14. The joint Bayesian model workflow translating metabarcoding reads (a) and ddPCR droplets (b) into fish
density (expressed as eDNA concentration * and conversion factor; c) and their correlation with the fish density
estimated from trawl observations in the y-axis. C = eDNA concentration and 6 = conversion factor between fish
density to eDNA concentrations. Metabarcoding and ddPCR models indicated here are model compartments within
the joint Bayesian model. The plot (c) indicates model fit and reliable parameter estimation for linking trawl and
eDNA observations. Extracted from Paper Ill.
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This framework utilized Bayesian statistics incorporating an “integrated DNA factor — A”
(Figure 9) which account for the combined processes of DNA shedding, degradation, transport,
dilution, recovery, and isolation (latent processes 1, 2, and 4 in Figure 5) and trawl catchability
() which account for the gear selectivity, to estimate the DNA to trawl catch count “conversion
parameter - 0” (Figure 9). The estimated conversion parameters demonstrated high consistency
across most species (Figure 14), establishing the proposed method as a robust approach for
using eDNA metabarcoding as a quantitative molecular tool with respect to biomonitoring and
conservation biology (Paper I11). This framework can be tailored to incorporate different
sampling methods and different marine environment (Paper 111). Lastly, Paper 111 yielded
unique conversion parameter (0 parameter in Figure 9) for each examined taxon, implying that
the parameters addressed (latent processes 1, 2, and 4 in Figure 5) manifest at species level and

thus species-specific parameters should be incorporated in the future analysis of eDNA.
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4 Discussion

Here | discuss how the findings of this thesis (three research papers) can foster the applicability
of eDNA surveys in marine biomonitoring with respect to data collection for marine
management either as an alternative method to traditional ones or as a complementary one.
Additionally, I touch upon advantages and future consideration of eDNA into marine

monitoring and management.

4.1 Scale representation of eDNA

Environmental DNA (eDNA) provides a novel and promising approach for monitoring marine
biodiversity, including the detection of fish presence. Typically, fish eDNA originates from
intestinal cells, sloughed skin, scales, or mucus and can exist as free DNA unlike the eDNA of
microbial organisms, which comprises also DNA from living cells (Bohmann et al., 2014). The
free DNA exists in intracellular or extracellular form (Barnes & Turner, 2016) with a typical
size of 10 um (Sassoubre et al., 2016). The persistence and detectability of eDNA in aquatic
environments is influenced by several factors (Lamb et al., 2022; Salter, 2018) and may vary
drastically depending on whether it is found in marine, freshwater or sediments (Collins et al.,
2018). For instance, eDNA is more persistent in the marine compared to freshwater
environments due to more stable temperatures and higher pH, salinity, and ionic content in the
former one (Collins et al., 2018; Harrison et al., 2019). Additionally, sediment (benthic)
environments have been displaying significantly longer persistence compared to agqueous
eDNA, most likely due to higher affinity of eDNA to sediments (Mauvisseau et al., 2021) and
additionally due to the eDNA sedimentation processes, leading to higher accumulations at the
bottom (Salter, 2018; Turner et al., 2015). In ice-free fjords (typical of norther Norwegian
fjords), DNA particles can also sink through lateral advection (Canals et al., 2021). The process
of eDNA sedimentation was also observed in Paper | as the fish community composition
changed gradually through the water column with the significant community difference
between surface and bottom samples. These depth community differences are apparent due to
different water regimes as surface waters are heavily affected by light exposure and high water
movement (in form of waves) thus leading to higher eDNA degradation (Paper I). Conversely,
as bottom waters are less prone to such factors, alongside the sedimentation process, they serve

as eDNA repository, hence longer snapshoot representation of the community (Paper I).
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The level of eDNA preservation in marine environment leads eDNA fragments to persist only
a few days above detection threshold in seawater, and the decay of eDNA beyond detectability
happens at a scale of days or weeks (Thomsen et al., 2012). Turner et al. (2015) observed that
the eDNA in sediments persisted for over 90 days, compared to maximum persistence times of
25 days previously recorded for the water column. In summary, these findings indicate that
bottom water or even sediment samples can enable researchers to prolong the timescale of
eDNA representation, allowing for longer retrospective analyses of past communities and
potentially offering a more comprehensive perspective on marine biodiversity over time (Suter
et al., 2023). This is of particular importance when water-based methods are insufficient and

when historical occupancy data is desired.

Abiotic factors, such as pH and temperature, as well as biotic factors, including microbial
activity, contribute to eDNA degradation rates (Mdchler et al., 2018), with studies noting faster
decay in acidic and warm conditions (Collins et al., 2018). Collins et al. (2018) identified that
microbes play a vital role in eDNA persistence due to high degradation rates caused by enzymes
produced by heterotrophic microbes (extracellular DNases). Research also shows that eDNA
decay rates are not uniform and are influenced by the DNA fragment length, where longer
fragments decaying more quickly (Jo et al., 2017). This suggests that fragment length could
potentially provide information about the timescale of eDNA's environmental presence. The
eDNA degradation rates can vary due to seasons as organic phosphorous or carbon
concentrations fluctuates (Collins et al., 2018). As a summary, employing different fragment
lengths and water depth can reveal deeper insights into the community dynamics with respect

to timescale representation.

Essential for the effectiveness of eDNA in biomonitoring, is the need to accurately represent
the current condition of an ecosystem. The persistence rates of eDNA (days to weeks) generally
allows for the effective mapping and monitoring of local fish community structures (Yamamoto
etal., 2017). Despite the local spatial scale representation of eDNA, it can be affected by eDNA
transport from other locations additional to degradation rates (Andruszkiewicz et al., 2019).
Multiple studies have noted a fish community spatial autocorrelation of 1 — 2 km (Harrison et
al., 2019; Yamamoto et al., 2017; Zhang et al., 2020) supporting the local scale eDNA
inference. However, these studies are a representation of lentic systems and low latitude marine
systems where eDNA transport is low due to low water exchange (lentic) and eDNA
degradation is high due to high light activity (low latitude; Salter, 2018). Although a couple of
studies suggest that light intensity has negligible effect on detection probabilities (Mé&chler et
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al., 2018), it is important to recognize that detection probability alone may not adequately
reflect the influence of ultraviolet (UV) on eDNA degradation. Conversely, other research
highlights that UV light impacts eDNA degradation (Strickler et al., 2015).

In alternative marine conditions represented by high water exchange, eDNA was found to
spread about 10 km in seven days, and its source can be less than 20 km under moderate decay
scenarios (Andruszkiewicz et al., 2019). Additionally, in low light activity such as the case for
northern Norwegian fjords representing low decay ratios (Salter, 2018), a spatial heterogeneity
was achieved at distances 30 km or more (Paper I). Moreover, this heterogeneity is achieved
differently throughout the water column, with surface water reaching faster heterogeneity than
bottom water (Harrison et al., 2019), supporting a longer timescale representation in deeper
areas (Paper 1). The ability to accurately map and monitor local fish community structures
using eDNA reduces the need for extensive and time-consuming field surveys or invasive
sampling techniques. Instead, taking these findings into account, researchers and resource
managers can strategically select sampling locations based on the knowledge of eDNA
persistence rates and timescale representation for monitoring communities in marine

gcosystems.

4.2 How to treat eDNA data for efficient biomonitoring

The detectability of the eDNA depends on a variety of factors (Figure 6) including species
density, DNA excretion, dilution, and degradation rates, among others. This multitude of
factors are significant limitations of metabarcoding methods is their ability to accurately
estimate the biomass (the total mass of organisms in a particular ecosystem) or abundance (the
number of individuals per species within an ecosystem) of the detected species. Additional to
the biological issues mentioned, technical issues, such as PCR bias, eDNA sampling efficiency,
and DNA extraction complicate the matter further leaving metabarcoding studies often to rely
on non-quantitative (qualitative) data (i.e., presence/absence), rather than providing a detailed
picture of the relative or absolute abundance of each species present. This means that while
metabarcoding can provide an extensive list of the species present in an environmental sample,
it cannot reliably indicate how many individuals of each species are present or the total biomass
they represent within that ecosystem. This limitation can sometimes lead to a lack of

information or misinterpretations when metabarcoding data is used for biomonitoring (Paper

1).
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Despite such limitations, different eDNA metabarcoding data treatment approaches such as
rank abundances (Wangensteen et al., 2018), log of relative abundances (Stoeckle et al., 2021),
and eDNA index (Kelly et al., 2019) have revealed reliable estimates of species abundances in
a semiquantitative manner. As eDNA metabarcoding can offer some sort of information
regarding species quantities (Paper 1), transforming the amplicon (sequence) read abundances
into some semiquantitative indices can yield better community segregation between ecosystems
(Figure 10) compared to qualitative approaches (Paper 1). This semiquantitative superiority in
differentiation ecosystems is a combination of multiple factors. Initially, the qualitative
approach assigns equal weight to all species, regardless of their abundance. This, coupled with
potential biases introduced during the metabarcoding process (latent process 4 in Figure 6), can
cast doubt on the accuracy of the present taxa, particularly those that may be artifacts of PCR
errors. Complicating matters further, the transport and dilution of DNA (latent process 2 in
Figure 6), can indicate spurious eDNA traces (Thomsen et al., 2012) in the collected samples,
thereby masking the relationship between the origin of DNA and the sample collection site.
Such limitations from qualitative data treatment approaches are mitigated to an extent by
semiquantitative methods due to the typically low read abundances associated with these

erroneous DNA sequences raised from the bias processes above.

The primary factor driving the disparities in ecological approaches is the ubiquitousness of the
species in the northern Norwegian fjords. These fjords, characterized by their high-latitude and
cold-water environments, typical host low biodiversity but high biomass (Tittensor et al., 2010).
This paradigm suggests that any observable variations in the ecological communities with these
water bodies are more prone to biomass change rather than compositional change. To assess
and monitor these water bodies, a semi-quantitative approach when using eDNA would serve
as the most effective course of action (Paper I). This approach allows research to approximate
the abundance and distribution of organisms, providing a more robust insights into the accurate
health of ecosystems (especially north latitude ones). Consequently, semiquantitative data
treatment approach of eDNA results offers a more efficient way for marine biomonitoring as
significantly fewer samples are required to distinguish the resolution desired for drawing
meaningful conclusions compared to qualitative approaches (Figure 10). These findings
promote the use of eDNA surveys as a non-invasive, faster, and more cost-effective sampling

method that can enhance management decisions.
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4.3 Single-species quantitative biomonitoring

Beyond species identification through metabarcoding, quantitative eDNA techniques such as
gPCR and ddPCR play a critical role in detecting and tracking rare, exotic, and invasive species.
These techniques inform conservation efforts and ecological management by providing precise
data for rapid species detection and marine monitoring (Rees et al., 2014). Quantitative eDNA
efficacy in the early discovery of invasive species (Jerde et al., 2011), in the application of
occupancy modeling (Keller et al., 2022), and in mapping out the spatial distribution of specific
species (Salter et al., 2019; Shelton et al., 2022) has been well documented. One notable
example is the study by Ficetola et al. (2008), which employed gPCR methods to detect the
spread of the American bullfrog in France - a species native to America. In another example,
guantitative eDNA detections indicated that two invasive carp species (silver carp and bighead
carp) had surpassed the electric barriers of Lake Michigan eight months prior to traditional
observation (Jerde et al., 2011) and had already started to establish a population. The rapid
detection and assessment capabilities through quantitative eDNA techniques not only can
streamline decision-making in environmental stewardship but also can reduce overall costs of

sampling and monitoring efforts.

An additional aspect to the detection/non-detection feature of quantitative eDNA methods is
the quantification of eDNA traces to infer organism abundance and biomass (Salter et al., 2019).
However, factors like DNA shedding, transport, and degradation (Figure 5) in marine
environments can affect eDNA concentrations, potentially complicating the relationship
between DNA quantities and fish density and biomass (Yates et al., 2019). Nonetheless,
research has demonstrated a direct and positive correlation between DNA concentration and
the abundance or the total biomass present (Salter et al., 2019). Reinforcing this, Shelton et al.
(2022) found that eDNA concentrations reflect fish densities observed in other quantitative

assessments, such as acoustic surveys conducted for natural resource management.

Quantitative eDNA methods illustrate a greater sensitivity of eDNA to early detect invasive
species when compared with traditional fisheries surveillance tools, such as netting or
electrofishing for aquatic species (Jerde et al., 2011). While both gPCR and ddPCR
(quantitative methods) generate consistent results in quantifying eDNA (Paper I1), their
physical approach to quantification is substantially different (Box 2 and 3). The ddPCR
quantitation mechanism is less prone to PCR-inhibition due to their reaction happening

independent in each droplet and furthermore due to endpoint detection mechanism. Higher
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sensitivity and precision for eDNA quantification revealed by ddPCR indicated that newer
technologies are more suited for eDNA detection and quantification (Paper I1) with respect to
invasive species, species distribution and abundances. More importantly, the ddPCR
outperformance of qPCR was significantly higher at low concertation (Paper I1) making the
former method a valuable tool for rapid and accurate environmental monitoring when using
eDNA sampling methods. Moreover, ddPCR method does not rely on the creation of standard
curves, typically seen in gPCR, where known DNA concentrations from the targeted species
are required (Paper I1). Such non-reliance towards standard curves greatly simplifies the eDNA
quantification process and broadens the applicability of ddPCR for marine monitoring
scenarios, where obtaining accurate DNA concentrations might be crucial (Paper I1). Despite
the enhanced sensitivity and precision of ddPCR, both quantitation methods are limited to the
reaction volume when conducting PCR (typically 20 pL) as having 1 DNA copy per reaction
would allow quantification of up to 0.05 copies/pL as a lower boundary (Paper I1). DNA
concentration below these levels would be hard to quantify due to randomness of the DNA
being present in the reaction thus yielding stochastic results (Paper I1). However, as the ddPCR
mechanism relies on independent nano-droplets reactions (Box 3), thus increasing the number
PCR reactions (technical replicates) would directly increase the number of droplets, hence
lower the absolute boundary of quantification dependent on the number of technical replicates.
Such advantages in the ddPCR technology, differently from gPCR, can catalyze faster and more
informed decision-making processes in environmental management strategies as typical eEDNA
samples lies around the quantification limit (0.05 copies/uL). The advanced technique of
ddPCR simplifies the quantification process, as it doesn't heavily rely on standard curves, and
can lower the limit of detection through increased technical replicates, producing highly
accurate biotic data that can enhance the robustness in decision-making on conservation actions

and biomonitoring.

4.4 Multi-species quantitative eDNA biomonitoring

Although a growing interest has been laid on multi-species quantification through the use of
eDNA metabarcoding, very little substantial advancement has been recorded. The multi-facet
processes (Figure 6) can skew the accurate translation of eDNA metabarcoding results into
species abundance thus making the former data un-interpretable for thorough biodiversity
estimates which hinder further detailed analysis of conservation biology. However, research

efforts are concentrating on uncovering the processes of DNA dynamics, such as shedding rates
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(Andruszkiewicz Allan et al., 2021), DNA transport (Andruszkiewicz et al., 2019), DNA
degradation (Strickler et al., 2015), sampling efficiency (Bessey et al., 2020), and extraction
efficiency (Cantera et al., 2019) among others in order to understand the intricate relationship
between eDNA and biology.

Empirically estimating all the processes involved in the eDNA dynamic, can allow scientists to
construct a more cohesive understanding of how eDNA relates to the underlying biological
reality, thus enabling the extrapolation of metabarcoding data into quantitative biology. Such
understanding can increase the applicability of non-invasive sampling such as eDNA into
biodiversity and marine management. Yet, individual studies of these processes conducted in
isolated parameters and settings or in mesocosms may not fully capture their complex
interactions in the wild (Yates et al., 2019). Studying the processes in conjunction to one
another builds an accurate understanding on how these processes interplay hence yielding more
accurate results for linking the eDNA metabarcoding observational data to species abundances
(Paper 111) or biomass. This approach (integrated multi-facet processes; Figure 9) allows for a
more authentic capture of how DNA behavior and dynamics in natural environments affects

metabarcoding data interpretation.

Consistent with earlier research, it is recognized that both the dilution and transport of DNA
through the environment and the species-specific DNA shedding rates are pivotal factors to
consider when applying metabarcoding analysis for quantitative purposes (Paper I11). When
external factors that influence DNA dynamics, such as abiotic conditions that affect
degradation, and technical processes that involve the isolation and amplification of DNA
(Figure 6), are either controlled or assessed, the remaining biological processes can be
encapsulated into a single, species-specific parameter (denoted as 0 in Paper I11) and could
thereafter be empirically estimated with the help of traditional surveys (i.e., trawling in Paper
I11). This parameter could act as a crucial conversion factor enabling the interpretation of eDNA
metabarcoding data as a reliable reflection of multi-species abundance, thus bridging the gaps
of eDNA applicability biomonitoring and marine management and conservation. Additionally,
having empirical estimation of the biological processes, researchers can furthermore easily

estimate other processes such as those related to environmental and technical processes.

The workflow presented in Paper 111 could be adjusted to incorporate sampling observation
from different traditional monitoring techniques such as acoustic, visual, mark-recapture

surveys, and fishers’ landings among others, enhancing our understanding of the biological
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processes that shape eDNA signals observed through metabarcoding. This progressive
approach of multiple assessment methods could lead to better integration of eDNA analysis
into EBM or stock assessments. From a management perspective, traditional surveys are
valuable but face challenges including high costs, restricted areas, and dependability on weather
conditions. Integrating eDNA surveys (given their known species-specific conversion factors)
with established methods in Paper 111 offers a promising solution to enhance the frequency

and efficiency of biotic data collection for marine ecosystem management.

4.5 Additional features of eDNA adaptable to marine
management

The urgency for new insights into marine ecology and the health of ecosystems is heightened
by external pressures including climate change, human influence, and limited survey durations.
Traditional surveys often struggle to encompass the vast diversity of species across phyla, but
alternatively eDNA metabarcoding offers a cost-effective, non-invasive option for assessing
multi-species distribution (Paper 1) and abundance (Paper I11). The shift of paradigm towards
EBM mirrors this need, integrating considerations of habitat, predator-prey dynamics, ocean
conditions and stakeholder engagement for effective management (Cucuzza et al., 2021). The
addition of eDNA alongside the other ecological survey data promises to create comprehensive,

multi-faceted views of ecosystems (Paper I11).

The strength of eDNA lies in its ability to conduct extensive analyses without the need for direct
sampling of organisms and additionally by using multiple genetic markers it can reveal a
holistic overview (i.e., multiple kingdoms) of the biotic abundance and distribution in small
and large ecosystems. Taking into account that recent advancements have shown that eDNA
from organisms - known as intraorganismal eDNA - can reflect the abundance of
microorganisms (Bourque et al., 2023), and coupling it with trace eDNA quantification as
outlined in Paper 111, can effectively bridge the gap between eDNA research and quantitative
biology. These discoveries allow for description and quantification of whole communities such
as bacteria, and viruses as intraorganismal eDNA, and eukaryotes as trace eDNA. Bridging
such gap can enhance our understanding and mapping the whole ecosystem and its dynamics
(Barnes & Turner, 2016). By quantifying the ecosystem as a whole together with its dynamics,
researchers and policymakers can gain a more profound comprehension of anthropogenic

impact, subsequently leading to the creation of more effective strategies to reduce and manage
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these impacts on ecosystems (Mieszkowska et al., 2014). Subsequently, changes in the
community composition over time (typical impact of climate change or anthropogenic impact)
can be studied using eDNA metabarcoding (Paper 1) which can indicate shifts in ecosystem

health or anthropogenic stressor.

Understanding and accurately measuring the interactions within food webs is also critical for
resource managers and policy makers to grasp the complexities of ecosystems. Changes in
predator-prey relationships due to changes of population abundance are typical responses to
environmental or anthropogenic pressures (Polis & Strong, 1996). As the use of eDNA
surpasses conventional gut-content surveys in efficiency, it can provide richer insights into the
health of ecosystems and the interactions within food webs (Novotny et al., 2023). Although
eDNA gut-content analysis may be intrusive (non-invasive), it requires smaller sample sizes
than conventional methods (Pompanon et al., 2012). Combining eDNA analysis from dietary
studies in conjunction with eDNA collected from environment can allow researchers to assess
species and community plasticity thus indicating ecosystem resilience (Novotny et al., 2023).
This integrated approach can enhance our understanding on how marine biotic communities
function which can provide a tool for empirical assessments of the factors that influence the
dynamics of the ecosystems, thus enabling resource managers to take informed decisions about

the conservation efforts (Voelker et al., 2020).

Spawning grounds serve as vital habitats for the reproductive processes of aquatic species,
playing a key role in sustaining fish populations and preserving genetic variation (Erisman et
al., 2017). Consequently, resource managers often implement spawning closures to ensure that
reproductive processes are well maintained (Van Overzee & Rijnsdorp, 2015). The effective
management relies heavily on animal behavior and their lifecycle aspects (Schadewell &
Adams, 2021), thus the identification and protection of these spawning sites is crucial (Van
Overzee & Rijnsdorp, 2015). However, the identification of the spawning grounds is
challenging, particularly since they are often situated in remote or hard-to-access locations
where conventional survey methods often struggle to access. Furthermore, the intrusive nature
of traditional methods often disrupt the species they aim to protect (Tsuji & Shibata, 2021).
With the recent advancements, studies have showed that eDNA metabarcoding can promise a
less intrusive and potentially more effective method for identification of spawning locations.
The applicability of eDNA in such scenarios is threefold as it can (i) identify important

lifecycles of diverse species (Schadewell & Adams, 2021), (ii) enable rapid responses from
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managers in case of environmental stressors (Di Muri et al., 2023), and (iii) assess the

effectiveness of their conservation actions (Mieszkowska et al., 2014).

Another important aspect of conservation biology is the assessment of functional diversity in
ecosystem (Cadotte et al., 2011). Functional diversity offers a more comprehensive
understanding of biodiversity, aiming at crafting more impactful conservation tactics, not just
to safeguard individual species but also their ecological roles (Petchey & Gaston, 2006). An
ecosystem with a high level of functional diversity is often more resilient to disturbances such
as disease, climate change, and human impact (Cadotte et al., 2011; Petchey & Gaston, 2006).
Additionally, high functional diversity contributes to ecosystem productivity, which includes
the growth of biomass and the efficient cycling of nutrients (Condachou et al., 2023). The use
of eDNA metabarcoding in the field of functional diversity has shown promising results as the
detection and quantification of a wide array of species is now easier due to increased effort in
completion of reference databases (Condachou et al., 2023). Due to eDNA being easily
adaptable to a large variety of species (also after the collection of environmental samples has
been conducted), by changing the target gene region, thus species (i.e., mammals, vertebrate,
eukaryotes, and bacteria among others), it can facilitate the workflow for assessing the breadth
of functions that organisms in a community contribute to the ecosystem and understanding how
this biodiversity supports ecosystem health and resilience (Barnes & Turner, 2016). Moreover,
the use of highly sensitive eDNA methods (Paper 1), can accurately detect species at low
abundances. This is crucial for recognition of potential hazards, including invasive species,
emerging diseases, or the systematic quantification of keystone species (Suter et al., 2023) - all
of which have the potential to alter ecosystem functionality - thus allowing resource managers

and stakeholders to take action on mitigating such impacts in ecosystem with low plasticity.

With respect to fisheries management, a crucial facet is the size, age, and sex identification of
species. These metrics provide insights into the maturity levels, reproductive capacities, and
overall health and sustainability of the fish populations (Cadrin et al., 2014). While the field of
eDNA has experienced significant technological breakthroughs, it still faces limitations when
it comes to providing the detailed level of information required (i.e., age, size structure and sex
of individuals) from metabarcoding data alone. However, workarounds can be implemented by
using the workflow described in Paper 111 coupled with traditional monitoring that are size or
age selective (sampling selectivity; q). By knowing the sampling selectivity eDNA quantitative
signals can be translated to infer size distribution of fish species in marine ecosystems. In
addition, there is an emerging wave of research focused on the development of specific genetic
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markers or SNP-s (single nucleotide polymorphisms), which could eventually allow for the
determination of a population sex ratio from eDNA samples (Nichols & Spong, 2017). Such
innovations would mark a significant leap forward in the non-invasive monitoring for stock

assessment and marine conservation, providing a more holistic view of the biological resources.

The rise of automated eDNA sampling has also garnered attention, especially with robotic
technology now aiding standardized sample collection at regular intervals. This reduces
sampling handling time, which is particularly advantageous for repeated long-term
biomonitoring. Autonomous vehicles could further streamline data gathering, facilitating robust
measurement of species abundances and ecosystem dynamics. While currently, high acquisition
and operational costs may limit usage, further advancements in this field could revolutionize

the data gathering and thereafter marine management.

5 Future consideration of eDNA for marine monitoring

While the field of eDNA continues to advance and show promise for future applications, there
are still technical hurdles that need to be addressed in the future. The effectiveness of eDNA in
marine management depends highly on the quality of the reference database used to identify
species. Although many authors confirm that steady progress is made on updating the reference
database (Ruppert et al., 2019), the lack of specificity can be a problem for the differentiation
of sub-species or different populations (Chain et al., 2016) which can infer challenges on
effective management. Further refinement on the reference database would foster the

applicability of eDNA into biomonitoring.

Moreover, eDNA metabarcoding surveys have been reporting absence of species known to be
present, also known as false-negatives (Hansen et al., 2018; Kelly et al., 2014). For instance,
Kelly et al. (2014) were not able to detect sharks or turtles eDNA from sampling the Monterey
Bay Aquarium mesocosm despite their confirmed presence. Although such technical challenges
can be reverted by altering the genetic markers, the issue of a persistently low false-negative
detection rate, particularly among rare or hard-to-find species, remains a challenge (Kelly et
al., 2014). Consequently, the development of primers targeting such species can facilitate the

molecular tools to be used by resource managers for effective ecosystem management.
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Since the eDNA field is relatively new with many unknown factors, scholars tend to rely on
controlled experiments settings for understanding the factors and parameters involved in eDNA
dynamics (Harrison et al., 2019). Although mesocosm experiments seems as a straightforward
method forward (Harrison et al., 2019), replicating the real biological complexity and its
interactions observed in natural ecosystems within mesocosms (which suffer from limited
realism) is challenging (Stewart et al., 2013). Consequently, the empirical findings derived from
such controlled experiments might not accurately reflect the realities of natural environments,
where the complexity is magnified (Stewart et al., 2013). In natural settings, the interactions
and fluctuations are diverse, and the direct extrapolation of mesocosm-derived insights could
lead to inaccuracies. Therefore, it is crucial to recognize the inherent disparities between
mesocosms and wild ecosystems when applying laboratory findings to field studies. To
circumvent such challenges, studies should measure such parameters (when possible) in the

natural ecosystems or integrated into other parameters as conducted in Paper I11.

Despite the comprehensive exploration of various latent processes (Figure 6), the sampling
processes (latent process 3 in Figure 6) remained unchanged in this study (see material and
methods) thus their effects on eDNA dynamics remains unknown. To enhance our
understanding of this aspect, future studies should incorporate different sampling protocols
(latent process 3 in Figure 6) to assess their influence on eDNA collection and analysis
alongside the other latent processes (as conducted in Paper I11). By doing so, valuable insights
can be gained to optimize environmental monitoring and biodiversity assessments for increased

precision and accuracy (Paper I11).

Lastly, this thesis has not accounted for microbial activity or seasonality into the biological or
environmental processes; thus, it is important to exercise caution when interpreting the findings,
as multiple studies have suggested that microbial activity and difference environmental
conditions during seasons are in pair with eDNA degradation and persistence (Collins et al.,
2018; Méchler et al., 2018). Further investigation of the influence of microbial activity and
seasonality, jointly with other latent processes (Figure 6) is necessary to gain a better

understanding of this topic and provide more insights for effective marine management.
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6 Conclusion

Environmental DNA (eDNA) is a promising tool for monitoring marine biodiversity and
identifying the presence of organisms and their community structures. The persistence of eEDNA
varies greatly in aquatic environments, depending on biological, environmental, and technical
processes (Figure 6). The persistence of eDNA spans from days up to weeks within marine
environment with longer eDNA fragments degrading faster than the short ones. Also,
depending on water exchange rate and sunlight regime, eDNA can spread up to several
kilometers. An in-depth understanding of processes involved in molecular ecology, such as
eDNA shedding, transport, degradation rates, sampling, and isolation efficiencies, proves
crucial for scholars adopting molecular tools into marine management. Accurate integration of
these processes which also consider seasonal variations, water chemistry changes, and
biological factors will enable eDNA analysis to provide a sensitive and informative measure of
marine resources. Ultimately, appropriately leveraging the power of eDNA has the potential to
significantly enhance our understanding of marine ecosystems, leading to more efficient and

effective conservation and management protocols.

Metabarcoding studies often rely on qualitative data, such as species presence or absence, rather
than providing detailed information on species abundance. However, this study (Paper 1)
shows that eDNA metabarcoding data holds some information of species abundances thus
semiquantitative data treatment approaches can be developed to estimate approximate species
abundances. These approaches are significantly more effective in scenarios on high latitude
marine environments where species ubiquitousness is high, but their abundance or dominance
varies. Additionally, factor such as DNA dilution, transport, and species-specific shedding rates
are important considerations for accurate quantitative analysis. By controlling or assessing
these factors, eDNA metabarcoding data can be interpreted as a reliable reflection of multi-
species abundance (Paper Il1). Integrating eDNA analysis with traditional monitoring
techniques or citizen science offers a promising solution for enhancing biotic data and

improving marine ecosystem management.

Additionally, the use of quantitative environmental DNA (qPCR and ddPCR) techniques allows
for the early detection and monitoring of rare, elusive, and invasive species, providing managers
with the ability to implement rapid response measures. This is particularly valuable as
controlling invasive species before they become widely established is easier and less costly,

minimizing both ecological and economic impacts. Although trace eDNA (typically low eDNA
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concentration) often creates problem for quantitative eDNA methods, ddPCR offers advantages
by being more sensitive and precise biomonitoring method, aiding in more effective

conservation and management efforts (Paper I1).

The specificity and sensitivity of eDNA methodologies allow for detailed community profiling,
including microorganisms, enhancing our ability to track ecosystem health and respond to
ecological shifts. These advanced techniques offer valuable insights into the complexity of food
web dynamics, essential for informed resource management and conservation efforts.
Additionally, eDNA metabarcoding presents a less intrusive method for locating spawning and
other critical habitats. The ability of eDNA technology to detect a broad spectrum of species
and thus estimating the functional diversity of ecosystem is fundamental to maintaining
ecosystem resilience and productivity. Moreover, eDNA is particularly effective in identifying
potential threats such as invasive species, diseases, and the influence of keystone species on
ecosystem function. Although eDNA offers numerous advantages, it still has limitations in
assessing individual characteristics such as size, age, and sex. Nevertheless, combining eDNA
techniques with traditional monitoring and emerging genetic markers holds promise for
overcoming these challenges, thereby contributing to more targeted and effective fisheries

management and conservation strategies.
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Abstract

Environmental DNA (eDNA) has gained popularity as a tool for ecosystem biomoni-
toring and biodiversity assessment. Although much progress has been made regarding
laboratory and fieldwork protocols, the issue of sampling efficiency requires further
investigation, particularly in three-dimensional marine systems. This study focuses
on fish community composition in marine ecosystems and aims to analyze the ef-
ficiency of sampling design given the sampling effort for distinguishing between dif-
ferent communities. We sampled three fjords in Northern Norway, taking samples
along fjord transects and at three different depths, and amplified a fragment of the
mitochondrial 12S rRNA gene of bony fishes using the MiFish primers. We evalu-
ated the effect of (i) the number of sampling stations, (ii) samples' spatial distribution,
and (iii) the data treatment approach (presence/absence versus semiquantitative) for
maximizing the efficiency of eDNA metabarcoding sampling when inferring differ-
ences of fish community compositions between fjords. We found that the manner of
data treatment strongly affected the minimum number of sampling stations required
to detect differences among communities; because the semiquantitative approach
retained some information about abundance of the underlying reads, it was the most
efficient. Furthermore, we found little-to-no difference of fish communities in sam-
ples from intermediate depths when comparing vertical fish communities. Lastly, we
found that the differences between fish communities at the surface were the highest
across the horizontal distance and overall, samples ~30km apart showed the highest
variation in the horizontal distribution. Boosting sampling efficiency (reducing sam-
pling effort without compromising ecological inferences) can significantly contribute

to enhanced biodiversity management and efficient biomonitoring plans.

KEYWORDS
eDNA, fish, heterogeneity, metabarcoding, sampling design, spatial distribution

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,

provided the original work is properly cited.

© 2023 The Authors. Environmental DNA published by John Wiley & Sons Ltd.

Environmental DNA. 2024;6:€409.
https://doi.org/10.1002/edn3.409

wileyonlinelibrary.com/journal/edn3

10f15


https://doi.org/10.1002/edn3.409
www.wileyonlinelibrary.com/journal/edn3
mailto:
https://orcid.org/0000-0002-3711-6758
https://orcid.org/0000-0002-9627-8124
https://orcid.org/0000-0003-2192-1039
https://orcid.org/0000-0001-5593-348X
https://orcid.org/0000-0002-0681-1854
https://orcid.org/0000-0002-7305-5737
https://orcid.org/0000-0001-5037-2441
https://orcid.org/0000-0002-8045-6141
https://orcid.org/0000-0003-3248-1681
https://orcid.org/0000-0002-9858-052X
http://creativecommons.org/licenses/by/4.0/
mailto:gledis.guri@hi.no
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fedn3.409&domain=pdf&date_stamp=2023-04-14

GURI ET AL.

20of 15 ;
Environmental DNA
—I—Wl LE Y | smmmmmmmmmrm—"

1 | INTRODUCTION

Biological monitoring, as a key component of the assessment of eco-
logical resources (Gold et al., 2021), allows decision makers to adjust
policies and management plans to achieve environmental targets and
sustainable use of marine resources. Many studies have attested to
the importance of biological monitoring for a robust decision-making
(Borja & Elliott, 2013; Bourlat et al., 2013; Salter et al., 2019; Stat
et al., 2017). Moreover, recent changes toward ecosystem-based fish-
eries management rely heavily on biodiversity assessments and mul-
tispecies identification where quantification of community metrics is
crucial for reliable monitoring (Gullestad et al., 2017).

Multiple studies have encouraged the use of environmental
DNA (eDNA) in biomonitoring for management policies as the DNA
expelled from organisms can be captured and sequenced (Taberlet
et al., 2012), enabling the detection of the community composition
present at the study site (Ji et al., 2013). As a noninvasive sampling
technique (Cilleros et al., 2019), the reliability of eDNA metabarcod-
ing results is an attractive alternative to traditional capture sampling
for biomonitoring (Barnes & Turner, 2016; Cantera et al., 2019; Gilbey
etal., 2021). However, metabarcoding approaches for biomonitoring
have only recently been developed and face several obstacles (e.g.,
amplification bias, DNA transport) that hinder the direct use of me-
tabarcoding data for inference of ecological communities (Banerjee
et al., 2021). An essential component of any eDNA metabarcoding
study is to provide an adequate sampling design to address specific
ecological questions. Moreover, minimizing the DNA sampling ef-
fort can enable stakeholders and policymakers to increase sampling
events and thus broaden the monitoring scale of marine biodiversity
assessments.

Optimizing biological and technical replication as a trade-off be-
tween decreasing false negatives and costs has been investigated
(Buxton et al., 2021; Cantera et al., 2019). Furthermore, optimization
of eDNA sampling design has been laid on water volume filtered,
filter types, and effort distribution among methods for maximizing
univariate measures of diversity (such as « diversity) and single/
rare species detection while decreasing sampling effort (Andres
et al., 2022; Bessey et al., 2020; Sanches & Schreier, 2020; Wood
et al., 2021). One additional study focused on the spatial distribu-
tion of eDNA samples in lentic systems to evaluate sampling design
strategies for inferring patterns of fish biodiversity (« and B diver-
sity; Zhang et al., 2020), where they suggested a systematic spatial
sampling protocol and concluded that eDNA samples autocorrelated
up to 2km on the horizontal distance. However, the latter study cir-
cumvented issues related to sampling effort; thus, at present, no
research has been conducted on sampling design accounting for
community compositions and heterogeneity as a function of the
sampling effort. Additionally, in contrast to lentic and lotic systems,
marine systems are more complex in DNA transport due to multi-
directional and three-dimensional water flow (Hansen et al., 2018).

Obtaining an efficient sampling design for eDNA-based studies,
especially in marine systems, is a challenging task (convoluted ques-
tion due to the multitude of research questions, hence every context

has a specific sampling design; Yoccoz et al., 2001) that still requires
attention. In this study, we focus maximizing the sampling efficiency
explicitly on detecting ecosystems' fish community composition
(hereafter communities); thus, circumventing univariate diversity
metrics and single/rare species detection as such questions have
been resolved. We study this problem in two different levels, that
is, by investigating how well the sampled communities segregate
given the unit of sampling effort, thus how much can we reduce the
sampling effort to still obtain significant differences between these
fjord communities, and second, which samples contribute the least
to the dissimilarity metrics, thus can potentially be removed without
affecting the variability of the ecosystem.

To achieve these objectives, we formulated the following ques-
tions: (i) What is the metabarcoding data treatment approach,
presence/absence versus semiquantitative, that most efficiently
represents the differences between fjords ecosystems, and what
is the minimal number of sampling sites for each approach; and (ii)
where to effectively collect the samples (in three-dimensional space)
to maximize our efficiency to detect differences in ecological com-

munities while minimizing sampling effort.

2 | METHODS
2.1 | Study sites

Study samples were collected on research cruises on March 2021 by
R/V Kristine Bonnevie. Three Northern Norwegian fjords: Balsfjord,
Frakkfjord, and Olderfjord, were selected based on their size, ba-
thymetry, and distance from the open ocean. Balsfjord has a length
of 40km and a maximum depth of 190m in the middle of the fjord.
There is a sill at the fjord's entrance, and the archipelago limits the
water exchange and categorizes it as protected from the open ocean.
Frakkfjord and Olderfjord are relatively similar regarding their size
and shape, with a fjord length of 8 and 4km and a maximum depth
is 86 and 74 m, respectively. These two fjords are more exposed to
the open ocean compared with Balsfjord; however, Frakkfjord has
the highest degree of exposure to open water. Nearly all high lati-
tude Norwegian fjords are ice-free and depicted with an Arctic light
regime (Reigstad & Wassmann, 1996). Although a subarctic water
climate characterizes all fjords in the area, the degree of openness to
the open sea can create differences regarding community composi-
tion. In total 17 eDNA sampling stations were deployed for the three
fjords, of which 10 were located in Balsfjord, four in Frakkfjord and
three in Olderfjord (Figure 1). GPS coordinates and other metadata
of sampling stations are provided in Table S1.

2.2 | Water sampling, eDNA
filtration, and extraction

To investigate the spatial heterogeneity of the eDNA signals for in-
ference of fish communities, we established three sampling transects
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FIGURE 1 Map of the eDNA sampling station distributed among three localities (Balsfjord—blue, Frakkfjord—orange, and Olderfjord—

red) and the radius of the area represented by the sampling station.

in three localities (i.e., three fjord ecosystems) where samples were
assigned using fixed-distance nonoverlapping radii scaled by the size
of the locality (i.e., 3000m in Balsfjord, 1000m in Frakkfjord, and
750m in Olderfjord). In alphabetical order, sampling stations were
designated by letters starting from the innermost station (Figure 1).
To constrain the background level of spatial heterogeneity from me-
tabarcoding, we double-sampled three locations in Balsfjord using
“twin” sampling stations next to each other (i.e., A/B, E/F, and J/K). At
each sampling station, 12 5-L Niskin bottles mounted on a stainless-
steel frame with CTD were deployed to desired sampling depths for
water collection. The three depths investigated were surface (10m),
pycnocline (depth of highest density, ~50m), and bottom (10m
above bottom). At each sampling depth, triplicate 2-L water samples,
derived from three distinct Niskin bottles, were filtered onboard the
research vessel through 0.22um Sterivex filters (MerckMillipore)
using a peristaltic pump (multichannel flow Heidolph™ Hei-Flow
Advantage 01). After removing the remaining water drops by pump-
ing air, filters were transferred to sterile 50-mL Falcon centrifuge
tubes and immediately stored at —20°C until they were transported
to the laboratory for —~80°C storage until DNA extraction. DNA was

extracted using DNeasy PowerWater Sterivex Kit (Qiagen GmbH)
following the manufacturer's protocol with slight modifications (all
steps involving PowerBead Tubes were omitted). DNA extraction
from water samples was conducted randomly to minimize the pos-

sible biases from contamination during laboratory workflow.

2.3 | Contamination control

To control for contamination occurring at each step of the workflow,
we included field-negative controls (one air and one water blank per
sampling station), laboratory-negative controls (one extraction blank
per block of 12 extracted samples; three PCR blanks per block of
96 extracted samples), and PCR-positive controls (one positive con-
trol PCR sample per block of 96 extracted samples) as described by
Shu et al. (2020). To reduce the risk of cross-contamination during
the sampling event, all sampling equipment was decontaminated
with 20% (v/v) sodium hypochlorite solution (household bleach) and
then rinsed with Milli-Q water onboard before and after fieldwork.
Sterile nitrile gloves were used when in contact with water samples.
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To minimize the risk of sample cross-contamination in the labora-
tory, before and after each round of DNA extraction, all the work-
benches (extraction and PCR hood) were decontaminated through
UV exposure for 30min, as suggested by Goldberg et al. (2016).
Additionally, the air in the laboratory was decontaminated regularly
(once a week) with hydrogen peroxide. Lastly, pre- and post-PCR
tasks were performed in different laboratories to reduce the risk of

cross-contamination.

2.4 | Library preparation and sequencing

A total of 192 samples (divided into two libraries), including eDNA
samples (n=150), PCR blanks (n=6), positive controls (n=2), extrac-
tion blanks (n=6), fieldwork water and air blank (n=16 and 12 re-
spectively), were amplified using the MiFish-U universal primer set
(Forward: 5'-GTCGGTAAAACTCGTGCCAGC-3'; Reverse: 5-CATAG
TGGGGTATCTAATCCCAGTTTG-3'; Miya et al., 2015) targeting the
mitochondrial 125 rRNA gene region (169-172bp fragment). Fusion
primers containing adaptor, index, and primer-specific sequences
were used to allow one-step PCR amplification, where each 20pL
PCR reaction consisted of 3puL eDNA template, 1pL of primer
mix (0.5pL each of 5uM stock solutions of MiFish-U-forward and
MiFish-U-reverse primers), 10puL of QIAGEN Multiplex PCR Master
Mix, 0.16 uL of BSA (concentration 20pug/mL), and lastly 5.84 uL of
RNase-free water. All samples were amplified in triplicate. The ther-
mocycler program included an initial denaturing step of 95°C for
10min, 40cycles of 95°C for 30s, 60°C for 30s, and 72°C for 30s
and a final extension step of 72°C for 5min.

PCR amplification success and product size were assessed
using capillary electrophoresis (QlAxcel; Qiagen GmbH). Products
from triplicate PCR reactions were pooled into a single tube before
100pL from each PCR product pool were combined to generate
two sequencing libraries, each consisting of 96 samples/library.
Sequencing libraries were electrophoresed on a 2% (w/v) agarose
gel in 1x TAE buffer and stained with SYBR safe (Qiagen GmbH).
Bands of the expected size (300 bp) were excised and purified using
Genelet Gel Extraction and DNA Cleanup Micro Kit (Thermo Fisher
Scientific). DNA concentration of the purified sequencing libraries
was measured using Qubit dsDNA HS kit (Thermo Fisher Scientific),
diluted to a final concentration of 50pM and spiked with 4 puL of lon
S5 Calibration Standard prior to loading onto the lon Chef instru-
ment (Thermo Fisher Scientific). Libraries were sequenced using the
lon 530-sequencing chip with the 200bp protocol (Thermo Fisher

Scientific).
2.5 | Bioinformatics
Sequences were automatically demultiplexed and quality filtered

after the sequencing process using Torrent Suite™ inbuilt in the

sequencer following their inbuilt standard settings. The sampled

sequence dataset was thereafter filtered for chimeric sequences
using a uchime-denovo algorithm in VSEARCH (Rognes et al., 2016).
Second, we clustered the sequences into Molecular Operational
Taxonomic Units (MOTU) using SWARM v2 (Mahé et al.,, 2014)
with a distance of d=3. Third, singletons were removed, and the
remaining MOTUs were taxonomically annotated using the ecotag
algorithm (Boyer et al., 2016) and a well-curated local database as-
sembled from data available from EMBL and NCBI (access date: 14
March 2022).

To select only high-quality sequences and remove pseudogenes
and artifacts, we arbitrarily customized a low-quality dataset fil-
tering process where MOTUs with an identity match 297% (Li
etal.,, 2018; Nakagawa et al., 2018; Sales et al., 2021) or higher num-
ber of reads than 1/10,000 of the total library reads were retained
(Coguiec et al., 2021). MOTUs unassigned to species taxonomic rank
after ecotag algorithm were manually checked by blasting in NCBI
online database (date: March 14, 2022) where the same selection
criteria were used. For downstream biodiversity analysis, we re-
moved biological replicates with sequencing depth lower than 500
reads as an indication of low-quality samples. Amplicon sequences
whose occurrence in negative controls exceeded 10% of their total
read abundance in the entire dataset were removed from the dataset
as an indication of contamination. Additionally, we summed (pooled)
all MOTU reads across the biological replicates of the same depth
taken in the same sampling station. Lastly, we removed all taxa that

were not assigned to fish (class: Actinopterygii or Chondrichthyes).

2.6 | Statistical analysis

All analyses and plots were performed in R (R Core Team, 2022).
To see that our sequencing depth was not a limiting factor for rep-
resenting the taxonomic diversity of the study area, we examined
the DNA sequencing effort through species accumulation curves
(hereafter sequencing effort curves), using rarecurve function in the
vegan package. The curves plotted the average number of species
identified as a function of sequencing depth, indicating if the lat-
ter was sufficient for covering the biodiversity. Additionally, species
accumulation curves (hereafter DNA collection curves), the number
of species against the number of samples, were plotted to examine
whether more samples would yield more species, thus determining
whether our DNA collection effort was sufficient for covering the
taxonomic diversity of the sampled area. The DNA collection curves

were drawn using specaccum function in vegan package.

2.7 | Efficiency of data treatment approaches and
minimal number of sampling stations for detecting
community differences

To explore the strength of two commonly used metabarcoding data

treatment approaches on the ability to detect differences between
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fish communities, we selected and compared qualitative (presence/
absence) and semiquantitative approaches. We outline the qualitative
approach as the binary transformation of MOTU reads (after quality
filtering) into the presence and absence where MOTUs with reads
>1 were defined as a presence. For the semiquantitative approach,
we selected the eDNA index proportion model developed by Kelly
et al. (2019), also called inverse “Wisconsin double-standardization,”
a simplified way to account for species-specific differences in ampli-
fication efficiency. The following analyses were performed on both
qualitative and semiquantitative treatment of the eDNA reads of
pooled replicates. We used the Jaccard and Bray-Curtis distance ma-
trices, respectively. The dissimilarity matrices between ecosystems
were initially represented visually through nonmetric multidimen-
sional scaling (hnMDS) ordination using metaMDS in vegan package
(Oksanen et al., 2022), with two dimensions (k= 2) while using 20 ran-
dom starts in search of a stable solution. Differences in communities
between ecosystems were computed through permutational analy-
sis of variances (PERMANOVA) using adonis function in vegan pack-
age (Oksanen et al., 2022) with factor location (Balsfjord, Frakkfjord,
Olderfjord, and positive control) and 999 permutations. For signifi-
cant PERMANOVA results, we conducted permutational multivari-
ate dispersion test (PERMDISP) to check whether the significance
was due to the differences in centroids or due to the differences in
dispersion of samples in principal coordinate space of dissimilarity
(PCoA). Additionally, we used permutational pair-wise comparisons
with the Benjamini-Yekutieli FDR correction—False Discovery Rate
(Benjamini & Yekutieli, 2001) to indicate the paired location com-
parisons that were significantly different. We used betadisper and
pairwise.adonis2 functions for both tests, respectively, supplied by
vegan package (Oksanen et al., 2022). To indicate the species driving
the differences between localities, we used indicator species analysis
(Dufréne & Legendre, 1997) on both approaches using indval func-
tion in labdsv package (Roberts, 2019) with 999 permutations.

Furthermore, to investigate the efficiency of each data treat-
ment approach (qualitative and semiquantitative), we conducted a
linear regression of dissimilarity (measured in pseudo-F-value) as a
function of sampling effort (humber of sampling stations) for each
approach using Im function in R with the formula dissimilarity ~sam-
pling effort x method. We measured the dissimilarity as the pseudo-F
and p values of a series of PERMANOVA tests for detecting ecosys-
tem differences (factor locality) across a range of sampling effort.
The range of sampling effort was conducted through progressively
removing one sampling station from each locality (excluding posi-
tive controls) until one sampling station remained in each locality.
During each removal of stations, the dataset was randomly subsam-
pled 999 times and we estimated the mean of p and pseudo-F-values
from PERMANOVA tests for each combination. Lastly, the minimal
number of sampling stations required to infer differences between
ecosystems was concluded as the mean plus two standard deviation
of PERMANOVA p-values lower than 0.05. Subsequently, the data
treatment approach with the highest efficiency (highest pseudo-F
value) was selected for all analyses below.

Dedicated to the study and use of environmental DNA for basic and appl

2.8 | Sampling efficiency for maximum vertical and
horizontal community difference

To investigate the spatial relationship of eDNA samples and maxi-
mum dissimilarity (sampling efficiency), we selected only samples
taken in Balsfjord due to the linear shape of the fjord and the exten-
sive number of sampling stations investigated (n=10).

For exploring the sampling efficiency among depth layers, we
explored whether the community composition differed signifi-
cantly between each depth category using PERMANOVA analysis
with Bray-Curtis dissimilarity index with factor depth category.
Thereafter a post hoc test was conducted for identifying pairs of
samples that differed using permutational pair-wise comparisons
with the Benjamini-Yekutieli FDR correction. Subsequently, for
significant PERMANOVA results, we conducted PERMDISP test.
Samples of depth categories that did not differ significantly were
defined uninformative, thus can be removed for reducing sampling
effort.

Additionally, we explored the dissimilarity of the community
among the horizontal distance of the fjord. We fitted a beta regres-
sion using betareg function in betareg package with the pairwise
Bray-Curtis dissimilarity index (measured through vegdist function
in vegan package) as response variable, and the log-transformed
pairwise horizontal distance (measured in QGIS) and pairwise depth
categories as predictor using the formula dissimilarity ~log,(dis-
tance+1)xdepth category. Note that only pairwise comparisons
of the similar depth categories were included (i.e., bottom-bottom,
pycnocline-pycnocline, and surface-surface). We concluded that
the most efficient horizontal distance for sampling was the mini-
mum distance with the maximized community dissimilarity among

samples.

3 | RESULTS
3.1 | Sequencing and eDNA sampling effort

After the standard lon GeneStudio quality and sequence-length fil-
tering, the run yielded 13,579,483 sequence reads from 150 eDNA
samples (4,984,499 and 8,594,984, respectively, for each of the
two sample pools), two positive controls, and 40 negative controls
(Figure S1a). Filtering of chimeric reads and singletons resulted in the
removal of 64,581 reads. After our customized low-quality removal
and blank treatment subtraction, the final dataset (152 samples)
used for analysis contained 13,398,370 reads. We observed very
few reads in all negative controls (mean=32.2+29.3; Figure S1b), in-
dicating a low level of contamination. As a result, no “contaminating”
MOTUs were removed from the dataset. From the quality-filtered
and nonchimeric reads, we detected 33 marine taxa, of which 31
were assigned to the species level, and the remaining two (Sebastes
spp. and Anarhichas spp.) were assigned to the genus level. Around
99.99% of MOTU reads belonged to nine different orders of bony
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fishes (Actinopterygii), while the remaining reads were assigned to
Amblyraja radiata (Chondrichthyes).

Sequencing effort curves revealed that samples in Frakkfjord
and Olderfjord had higher sequencing depth than the Balsfjord
samples (Figure 2a). Overall, most curves from samples with high
sequencing depth saturated, while the remaining samples achieved a
slope change but did not reach a plateau. However, visual inspection
indicated that over ca. 500,000 reads per sampling station (sam-
ples pooled) would be needed to approximate the full diversity of
the samples. This indicated that our sequencing effort (>1,000,000
reads per sampling station) in Frakkfjord and Olderfjord successfully
covered the taxonomic complexity, while in Balsfjord (~300,000
reads per sampling station), such coverage was not achieved.

DNA collection curves (Figure 2b) signaled that samples in
Frakkfjord and Olderfjord detected most species present as the
curve saturated around two sampling stations, stating that the tax-
onomic diversity of the fjord was successfully covered from the
samples deployed. In contrast, the Balsfjord curve did not plateau,
indicating that deploying more samples could potentially detect

more species in the fjord.

3.2 | Efficiency of data treatment approaches and
minimal number of sampling stations for detecting
community differences

Two nonmetric multidimensional scaling ordination (hnMDS) plots dis-

played dissimilarities of species composition among the three localities

(a)
35 1
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254

20

15 1

10

Number of detected species

Sequencing depth

0  05x10° 1x10° 15x10° 2x10° 25x10°

(biological replicates pooled), based on Jaccard (Figure 3a) and Bray-
Curtis (Figure 3b) dissimilarity index for qualitative (presence/absence)
and semiquantitative (eDNA index) representation of the metabar-
coding data, respectively. The qualitative-based nMDS indicated
separation of the centroids of the samples based on their locality,
with a strong fish community variation and overlap among localities.
Furthermore, positive control samples were embedded within 70%
confidence interval ellipsoids of all locality centroids. Conversely, the
semiquantitative-based nMDS revealed a strong separation of clus-
ters by locality, stating that the semiquantitative community composi-
tion in each locality is distinct. Additionally, positive control samples
are confidently separated from all localities' community composition.
Both PERMANOVAs (Table 1) indicated significant differences
in the composition between localities (p=0.005 and p<0.001).
Pseudo-F and R? values differed considerably between the tests
(Table 1). Semiquantitative-based pair-wise tests indicated signif-
icant differences between each pair-wise comparison of locality
(including the positive control samples; Table S2b). Conversely,
qualitative tests failed to identify significant differences between
Frakkfjord and Olderfjord (Table S2a). Additionally, all pair-wise dif-
ferences between positive control and each locality were found to
be nonsignificant (Table S2a,b). Semiquantitative-based PERMDISP
was found significant (p <0.001; Table 1), indicating a difference in
dispersion of samples (average distance to its centroid). Pair-wise
comparison of dispersion revealed a significant difference between
Balsfjord and Frakkfjord and all pair-wise comparisons of positive
control (Table S2b). Conversely, qualitative-based PERMDISP indi-
cated a homogeneous dispersion among all localities (Table 1).

(b)
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FIGURE 2 Species accumulation curves as a function of sequencing depth, thus sequencing effort curves (a; samples and their biological
replicates pooled together) and as a function of number of the sampling stations, thus DNA collection effort curve (b; biological replicates
not pooled) colored for each locality. The vertical dashed line indicates the sequencing depth (500,000 reads) where sample curves start to

plateau.
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FIGURE 3 Nonmetric multidimensional scaling (hnMDS) ordination of samples (biological replicates pooled) obtained using qualitative

approach using Jaccard dissimilarity index based on presence/absence of species (a) and semiquantitative using Bray-Curtis dissimilarity
index based on inverse Wisconsin double-standardization of amplicon reads (b). The centroids (differed by colors) for the localities (positive
control included as locality) and their ellipses (95% confidence interval of the group centroid dispersion) are indicated. Higher dissimilarity of
ecosystems was observed when using semiquantitative approach.

TABLE 1 PERMANOVA tests results using qualitative (Jaccard dissimilarity matrix) and semiquantitative (Bray-Curtis dissimilarity matrix)
approaches comparing community composition among the factor locality (positive control included).

Approach Factor df SS MS Pseudo-F R? p-Value PERMDISP
Qualitative Locality (fjords) 3 0.423 0.141 2.525 0.1363 0.005 0.618
Residuals 48 2.683 0.055 0.8637
Total 51 3.107 1.0000
Semi-quantitative Locality (fjords) 3 5.026 1.675 9.011 0.3603 0.001 0.001
Residuals 48 8.923 0.185 0.6397
Total 51 13.949 1.0000

Note: PERMDISP probabilities for homogeneity of dispersion are also shown. Significant values are indicated in bold.

Comparing the two dissimilarity matrices (qualitative and semi-
quantitative based), the Mantel test revealed a significant correlation
(r=0.2, p<0.001), stating that the two data treatment approaches
were weakly positively associated.

The linear regression analysis (Figure 4) indicated a significant
positive linear relation of ecosystems' dissimilarity with sampling ef-
fort for each data treatment approach (p<0.001 for both, t=4.64
and t=7.51 respectively and R?=0.89; Table S4). Moreover, the
analysis indicated a significant different intercept (p <0.001; number
of stations=3) for qualitative (pseudo-F=1.52) compared with semi-
quantitative (pseudo-F=4.42; Table S4) and significant slope (0.12
and 0.39, respectively). Reflecting the greater information content
in the semiquantitative data transformation, three semiquantitative
samples produced a degree of resolution equivalent to 13 presence/
absence samples.

Indicator species analysis differed considerably between the two
approaches (Figure S2). The semiquantitative approach indicated 13
species as significant drivers of community compositional differ-
ences between the localities. Moreover, all three localities contained
some species indicators (relative frequency of occurrence and rel-
ative average abundance of species was the highest within the in-
dicative locality), whereas Balsfjord and Frakkfjord included five
species each, and Olderfjord three species. Conversely, the quali-
tative approach only found five species as significant drivers of the
community differences and no species driver defined for Balsfjord.
Further investigation of the commonness of species in each com-
munity showed six species as common, three as semicommon and
four rare species in the semiquantitative data (Table S3), while the
qualitative data included three rare species and two semicommon
species (Table S3).
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FIGURE 4 Dissimilarity of community

. composition between ecosystems
. measured as the PERMANOVA
R o ° pseudo-F ratio using qualitative (blue;
Jaccard dissimilarity matrix based on
s the presence/absence of species) and

semiquantitative (red; Bray-Curtis
dissimilarity matrix based on the inverse
° Wisconsin double-standardization of
amplicon reads) approaches. The analyses
were performed on progressively
removed sampling stations, with each

dot representing the mean pseudo-F of
the sample combination (iterated 999
times) for the given number of remaining
sampling stations. Regression lines for
each approach are shown with their
colors, respectively. The horizontal

black dashed line, representing an
approximation of pseudo-F value
(f=2.01) equal to p=0.05, indicated

that minimum three and 13 sampling
stations are required for detecting
significant differences between the

three ecosystems respectively for
semiquantitative and qualitative approach.
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FIGURE 5 Nonmetric multidimensional scaling (hnMDS)
ordination of Balsfjord samples (biological replicates pooled)
obtained using the Bray-Curtis dissimilarity index based on the
inverse Wisconsin double-standardization of amplicon reads. The
centroids for each depth category (distinguished by color) and their
95% confidence intervals (shown as ellipses) indicate a gradual shift
of the vertical communities in the multivariate space.

3.3 | Sampling efficiency for maximum vertical and
horizontal community difference

The nMDS plot showed a gradual change of the communities along
the depth as the centroids shifted aligned with the depth vector
(Figure 5). PERMANOVA test indicated significant differences in
communities between at least two depth categories in both ap-
proaches (p=0.014; Table 2). Pair-wise comparison of communi-
ties showed significant differences between bottom and surface
samples (p<0.001; Table S2c¢). However, no significant differences
were found between bottom - pycnocline and surface - pycnocline
pair comparisons (p=0.118 and p=0.396, respectively). PERMDISP
indicated homogeneous dispersion of fish communities among
depth categories, which suggests that community differences are
solely due to centroid differences and not due to differences in
heterogeneity.

Beta regression indicated that dissimilarity of pycnocline and
surface samples differed significantly across the horizontal distance
(p=0.024, and p<0.001) but these changes were insignificant on
bottom samples (p=0.237; Table S5). Changes in dissimilarity across
distance were significantly different for surface samples compared
to pycnocline and bottom samples (p<0.001 for both; Table S5).
Conversely, changes in pycnocline samples dissimilarity index across
the horizontal distance compared to bottom samples resulted in-
significant (p=0.439; Table S5). The overall maximum dissimilarity
for pycnocline and bottom samples was achieved at ca. 26 km while
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TABLE 2 PERMANOVA tests results using semiquantitative (Bray-Curtis dissimilarity matrix) approaches comparing community
composition among the factor depth (only samples in Balsfjord selected).

Factor df SS MS
Depth (categorical) 2 0.793 0.396
Residuals 27 5.124 0.189
Total 29 5.917

Note: PERMDISP probabilities for homogeneity of dispersion are also shown.
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FIGURE 6 Correlation plot of samples' pairwise dissimilarity (a) and the ratio of pairwise dissimilarity over the average dissimilarity

per each depth (b) along samples' pairwise horizontal distance. The dissimilarity measured using the Bary-Curtis index based on inverse
Wisconsin double-standardization of amplicon reads indicated higher differences on surface communities (a) and average dissimilarity was
achieved after 16 km of horizontal distance between samples (b). The standard errors are presented for both plots.

for the surface samples at 40km (Figure 6a). Subsequently, samples'
pairwise dissimilarity were divided with the average dissimilarity per
each depth category to empirically measure the relative dissimilarity
of samples across the horizontal distance (Figure 6b).

Additionally, the intrinsic and extrinsic variability was diagnosed
via violin plots (Figure 7) on two levels, fjord ecosystem (Balsfjord)
and regional ecosystem (all fjords together) using the distribution of
dissimilarity between samples. The plot indicated that slightly more
than half of the samples had intrinsic variability lower than the ex-
trinsic variability within one ecosystem and the intrinsic variability of
remaining samples was equal to extrinsic variability of that ecosys-
tem (Figure 7). When looking at all ecosystems together, the intrinsic
variability (within each fjord variability) was distinguishably lower
than the extrinsic variability (between fjords variability; Figure 7).

4 | DISCUSSION

The sampling design distinguishing fish communities eDNA me-
tabarcoding still poses challenges regarding the optimization of

sampling depth, distance between samples and data treatment ap-
proaches. This study aimed to investigate the optimal data treat-
ment approach, sampling effort, and spatial distribution of eDNA
metabarcoding samples allowing to effectively detect differences in
communities within and between fjords. Our study found that using
two sampling stations (two depths, and three biological replicates),
26-40km apart in Balsfjord, one in Frakkfjord and one in Olderfjord,
when using a semiquantitative approach and omitting pycnocline
depth samples, was the most efficient design to detect differences
between ecosystems given the sampling effort and the fish commu-

nity dissimilarity within the ecosystem.

4.1 | Sequencing and eDNA sampling effort

Exploring the unbalanced sequencing effort curves (Figure 2a) re-
vealed that samples with higher read abundances of Gadus morhua
and Mallotus villosus also had a high sequencing depth. Cumulatively,
the sequence read abundance of these two species accounted for
76.6% of the total reads in all samples. Metabarcoding sequence read
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FIGURE 7 Violin plots comparing the intrinsic and extrinsic
variability of dissimilarity index (using the Bray-Curtis index based
on inverse Wisconsin double-standardization of amplicon reads)
on two instances, fjord level (i; Balsfjord, right) and regional level
(ii; all fjords, left). In fjord level (i.e., Balsfjord), variability between
biological replicates was indicated as intrinsic (blue) and between
all samples within the fjord as extrinsic (red). In all fjords, the
variability within each fjord was indicated as intrinsic (blue) and
between fjords as extrinsic (red).

abundance is a function of species DNA abundance in the samples,
together with primer bias (Elbrecht & Leese, 2015). For instance,
species with high abundance, but also high amplification efficiency,
can result in a skewed distribution (i.e., over-represented high pro-
portion) of sequence read abundances among samples. We consider
a similar process to have caused the unbalanced sequencing depth
of our localities, as G.morhua and M. villosus had high sequence read
abundance predominantly in Frakkfjord and Olderfjord (the locali-
ties with higher sequencing depth; Figure S3). An additional expla-
nation of the unbalanced sequencing effort could be the difference
in the aggregation of nontarget taxa (prokaryotic and non-target
eukaryotic DNAs) when competing for oligonucleotides during PCR
(Diaz et al., 2020; Miya et al., 2020). Despite the nonuniform se-
quencing depth, the curves have similar shapes among the localities
(Figure 2a), suggesting similar species detection rates among distinct
fjords. Furthermore, our sequencing depth among distinct localities
can be considered adequate for conducting our analysis but not ad-
equate for covering the full diversity of the studied localities. Such
limitation of sequencing depth can critically affect the quality of
qualitative approach analysis as this approach strongly relies on de-
tecting presence of non-abundant taxa.

The DNA collection curves (Figure S2b) suggested that increas-
ing the number of sampling stations in Balsfjord might uncover more
species, indicating that the number of sampling stations deployed in
Balsfjord was insufficient for representing the total biodiversity of

this ecosystem. Given the excessive area engaged in Balsfjord, the
spatial heterogeneity can be greater than in the other two localities;
thus, increasing the sample density can potentially uncover this eco-

system's additional taxonomic complexity.

4.2 | Differences between qualitative and
semiquantitative approaches

Although we expected the localities to differ in fish community com-
plexity (with respect to species abundances), evidence for differ-
ences among locations differed drastically between the qualitative
and semiquantitative approaches. Overall, both methods indicated
differences in community composition between at least two eco-
systems (Table 1). But the semiquantitative approach discrimi-
nated samples between all localities (including the positive control;
Table S2a). In contrast, the qualitative approach failed to distinguish
the samples between Frakkfjord and Olderfjord and to distinguish
the positive control samples from the remaining samples in all locali-
ties (Table S2b). Focusing on only the presence/absence of species
when using eDNA metabarcoding can lead to inconclusive results
due to the limitations of this approach (Wang et al., 2021). Below, we
discuss how multiple reasons can lead to such limitations and make
true biodiversity differences indistinguishable when using a qualita-
tive approach to eDNA metabarcoding.

First, communities with ubiquitous species make it impossible
for a qualitative approach (without any quantitative information) to
distinguish spatial differences in communities. In our survey, we ob-
served that almost one-third of species were ubiquitous (Table S3).
Being present in all the sampling stations, such species cannot con-
tribute to the dissimilarity between localities measured by presence/
absence metrics. Hence, less frequent species have higher contribu-
tions to the differences between localities. Moreover, rare taxa are
more prone to PCR biases than common taxa (Shirazi et al., 2021).
Due to the stochasticity of the PCR amplification, rare taxa are de-
tected sporadically within samples, making their reliability low. Such
an issue was observed in our positive control samples, where seven
taxa were found present only in one sample despite the source of
the samples being the same (Figure S4), explaining the high dissim-
ilarity between positive control samples. Larson et al. (2022) found
similar results regarding rare taxa and stated that they occurred spo-
radically among PCR replicates. An additional cause to such patterns
could also be explained due to amplification efficiency. Sequence
abundance output is subjected to amplification biases due to primer
efficiency (Kelly et al., 2019), especially when using universal prim-
ers, where selected taxa have a higher match with the primer than
others (Banerjee et al., 2021). Such biases influence the commonness
of the species, which can lead to divergence from the true species as
drivers of differences between ecosystems (since low amplification
species will be encouraged to be the species indicators).

Analogously, Cilleros et al. (2019) found metabarcoding re-
sults to be less discriminant when using the qualitative approach
compared to traditional methods in an attempt to segregate the
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faunal composition between large rivers and nearby streams. This
is explained due to DNA transport as eDNA metabarcoding samples
detected species found distant from the sampling source, thus in-
creasing the homogeneity of the ecosystems (Cilleros et al., 2019).
Using a qualitative approach can uprise biases from DNA transport,
especially when the survey area is small compared with the DNA
transport area (i.e., sampling distance is smaller than eDNA trans-
port) as the DNA of the same origin can be captured in multiple
samples simultaneously, thus less discrimination between localities.
Lastly, errors arising from tag jumping (index hopping) and potential
contamination are nontrivial these issues increase the occurrence
of false-positive taxa, contributing to the aforementioned biases
when using a qualitative approach. Although we included negative
controls during all steps and stated a relatively clean workflows, the
average sequence abundance in blanks was 32.2 reads, indicating
that false-positive taxa can potentially be present in samples. In an
additional exploratory analysis, we accounted for such false-positive
by increasing the threshold of occurrence to the highest sequence
abundance in negative control samples (minimum number of reads
for defining amplicon presence=81 reads) and found a substantial
increase in disparity between ecosystems (Figure S5).
Notwithstanding, the semiquantitative approach does not en-
tirely eliminate all the aforementioned obstacles. Issues such as
DNA transport are prevalent regardless of the approach used for
data inference. Nevertheless, using a semiquantitative approach
can minimize the biases deriving from such matters. The concentra-
tion of transported eDNA decreases with increasing distance from
the source due to dilution and degradation (Goldberg et al., 2018).
Having a high density right at the source and exponentially lower
density at neighboring sampling stations can result in relatively
lower sequence abundance in the latter samples (Zou et al., 2020).
Although many biotic and abiotic factors can potentially affect the
displacement and the decay rate of DNA in the water (Harrison
et al.,, 2019; Holman et al., 2021). Andruszkiewicz et al. (2019) pre-
dicted an average DNA transport of 5km with 30% decay rate.
Moreover, semiquantitative approaches lower the importance of
rare taxa in detecting differences among communities compared
with a qualitative approach, as their relative abundances are gen-
erally low. This simply alleviates the contribution of stochastic pro-
cesses (such as PCR amplification of rare taxa) to determine the
drivers of community differences. Semiquantitative approaches
also minimize the contribution of false positives from tag jumping
(typically in low abundance levels) by simply devaluing their im-
portance due to low sequence abundance. Additionally, using the
eDNA index as a semiquantitative approach offers an archaic way to
take amplification efficiency into consideration (Kelly et al., 2019).
Issues regarding ubiquitous taxa can be easily accounted for by
using a semiquantitative approach, as differences in abundance will
be reflected as contributions to quantitative dissimilarity indices.
Although many studies have confirmed, to some extent, the cor-
relation of eDNA metabarcoding sequence abundance with species
biomass, more studies are required to come to sound conclusions.
Nonetheless, our positive control samples revealed similar sequence
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cess with relatively comparable outcomes.

The difference in the two approaches is also reflected during
species indicator analysis (Figure S2) as using the semiquantita-
tive approach recognized considerably more species as indicators.
Such analysis relies on relative abundances and frequencies of
occurrences; hence, by removing the former layer of information
(i.e., qualitative approach), it can result in reluctant conclusions.
Therefore, having relative abundances as an additional layer of infor-
mation contributes to finding more species as significant drivers and
offers a more realistic and accurate detection of diversity patterns
between localities.

Additionally, PERMANOVA on sample removal analysis indicated
that the signals of dissimilarity are maintained using the semiquan-
titative approach (Figure 4), even when the number of sampling sta-
tions is reduced. Although reducing the number of sampling stations
can have other indirect impacts on additional information, such as
the heterogeneity of the ecosystem, we conclude that strong com-
munity dissimilarity can be efficiently recognized by implementing
a semiquantitative approach. In contrast, it might be masked when
a presence/absence approach is used. These findings could result
from the small number of fish taxa (n=33) present in the relatively
low-diversity subarctic fjords and applying similar analyses in more
diverse ecosystems might lead to different results. Moreover, having
observations from only one season could impair our conclusions, as
the seasonal variability might alter the differences between the eco-
systems, especially in subarctic ecosystems where the seasonal vari-
ability is high mainly due to light conditions. These factors, together
with the different lifecycles of fish species (i.e., spawning or feed-
ing cycles), could reshape our conclusions. Moreover, clustering the
MOTUs into species (as we did in this study) can diminish the hetero-
geneity of the study, therefore, enhancing the similarities between
ecosystems. Jeunen, Knapp, et al. (2019) found higher dissimilarity
when using MOTUs compared with species. They indicated that
higher proportion of rare MOTUs can contribute to discrepancies
between ecosystems when using a qualitative approach. Although
the latter study used a COIl marker, such properties can also be in-
herited by our marker choice.

However, we cross-validated our results with previous studies
and management reports conducted on these localities. We found
that the fish communities detected in our study matched the spe-
cies composition recorded in Artsdatabanken (access date: March
2022; https://artsdatabanken.no/). Despite that the most abundant
species were ubiquitous, similarly to eDNA data, records of Ciliata
mustela and Scophthalmus maximus were only found in Frakkfjord.
Moreover, our eDNA index results found similar outcomes, most
abundant species as trawl catches in Balsfjord (as part of annual
coastal surveys by IMR, unpublished data). Similar matches between
eDNA and trawling have been previously documented (Fraija-
Fernandez et al., 2020). Kiaerbech (2017) mentioned a predominant
aggregation of Melanogrammus aeglefinus and Pleuronectes platessa
in Balsfjord. Meanwhile G.morhua and Hippoglossoides platessoi-
des are more abundant in the Olderfjord area. Such differences in
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assemblages could be explained by the physical and chemical char-
acteristics of the three fjords (Jo et al., 2019), as Balsfjord has limited
water exchange due to closure by a large sill at the entrance of the
fjord, whereas Olderfjord and Frakkfjord are more open and have a
higher water exchange. Our eDNA results matched those traditional
surveys as the eDNA index for M. aeglefinnus and P. platessa was pre-
dominantly aggregated in Balsfjord (Figure S6). Additionally, excep-
tionally high signals of M.villosus were found in Frakkfjord which is
highly likely due to the Barents sea population of this species hav-
ing one of their major spawning grounds on the Fuglgy bank just
outside the fjord (Alrabeei et al., 2021). Lastly, the innermost part
of Balsfjord is a known and regionally important spawning area for
Atlantic cod (Aglen et al., 2020), corresponding to high eDNA index
in this part of the fjord (Figure S7).

Such consistency indicates that the eDNA index can robustly be
used as a semiquantitative assessment of fish communities. Many
studies have now confirmed the strengths of eDNA metabarcod-
ing for local detection of species and, thus community composi-
tion inference (Hansen et al., 2018). Similarly to analogous studies
(Cilleros et al., 2019; Fraija-Fernandez et al., 2020; Jeunen, Knapp,
et al, 2019; Jo et al., 2019; Larson et al., 2022; Li et al., 2021; Turon
et al., 2022), our eDNA metabarcoding study confirm that fish com-
munity composition and biodiversity patterns can be reliably esti-
mated using this approach.

4.3 | Sampling efficiency for vertical
discrepancy and horizontal community dissimilarity

We showed that communities were segregated according to depth
(Table 3), and this result confirms previous studies showing that eDNA
metabarcoding can resolve vertical assemblages (Closek et al., 2019;
Jeunen, Lamare, et al., 2019). However, in our results, the pycnocline
community changed insignificantly when compared with bottom and
surface samples (Table S2c), indicating a gradual transition of the
communities along the depth where the significant difference could
be detected only when sampling on the extremes of water column
(surface and bottom samples) for our study area. Our findings are ut-
terly aligned with those found in Closek et al. (2019), as they stated no
differences in communities above and below the pycnocline samples,
and these differences could only start being observed at a minimum
depth distance of 80 m. This result suggests that removing pycnocline
samples would not affect the robustness of eDNA metabarcoding
studies when used for monitoring communities in different ecosys-
tems. Although removing pycnocline samples might relieve the sam-
pling effort, we note that such signal sensitivity might differ among
various ecosystems and different seasons.

Research on DNA transport has repeatedly found that eDNA is
deposited towards the bottom as part of the downwards transport
(i.e., vertical settling; Andruszkiewicz et al., 2019; Canals et al., 2021;
Turner et al., 2015). Additionally to regular settling, DNA particles
can sink trough lateral advection dynamics in ice-free fjords (Canals
et al., 2021; Wiedmann et al., 2016). Although sedimentation rate

depends on the DNA state (Mauvisseau et al., 2021), studies have
found that eDNA is 8-1800 times more concentrated in the bot-
tom sediments than in surface samples (Turner et al., 2015). Canals
et al. (2021) observed epipelagic fish eDNA in deep water samples,
but not vice versa, concluding that eDNA had been transported
downwards. Although it can be argued how environmental factors
might affect this phenomenon (Turner et al., 2015), in our study, we
observed higher species detectability in samples from the bottom
waters, potentially indicating that bottom samples have a wider time
span to record species occurrence at the site compared with surface
samples which are mainly described as a snapshot of the present
community (Diaz et al., 2020).

Among the three surveyed localities, Balsfjord had the highest
heterogeneity (Figure 3). We noted that, in Balsfjord, the dissimilar-
ity of communities increased with the distance between samples,
indicating a gradual increase in fish species segregation. Coherently
with other studies, our findings support the concept that eDNA can
be used to measure heterogeneity of ecosystems (Wood et al., 2021).
For instance, Fraija-Fernandez et al. (2020) found that both methods
(i.e., eDNA and trawling) tended to be more different when sampling
stations were further apart.

We found significant difference of community dissimilarity
in horizontal distance (Figure 6a) for surface and pycnocline com-
munities. This indicated that with increase in spatial spread of
sampling stations the dissimilarity increased for the latter commu-
nities. However, for bottom communities, these differences were
not found to be significant, thus indicating that such communities
remained spatially homogeneous although the spatial spreading of
sampling stations increased. Such results demonstrate that the bot-
tom layers can deposit DNA and thereby inferring a wider timespan
of biological occurrence as mentioned above (Mestre et al., 2018).
Subsequently, we noted that the most efficient sampling design—the
highest dissimilarity within the ecosystem given the total dissimi-
larity of the ecosystem—was observed for samples obtained 26 km
apart from each other when deploying bottom and pycnocline sam-
ples, and 40km when deploying surface samples.

As no previous studies have been conducted in marine environ-
ments regarding spatial changes of dissimilarity, it is challenging to
cross-validate our conclusions. However, Zhang et al. (2020) sur-
veyed eDNA sampling design in a lentic system and found a spatial
autocorrelation on samples up to 2km apart. Although marine envi-
ronments are more complex compared with lentic ones, their finding
aligns with the concept of increased heterogeneity with increasing
distances between samples. Moreover, Andruszkiewicz et al. (2019)
reported that eDNA, on average, spreads until about 10km after
7 days (when including the settling process) and furthermore esti-
mated that, when in a moderate decay scenario, its source of origin
can be <20km. Incorporating those findings into our research, we
have reasons to think that eDNA transport can influence the detec-
tion of heterogeneity in metabarcoding studies in ways that we have
aforementioned. Nevertheless, we encourage follow-up studies on
this topic as it can advance state of the art for eDNA metabarcoding
applications in biomonitoring.
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In short, we indicated that deploying sampling stations at such
distance range from each other would yield the highest community
dissimilarity within an ecosystem while avoiding unnecessary sam-
pling. Note that we did not have high statistical power to precisely
conclude the homogeneity of samples very close to each other
(n=3) or very far apart from each other (n=4); therefore, we ex-
press the need for similar studies with an increased number of sam-
pling stations. Moreover, our study design is limited to only three
subarctic fjords with no repetition over the years and no changes in
seasonality. Considering our findings, future studies should account
for different ecosystems and include different seasons.

With the current rate of biodiversity loss in a climate crisis sce-
nario, the need for more frequent sampling is increasing, therefore
maximizing the efficiency of eDNA metabarcoding (i.e., reducing
the unnecessary sampling while retaining the ability to detect dif-
ferences in fish compositions) can enable monitoring agencies to
increase their biomonitoring frequency. Reducing the amount of un-
necessary sampling and the costs associated while still maintaining
robust fish ecological inferences can foster the adaptation of eDNA
metabarcoding into biomonitoring of coastal fish and ecosystem-

based management.

5 | CONCLUSIONS

Qualitative and semiquantitative approaches to analyze eDNA
metabarcoding data drastically differ in their efficiency to detect
differences in communities between fjords. Thus, recommenda-
tions on a suitable number of samples and their spatial distribution
to efficiently detect such differences is heavily dependent on the
data treatment approach. For this reason, we stress the differences
between the two approaches. Our results suggest that a semi-
quantitative approach has significantly higher efficiency to detect
community differences from eDNA metabarcoding compared with a
qualitative approach. Finally, our results showed that spreading the
sampling stations ~30km apart and avoiding sampling of the pycno-
cline can be sufficient for capturing fish community differences or

changes in subarctic fjords when using a semiquantitative approach.
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Abstract
1. Environmental DNA (eDNA) detection employing quantitative PCR (qPCR) and droplet digital

PCR (ddPCR) offers a non-invasive and efficient approach for monitoring aquatic organisms.
Accurate and sensitive quantification of eDNA is crucial for tracking rare and invasive species,
and for understanding the biodiversity, abundance, and distribution of aquatic organisms.

This study assesses the sensitivity and quantification precision of quantitative PCR (qPCR) and
droplet digital PCR (ddPCR) for eDNA surveys through Bayesian inference, using latent
parameters from both standards of known concentration and environmental samples across
three teleost fish species assays.

The results showed that ddPCR offers higher sensitivity (detection probability) and
quantification precision (lower variance) than gPCR particularly at low DNA concentrations
(< 1 copy/pL). These findings highlight the superior performance of ddPCR for eDNA
detection at low concentrations and guide researchers toward more reliable methods for
effective species monitoring.

We found that a two-step (detection and concentration) model increased the precision of g°PCR

results.
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Introduction

Environmental DNA (eDNA) - DNA that is released into the environment by living organisms through
various means, such as skin shedding, faeces, urine, and mucus secretion - has emerged as a powerful
tool for detecting and monitoring aquatic organisms (Taberlet et al., 2012). The detection of eDNA in
water or soil samples can provide a non-invasive and efficient way to detect the presence of aquatic
organisms (Wood et al., 2021), including rare, cryptic, or invasive species (Keller etal., 2022). Accurate
guantification of eDNA is essential for reliable interpretation of ecological data such as population
monitoring, biodiversity assessment and species detection for invasive species monitoring (Sassoubre
et al., 2016). The most common used methods for eDNA quantification in marine and lentic and lotic
systems are quantitative PCR (gPCR) and droplet digital PCR (ddPCR). These quantitation techniques
have diverse applications such as clinical microbiology and environmental DNA studies. In clinical
microbiology, gPCR and ddPCR can be used to detect and quantify specific pathogens, aiding in the
diagnosis and treatment of diseases. In environmental DNA studies, these techniques can assist in
detecting biodiversity changes, tracking the spread of invasive species or monitoring the abundance of
endangered species. Here, we compare these two methods with regard to (1) detection sensitivity, and

(2) quantification precision using laboratory standards and environmental samples.

Quantitative PCR (gPCR) with hydrolysis probes uses both template-specific oligonucleotide primers
and a fluorescently labelled oligonucleotide probe, all of which bind specifically to the DNA target.
The amount of fluorescence that accumulates in real-time during the PCR amplification process is
proportional to the amount of DNA target present in the sample. During PCR, the cycle threshold value
(Ct; cycle number at which the fluorescence signal generated by the probe in the PCR reaction reaches
a threshold above background levels) is determined, providing an indirect measure of the amount of
target DNA in the sample. For quantification of a DNA target from unknown samples, gPCR relies on
parallel analysis of standard samples with known concentrations of DNA fragments as reference points
(S. C. Taylor et al., 2015) typically consisting of synthetic DNA fragments that match the target DNA
sequence. A standard curve relating Ct values to incremental changes in DNA concentration is
calculated, and quantification of unknown samples is achieved by extrapolating the amount of
fluorescence emitted by the unknown samples (or indirectly measured as Ct values) to the
corresponding nominal concentration on the standard curve. gPCR is highly sensitive and specific, but
heavily dependent on the standard curves which are themselves subject to substantial technical variation

due to pipetting error.

Droplet digital PCR (ddPCR) is a DNA quantitation technique that involves partitioning a sample into
oil-encapsulated nano droplets, each of which constitutes of independent PCR reaction. Partitioning
aims to create a large population of nano droplets with a predictable distribution of droplets containing

zero, one or several copies of the target DNA. Amplification of the target DNA fragment within each
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individual droplet during PCR results in fluorescence signal accumulation at the end of PCR, which can
then be measured in all individual droplets using microfluidic droplet detection. Dependent upon the
magnitude of fluorescence signal (measured at the end of the PCR), each droplet is then counted as
either a positive or a negative detection event for the target DNA. Template DNA quantity is estimated
based on the proportion of the positive droplets relative to the total number of droplets (B. J. Hindson
et al., 2011), with no standard curve necessary. Through this mechanism ddPCR is absolute and non-
reliant on standard curves as the quantification relies on DNA distribution in droplets (S. C. Taylor et
al., 2015).

Both methods measure concentration, and so results of the two methods are strongly and linearly
correlated (Campomenosi et al., 2016; Jerde et al., 2016; Nathan et al., 2014; Verhaegen et al., 2016).
However, ddPCR has shown higher sensitivity (detection probability) in clinical microbiology
(Campomenosi et al., 2016; S. C. Taylor et al., 2015) and environmental molecular ecology (Jerde et
al., 2016), and ddPCR consistently estimates template concentration more precisely than gPCR (C. M.
Hindson et al., 2013; S. C. Taylor et al., 2015). This pronounced difference has been attributed primarily
to ddPCR being less susceptible to inhibition than gPCR (Mahendran et al., 2020). Several studies have
attempted to circumvent inhibition of qPCR by modifying reaction chemistry. For example, C. M.
Hindson et al. (2013) used ABI and Bio-Rad Master Mix for qPCR, while Doi et al. (2015) used
Environmental and Universal Master Mix containing AmpliTaq DNA polymerase variants that are less
prone to inhibitors to improve sensitivity and concentration accuracy. Additionally, S. C. Taylor et al.
(2015) delved into the differences within and between gPCR reactions as part of assay optimization
effort. Although substantial attention has been given to laboratory techniques and chemical solutions to
enhance sensitivity and accuracy by these methods, particularly for gPCR, little emphasis has been
placed on developing mathematical approaches to provide higher sensitivity and quantitative precision
and accuracy. Although technical replication is often used to gauge performance sensitivity and

precision, it is often under-utilized for enhancing measurement accuracy (C. M. Hindson et al., 2013).

The aim of this study is to empirically assess the sensitivity, and quantification precision, of qPCR and
ddPCR quantification methods using improved concentration estimation formulas applied to eDNA
samples. In the case of gPCR, we adopt the framework used in McCall et al. (2014) and Shelton et al.
(2022), while for ddPCR, we refine quantity estimations via a model that makes use of the relationship
between the binomial and Poisson distributions (B. J. Hindson et al., 2011). We present a Bayesian
inference approach designed to independently model DNA quantities for gPCR and ddPCR using
samples with known DNA concentrations (standards, ranging from 10 - 10* copies/uL) alongside
environmental samples for three different teleost fish assays. In addition, this study aims to identify
limitations or biases associated with new formulas designed for enhanced concentration estimation, and

to provide recommendations for optimizing quantitative eDNA protocols in future studies.
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Methods

eDNA water sampling, filtration, extraction.

We surveyed a total of twelve and eight distinct sampling locations over the span of three and two years
in Balsfjord and Frakkfjord, respectively, on the R/V Kristine Bonnevie, as part of Norwegian coastal
surveys. For each sample, we filtered 2 L of seawater. The filters were sealed into sterile 50 ml Falcon
centrifuge tubes and stored at -20 °C until transported to laboratory facilities and preserved at -80 °C
until extraction. For more details regarding these workflows see Guri et al. (2023). Negative controls
were taken at every station to indicate potential contamination. We used DNeasy PowerWater Sterivex
Kit (Qiagen GmbH) to extract the eDNA as described in (Guri et al., 2023)

Standard samples

The DNA from tissue samples of Gadus morhua (Atlantic cod, hereafter “cod”), Clupea harengus
(Atlantic herring, hereafter “herring”), and Pollachius virens (saithe) was extracted using the DNeasy
Blood & Tissue Kit (Qiagen GmbH, Hilden Germany). To create standard samples, we amplified the
103-bp region of the ATPase and cytochrome b regions for cod and saithe, respectively, using specific
primers (Table 1) with the thermocycler program: an initial 5 min at 95 °C, followed with 40 cycles of
1minat95°C, 1 minat62 °C, and 1 min at 72 °C, and a final phase at 72 °C for 10 min. The reactions
were run on SimpliAmp Thermal Cycler machine (Thermo Fisher Scientific). We performed a total of
24 reaction (8 per each species), each in 25 puL volume including 12.5 pL of TagMan Environmental
Master Mix 2.0, 1.25 pL of each of forward and reverse primers (10 nM concentration each), 8 pL of
RNA-free water and 2 pL of genomic DNA template for the above-listed species. The PCR products
were thereafter examined by gel electrophoresis, and replicate reactions with the expected product size
were pooled for subsequent purification, wherein primer-dimers were eliminated using the MinElute
PCR Purification Kit (Qiagen GmbH, Hilden Germany). The DNA concentration in the pooled samples
was measured using Qubit quantification system using the High Sensitivity dsSDNA assay. The samples
were converted from mass per volume (ng/pL) to copies per volume (copies/pL) using the fragment
size of each marker. Subsequently, samples underwent a series of 10-fold dilutions to achieve final

concentrations ranging from 10 — 10° copies/pL (nine orders of magnitude).

gPCR

Prior to running all the samples (environmental n = 1010 and standard samples n = 247), assay
optimization was conducted to achieve satisfactory amplification efficiency (see Fig. S1). All gPCR
samples were analysed on an Applied Biosystems 7500 Fast real-time PCR System machine (Thermo
Fisher Scientific) using the thermocycler protocol of 10 min at 95 °C for denaturation followed by the
cycling stage of 42 — 52 cycles of 15 sec at 95 °C and 1 min at 58 °C. Cod assays were duplexed with

either herring or saithe assays for samples in Balsfjord or Frakkfjord, respectively. 5’-hydrolysis probes
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were labelled with 6-FAM for cod detection, JOE for herring detection or Cy3 for saithe detection
(Table 1), and all probes were modified at their 3’-end with the quencher moiety BHQ1. All
thermocycler reactions were run in 20 pL volume consisting of 10 pL of TagMan Environmental Master
Mix 2.0, 1 pL of each primer (forward and reverse, 10 nM concentration each; see Table 1), 0.5 pL of
probe (10nM concentration), 3 uL of dH20 and 2 uL of DNA template. Negative controls were run
together with the samples. Duplexed standard dilution series containing 10 — 10° copies pL*? of
purified target fragments were included in all gPCR plates to generate standard curves and verify

performance consistency between qPCR runs.

ddPCR

Prior to running the environmental samples, ddPCR assays were optimized by testing different
primer/probe concentrations and annealing/elongation temperature gradients to identify the conditions
that resulted in the highest fluorescence difference between positive and negative droplets. Herring (6-
FAM) or saithe (6-FAM) assays were run in duplexed reactions with the cod (VIC) assay on samples
from Balsfjord or Frakkfjord, respectively. Duplex cod/saithe ddPCR reactions consisted of 11 pL of
ddPCR Supermix with no dUTP (Bio-Rad), 11.9 pmol of each primer, 3.5 pmol of probe, 0.04 yL of
RNA-free water, and 5.5 pL of DNA template. For duplex cod/herring assays we used similar volumes
of Supermix, DNA template, and cod primers and probe, and for herring we used 4.4 pmol of forward
primer, 1.32 pmol of reverse primer, 4.4 pmol of probe and 2.35 uL of RNA-free water. Total volume
of prepared for all ddPCR reactions was 22 L, from which 20 pL were pipetted to the reaction well to
ensure volume precision. Droplets were generated according to manufacturer instructions, aiming for
20,000 droplets per reaction. Emulsion PCR was performed in a C1000 Touch Thermal Cycler with 96-
Deep Well Reaction Module (Bio-Rad) with a program of 10 min at 95°C, 44 cycles for 1 min at 95°C
and 2 min at 55.6°C, with a ramp rate of 2°C per s, followed by 10 min at 98°C and stored at 4°C. Room
temperature-equilibrated ddPCR plates were then analysed using a QX200 droplet reader (Bio-Rad).
Additional runs consisted of duplexed standard samples of nominal concentration ranging from 102 —

10* copies/pL using the same protocol and amplification program.

Table 1. Sequences for gPCR and ddPCR assays targeting 103-bp region of the ATPase gene of Atlantic
cod (Gadus morhua) and saithe (Pollachius virens), and cytochrome b sequence of Atlantic herring
(Clupea harengus). All gene regions belong to the mitochondrial DNA.

Target Primers Sequence Dye
Forward GAD-FII GCAATCGAGTYGTATCYCTHCAAGGAT (M. I. Taylor et al.,
2002)
Gadus Reverse GAD-R IlI GCAAGWAGYGGHGCRCADTTGTG

morhua (Nash et al., 2012)

gPCR probe Custom CTTTTTACCTCTAAATGTGGGAGG FAM
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ddPCR probe  Custom CTTTTTACCTCTAAATGTGGGAGG VIC

Forward Cluhar_CYBF14928 CCCATTTGTGATTGCAGGGG (Knudsen et al., 2019)
(Knudsen et al., 2019)
Clupea Reverse Cluhar_CYBR15013 CTGAGTTAAGTCCTGCCGGG
u
harengus
gPCR probe Cluhar_CYBP14949 TACTATTCTCCACCTTCTGTTCCTC JOE
ddPCR probe  Cluhar_CYBP14949 TACTATTCTCCACCTTCTGTTCCTC FAM
Forward Saithe-F GAATCCCAATAATTTTAATAGCCT Unpublished/Johansen
etal. 2018
Pollachi Reverse Saithe-R TCGATTGCTTAGTCATCGAGA Unpublished/Johansen
ollachius
. etal. 2018
virens
gPCR probe Custom TGATTACTCATCCCTACG Cy3
ddPCR probe  Custom TGATTACTCATCCCTACG FAM

Bayesian approach and statistics

Detection probability (i.e., sensitivity) between methods

We established the relationship between the starting DNA concentration and the probability of positive
target detection for both methods (QPCR and ddPCR) independently using standard samples of known
concentration by using the logistic regression model:

Zix~Bernoulli(8;,)(1.1)
logit(8ix) = 0; + (1; X Sy )(1.2)

where Z is the binary outcome for sample aliquot (k) of a target (i) being present or absent following a
Bernoulli distribution given the probability of detection 8. The parameters ¢0 and ¢ indicate the
intercept and the slope respectively in the logistic function with the logio nominal DNA concentration
in copies/uL (S) as the independent variable. Subsequently, we compared the differences in

probabilities of detection (0ik) between the two methods across the range of tested concentrations.

Quantity precision estimation between methods

To estimate qPCR-modelled concentrations, we employed the approach formulated by McCall et al.
(2014) and Shelton et al. (2022). In short, the model combines the use of a detection probability model
(based on the technical replicate of samples, equation 1.1 — 1.2) and the continuous model (equation
1.3 — 1.5) jointly, to evaluate the starting DNA concentration. To estimate ddPCR-modelled
concentration, we used Poisson statistics (Hindson et al., 2013; equation 3) in the form of cloglog
transformation (equation 4) as follows:

_—In(1-w)
C=———0

In(C) = cloglog(w) + In(V) (4)
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where C is the starting DNA concentration in the sample in copies/pL, o is the proportion of positive
droplets, and V is the ddPCR oil droplet volume. We assume that the number of positive droplets (W)
follows a binomial distribution with probability of success (w) given the total number of droplets
generated (U; equation 2.1). Following equation 4 we establish a linear relationship between o and
starting DNA concentration (C_d; or S for nominal DNA concentration) using an intercept and a slope
k0 and k1 respectively (equation 2.2). In our formulation, we aggregate the ratio of positive droplets

from all the technical replicates of a sample (see more in discussion).

Known concentrations Unknown concentrations
(standard samples) (environmental samples)
Zi~Bernoulli(8;,)(1.1.1) Z;ji.~Bernoulli(6;;)(1.1.2)

logit(0;x) = ¢0; + (¢1; x Sy )(1.2.1) logit(8;;) = 0; + (p1; X C_q;;)(1.2.2)

gPCR ]
del Yie~Normal(u, 01)if Zy = 1(1.3.1) Yijx~Normal(w;j, 0;)if Zij, = 1(1.3.2)
mode
tix = BO; + (B1; X Sy )(1.4.1) uij = BO; + (B1; x C_q;j)(1.4.2)
o; = e(V0+(Y1><5ik))(1,5.1) o; = e(Y0+(Y1XCij))(1.5_2)
ddPCR Wi ~Binomial(wj, Uy)(2.1.1) Wijk~Binomial(w;x, Uy) (2.1.2)

model  cloglog(wy) = k0; + (k1; X Sy )(2.2.1) cloglog(w;;) = k0; + (k1; X C_d;;)(2.2.2)

We denote S and C as the logio hominal concentration and unknown concentration from standard
samples and environmental samples respectively where i, j and k indicate species (target assay), eDNA

sample (eDNA filter), and sample aliquot (technical replicate).

The two parts of the qPCR model (equation 1.1 — 1.5) were run jointly, but independently from the
ddPCR model (equation 2.1 — 2.2). To assess the robustness of the methods studied, we calculated and
compared the uncertainty of each model for eDNA quantification. We determined the uncertainty
(quantification precision) as the difference between the 2.5 and 97.5 % credible intervals of the

modelled concentration (C_gij and C_d;; for g°PCR and ddPCR, respectively).

Furthermore, we explored the potential benefits of incorporating the detection probability model
(equation 1.1 - 1.2) alongside the continuous model (equation 1.3 - 1.5) for improving the quantification
precision and accuracy (the latter it is not estimated in this article) of gPCR. To achieve this, we ran the

continuous model independently and in conjunction with the detection probability model, measuring



204
205
206

207

208
209
210
211
212
213
214
215
216
217
218
219
220

221
222

223
224
225
226

the variance in each scenario. Subsequently, we compared the precision variances to assess the

enhanced value introduced by the detection probability model.

Results

Sensitivity of methods

All the DNA concentrations hereafter are expressed per 20 uL reaction volume, thus 1 DNA copy in a
20 pL reaction = 0.05 copies/uL reaction volume (ca. 10 copies/L; see also Fig. 4). The sensitivity
for ddPCR standard samples showed on average a 50% detection probability at 10 copies/uL for all
assays (Fig. 1a). Conversely, the gPCR results indicated a lower probability of detection compared to
ddPCR. Specifically, for the cod and herring assays, the 50% detection probability was observed at a
concentration of ca. 10°7 copies/uL, while for the saithe assay, it was indicated at 10° copies/uL for
gPCR assays (Fig. 1a). A comparison of detection probabilities for the two methods revealed that
ddPCR had a higher probability of detection for concentrations ranging from 102 to 10° copies/uL for
all target species (Fig. 1b). Notably, when deducting the gPCR detection probability from that of
ddPCR, cod and herring assay of ddPCR exhibited a 60% higher detection probability at DNA
concentrations of 10°%, while saithe showed 80% higher detection probability when compared to gPCR
(Fig. 1b).
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Figure 1. Sensitivity of (a) ddPCR and gPCR for three assays (cod = red, herring = blue, and saithe =
orange) shown as modelled detection probability as a function of nominal DNA concentration.
Difference of detection probability (b) between ddPCR and gPCR is also shown over the eDNA
concentration where positive values indicate higher ddPCR detection probability and zero indicates
similar detection probabilities between the two employed methods.
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Quantification precision of methods

gPCR and ddPCR model estimates of starting DNA concentration in environmental samples were
positively correlated (Fig. 2a). The gPCR model slightly underestimated the starting DNA
concentration (C_g; from equation 1.2 and 1.4) for cod detection relative to ddPCR model, while it
overestimated starting DNA concentrations for herring and saithe detection. Consistent with the
sensitivity analysis above, ddPCR vyielded fewer negative detections from environmental samples
(n=38) compared to qPCR (n=86). Both methods estimated fewer than 107 target copies/uL for all
negative samples. Furthermore, the qPCR model exhibited a wider credible interval range (lower
precision for estimating starting DNA concentration) for all assays and template concentrations (Fig.
2b). The gPCR variability in estimated starting DNA concentration was inversely correlated with DNA
concentration, indicating a positive relationship between precision and target concentration. For the cod
assay in particular, the variability was indicated to be one order of magnitude, while for herring and
saithe, it was approximately two orders of magnitude (see the difference between dashed line and dotted
line in Fig. 2b).
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Figure 2. Comparison of modelled quantities between gPCR and ddPCR and their credible interval
(grey bars) for three assays (cod = red, herring = blue, and saithe = orange; a). Concentration below
107 for both methods are considered non-detect. The difference between ddPCR and qPCR credible

intervals is also shown (b) and grey shade for its variance.

The modelled cod and saithe ddPCR parameters («0 = -7.07 and k1 = 2.3 from equation 2.2, Table S1)
mirrored default parameters for ddPCR (default Poisson statistics in QuantSoft software; Fig. S3).
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Conversely, the modelled parameters for herring detection were higher than the aforementioned assays
(k0 =-7.54 and 1 = 2.24, Table S1).

Two-step model of qPCR quantification precision

When estimating the additive value of the detection probability model with the continuous model for
gPCR, results indicate that the quantification precision (expressed as variance) for continuous model
alone was lower (i.e., higher variance) than the precision when models were run jointly (detection
probability + continuous; Fig. 3). We observed an increase in quantification precision by an average
0.5 orders of magnitude for samples with starting DNA concentrations lower than 102 copies/uL (Fig.
3b).
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Figure 3. Quantitation precision (expressed as the quantification variance) of continuous model (plus
symbols) and joint model (continuous and detection probability model for gqPCR; dots symbols) for
three assays (cod = red, herring = blue, and saithe = orange; a) and their difference in precision (b;
crosses symbol).

Lower and upper limit of ddPCR detection and quantification

In contrast to gPCR, ddPCR has estimable lower limit of detection and quantification, which is defined
as a single positive droplet from the pool of generated droplets (U). The lower limit of detection is
calculated in following equation derived from equation 2.2:

cloglog(1/U) — k0
lOQlO(Cthreshold) = k1l

where Cinreshold IS absolute concentration (copies/pL) lower limit of detection and quantification. Given

that many of the parameters involved in ddPCR workflow are constrained, the most efficient way to

10
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decrease the limit of guantification is by increasing the number of droplets generated and analysed.
Since each droplet in ddPCR acts as an independent end-point PCR reaction, increasing the number of
“amplification replicates” of the sample by increasing the number of droplets expands the ranges of

both upper and lower limits of detection and quantification (Fig. 4).

Assay

—e— Gadus morhua

—e— Clupea harengus
Pollachius virens

Lower threshold
Logy concentration (copies/uL)

.2 3 4
7 10 1 3 5 7 10

1 3 5 7 10 1 3 5
Number of replicates

Figure 4. The lower limit of ddPCR quantitation as a factor of number of replicates for three assays
(cod = red, herring = blue, and saithe = orange).

Discussion

Sensitive and precise quantification of eDNA is essential for understanding the presence, distribution,
and abundance of aquatic organisms, and for informing management decisions related to biodiversity
conservation, invasive species control, and ecosystem health. Estimating the sensitivity and precision
of quantitation methods can provide guidance to researchers in choosing the most effective techniques
for quantifying organisms of interest. The current study compared the sensitivity and precision of g°PCR
and ddPCR for estimating starting DNA concentration using three detection assays for important teleost
fish species. This study showed that ddPCR outperformed gPCR by showing higher sensitivity and
precision, especially at low DNA concentration (102 — 10° copies/uL), typical of environmental DNA

concentrations.

Comparison between qPCR and ddPCR (i.e., sensitivity and quantification precision)

This study represents a first comparison of gPCR and ddPCR detection platforms with regard to
empirical and modelled performance indicators. While our findings align with those of prior research,
we independently quantify the sensitivity and the quantification precision of these methods through
empirical measurements. Although the results found in this study are consistent with previous findings,
here we empirically measure methods’ sensitivity and quantification precision. One study concluded
that gPCR detection loses precision at starting DNA concentration lower than 10° copies/uL

(Mahendran et al., 2020). Concentrations lower than this lead to an increased coefficient of variation

11
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(CV) that surpasses the limit of detection for gPCR (C. M. Hindson et al., 2013), thus introducing the
risk of false negative detections (McCall et al., 2014). Our results provide empirical evidence that
ddPCR has higher sensitivity than gPCR for concentrations lower than 10° copies/pL. This may be
attributed to the fact that ddPCR is based on end-point detection, which circumvents issues related to
PCR inhibition and variation in amplification efficiencies prior to reaching amplification plateaus (S.
C. Taylor et al., 2015; Yang et al., 2014). Verhaegen et al. (2016) have shown that ddPCR and qPCR
(when using Environmental Master Mix) are not affected by the PCR inhibition (induced as bile salt).
However, their standard sample target concentration was relatively high (10% copies/uL) and thus may
not accurately reflect patterns at the low concentration (102 — 10° copies/pL) which are often observed

in eDNA-based surveys.

Despite higher ddPCR detection sensitivity at low target concentrations, we observed a positive
correlation between starting DNA concentration estimates for gPCR and ddPCR, in agreement with
findings from previous studies (Campomenosi et al., 2016; Doi et al., 2015; Jerde et al., 2016; Nathan
etal., 2014; Tang et al., 2016). While we did notice slight differences between assays, both approaches
provided similar overall estimates of concentration. However, when considering the precision of each
method, we found that ddPCR outperformed gqPCR in estimating quantities by half to one order of
magnitude across all concentrations. This may again be attributed to the endpoint nature of ddPCR,
which avoids the stochastic variation that can occur between cycles of DNA amplification. One of the
explanations for low detectability and higher variance of gPCR could be the low amount of DNA
template used in such reactions. Although Takahara et al. (2015) concluded from their experiments that
using 2 uL of DNA template showed higher detection rate due to less PCR inhibition (Doi et al., 2015;
Tang et al., 2016). As eDNA extracts vary greatly in content of PCR inhibitors, it is difficult to make
general statements about template volume and potential negative impact on PCR amplification
efficiency. In the present study, the extent of observed platform-dependent variance depended on the
assay in question, with the cod assay showing lower variation between the two methods compared to

the herring assay.

ddPCR (non)reliance external calibration

Although studies have stated that the advantage of ddPCR is freedom from the standard curves
(typically required for gPCR; Verhaegen et al., 2016), our ddPCR results indicate an assay-specific
difference in the relationship between positive droplets and nominal concentrations of different assays
(Fig. S3). We can assume from equation 2 and 4 that «0 ~ -In(V) and k1 = In(10). Given our estimates
for the latent parameters (Table S1) we conclude that a single droplet volume for cod and saithe assay
(as well as for default ddPCR calculations) is ~ 0.00085 pL. Parameters of herring assay indicated a
droplet volume 1.6 times smaller than those of cod and saithe (~ 0.00054 pL). Such values would, by

extrapolation, indicate that fewer DNA molecules are being encapsulated into a single droplet, or the

12
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droplets generated for herring detection were smaller. However, droplet metrics indicated similar
numbers of accepted (positive + negative) droplets for all three assays (data now shown), which
challenges the possibility that herring droplets were smaller. Additionally, we noticed that fluorescence
amplitude for herring was significantly higher compared to the other two assays (Fig. S4) yet unable to
explain how that can affect our parameters. Subsequently, DNA degradation of herring standard
samples (see the difference between nominal and measured herring standard concentration in Fig. S2)
could potentially explain the difference between nominal and known concentrations, thus altering the
parameters of our model (Fig. S3). We suggest that standard curve inclusion during ddPCR assay
optimization may be a useful supportive tool to increase understanding of ddPCR assay behaviour and

allow targeted calibration measures to improve application precision and accuracy.

Our analysis showed that the default calculations in the QuantaSoft ddPCR software tend to
overestimate low DNA concentrations from standard samples (Fig. S2). We denote that in scenarios
when quantitation accuracy is paramount, the inclusion of standard samples may become instrumental
for attaining the necessary level of accuracy. This can be done using the models described here with
adoption of xlogx function in equation 2.2 which can additionally account for the low concentration
tilt. Conversely, in situations where accuracy is not the primary focus of the study, resorting to the
default ddPCR software calculations, or employing the cloglog transformation of the proportions of
positive droplets, remain acceptable alternative approaches. It is essential to recognize that, in the latter

case, any overestimation by ddPCR will be uniform across all samples.

Conclusion

This study provides valuable insights into the strengths and limitations of gPCR and ddPCR methods
and help to inform best practices for eDNA research and monitoring in the future. We find that ddPCR
has higher sensitivity and precision at low DNA concentrations, which are of particular relevance for
eDNA-based detection surveys. Furthermore, we recommend the use of standard samples when
optimizing ddPCR assays as it increases understanding of assay technical performance and facilitates
troubleshooting when assay efficiency is unsatisfactory. We show that implementation of a gPCR
detection probability model, when used jointly when the continuous model, improves quantification
precision. We strongly encourage the use of technical replicates not only as a tool to increase the
precision and accuracy of measurement but also as means to reduce statistical uncertainty of detection

at low target concentrations.
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472  Table S1. Latent parameters estimate for three assays (cod, herring, and saithe) for both models (joint
473  gPCR model and ddPCR model) implemented through Bayesian statistics (equation 1 and 2).

Cod
Herring

Saithe

474

Mean parameters estimates + standard deviation

gPCR ddPCR
a0 al B0 B1 «0 kl
222+019 135+0.13 38.01+0.12 -3.38+0.02 -7.05+£0.01 2.30+0.00
0.87+0.20 2.09+0.29 40.32+0.13 -3.23+0.02 -7.52+0.02 2.24+0.00
042+0.20 131+0.24 3858+024  -3.09%0.05 -6.99+0.02 2.26+0.01
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Abstract

Quantifying the abundance (i.e., biomass or number of individuals), diversity, and distribution of marine
species is a critical aspect of understanding and managing marine ecosystems. In recent years, there has
been growing interest in using environmental DNA (eDNA) for marine ecosystem management and
biodiversity assessment. However, the main challenge for hindering its applicability towards ecosystem
management has been the inability to infer absolute species abundances from eDNA metabarcoding. In
this study, we demonstrate a way forward by estimating the abundance of commercially important fish
species in a Norwegian fjord using a joint Bayesian statistical model of traditional trawl-catch data and
molecular data derived from eDNA. Using this model, we accurately predicted out-of-sample trawl
catches using eDNA alone. Moreover, our model provides empirical estimates for key processes linking
marine eDNA concentration to the fish population abundance estimated from trawl observations (i.e.,
trawl catchability, DNA shedding, degradation, dilution, transport, recovery rate, and isolation
efficiency). These findings have broad implications for the use of eDNA in marine ecosystem

management and conservation efforts.
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Introduction

Quantifying the abundance, diversity, and distribution of species is a fundamental component of natural
resource management and conservation (Preston, 1948; Jetz et al., 2012; Hill et al., 2014; Thomsen et
al., 2016; Callaghan et al., 2021; Farr et al., 2022). Traditional survey methods (i.e., scientific, and
commercial trawl catches, close kin mark-recapture, telemetry, hydro-acoustics, and electrofishing
surveys) have been widely used to gather ecological data and form the foundation for most fisheries
management and conservation (Fraser et al., 2007; Neebling and Quist, 2011; Crossin et al., 2017; Lees
et al., 2021). However, these methods are invasive, and a few have a net negative ecological impact
(Biju Kumar and Deepthi, 2006; Eigaard et al., 2017). Furthermore, several of these methods are cost-
intensive, labour intensive, typically require specialized expertise, and may be unsuitable for specific

habitats (Lacoursiere-Roussel et al., 2016).

In recent years, there has been an increasing focus on the application of molecular tools, such as
environmental DNA (eDNA), for quantifying species abundance and conducting biodiversity
assessments (Thomsen et al., 2012). Despite the recent technological advancements, eDNA has not yet
reached the level to fully replace traditional surveys for fish ecosystem monitoring and stock
assessments. However, the integration of eDNA surveys with traditional methods can increase our
understanding of marine ecosystems (Valdivia-Carrillo et al., 2021; Pont et al., 2022), fisheries
management (Stoeckle et al., 2021), and conservation (Hill et al., 2014; He et al., 2023). By combining
these two survey types, we can obtain more comprehensive and accurate information on the species
distribution, including elusive species that may not be captured by traditional trawl surveys (Schadewell
and Adams, 2021; Veron et al., 2023). This becomes especially pivotal when considering the ecological
repercussions of trawl surveys, including adverse effects on non-target species and vulnerable benthic
habitats (Lacoursiére-Roussel et al., 2016). The integration of eDNA and trawl data can help to address
some of the drawbacks of traditional survey methods, such as their high costs, invasive nature, and
reliance on taxonomic expertise (Closek et al., 2019; Pont et al., 2022; He et al., 2023; Veron et al.,

2023), thereby mitigating the dependence on the latter survey method (Valdivia-Carrillo et al., 2021).

The “eDNA metabarcoding” — molecular identification of multiple species simultaneously — is now
used to detect species, infer community composition, biodiversity changes, and ecological shifts due to
anthropogenic impacts (Hansen et al., 2018; Jeunen et al., 2019; Atienza et al., 2020; Larson et al.,
2022). Recent studies have highlighted the power of eDNA to reveal fine-scale changes and differences

in eukaryotic communities (Turon et al., 2022; Guri et al., 2023).

Despite the potential of eDNA as a method for understanding marine ecosystems, there are still several
challenges that need to be addressed (Ramirez-Amaro et al., 2022). Due to PCR stochasticity and

species-specific amplification efficiencies, especially when using universal markers (i.e., 12S, 16S or,
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COlI), metabarcoding methods generally do not reflect absolute concentration of eDNA, typically due
to the data being compositional in nature thus providing only inferable proportions (Kelly et al., 2019).
Consequently, to date, the quantitative assessment of biomass or the abundance of targeted organisms

remains elusive (Rourke et al., 2022).

Such constraints have significantly hindered the broader adoption and integration of eDNA
metabarcoding methods in cross-disciplinary fields such as fisheries, conservation biology, and

ecosystem-based management (Ramirez-Amaro et al., 2022). Species-specific quantitative PCR

employed ddPCR and found eDNA concentrations can represent fish abundance and biomass for two
commercial flatfishes (Solea solea and Pleuronectes platessa). In context of ecosystem based
management (multiple species), species-specific methods can be more expensive and less efficient
compared to metabarcoding (multi-species), primarily due to the requirement for prior knowledge or

isolation of the target species (Schneider et al., 2016).

With respect to fish communities (multi-species data), eDNA metabarcoding has advanced rapidly.
Several studies have shown positive relationships between eDNA metabarcoding data and trawl data
(Thomsen et al., 2016; Afzali et al., 2021; Stoeckle et al., 2021; Yates et al., 2022). Despite variation
in methods, nearly all studies rely on high-throughput sequencing reads of some sort for comparison
with trawl data. It is important to acknowledge that such comparisons inherit considerable biases
embedded at multiple levels (i.e., PCR bias, species-specific DNA shedding rates, and environmental

factors), potentially leading to inaccuracies in the results. Even when accounting for species-specific

proportional metabarcoding reads to proportional abundances from bottom trawls and observed a
positive correlation when comparing across different months (mean R? = 0.565). Such evidence
indicates that metabarcoding reads (without any type of transformation accounting for PCR biases)
cannot yield absolute abundance but can reveal information of rank or semiquantitative abundances
(Salter etal., 2019; Stoeckle et al., 2021; Guri etal., 2023; Veron et al., 2023), which may be an inherent
eDNA metabarcoding with qPCR (multiplying metabarcoding relative read-abundances with total

gPCR fish DNA concentration) and found strong correlation between total DNA concentrations and
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total fish biomass measured through traditional electrofishing in river systems. However, when
comparing metabarcoding with the species-specific DNA concentration, they found roughly two orders
of magnitude variation, which may have resulted from differences in species-specific amplification
metabarcoding while accounting for species-specific amplification biases by sequencing mock
community samples (known concentration of DNA extracts for a given list of taxa) alongside
environmental samples. To further improve the application of these models, additional information is
required that can go beyond proportions and deliver absolute concentration from metabarcoding data.
Addressing all aforementioned challenges will be critical to the effective application of eDNA

metabarcoding in ecological research.

In this study, we developed a comprehensive and reliable framework for analysing eDNA data in
conjunction with other ecological data sources (i.e., trawl catch data) to improve the quantitative
accuracy of metabarcoding analyses and provide a more holistic understanding of aquatic ecosystems.
Our Bayesian joint model framework integrated eDNA concentrations (from eDNA metabarcoding and
ddPCR) with fish density from trawl surveys (Figure 1) to provide estimates of biological parameters
of interest (e.g. biomass) and parameters describing the links between eDNA and traditional sampling
data. Additionally, using these links, we show how we can predict out-of-sample trawl catches solely

using eDNA observations.

Methods

We developed and joined five distinct datasets — trawl-catch counts, ddPCR observations of known
concentration from standard samples for a reference species, ddPCR observations of unknown
concentration from environmental samples for the reference species, metabarcoding reads of mock
communities (a known mixture of DNA extracts from multiple species of interest), and metabarcoding
reads of environmental samples for target fish species — into a common analysis. Below, we describe
how each dataset was produced before providing detailed information on the joint statistical model and

subsequent analyses.

In brief, the model uses species-specific ddPCR and a mock community to both calibrate metabarcoding
results and to derive eDNA concentrations in environmental samples. We use this molecular dataset in
combination with traditional trawl data to estimate the true abundances of several species, and

rigorously test the resulting joint model against out-of-sample data to show its reliability.

Study area and samples
Balsfjord, northern Norway (Figure S1), has a length of 40 km and an average depth of 150 m with a

sill at the fjord’s entrance, and the archipelago limits the water exchange between the fjord and the
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Norwegian Sea (open sea). Nearly all high-latitude Norwegian fjords, including Balsfjord, are ice-free
and characterized by an Arctic light regime (Reigstad and Wassmann, 1996). GPS coordinates and other

metadata of sampling stations including GPS coordinates are provided in Table S1.

Trawl surveys

Study samples were collected on research cruises in October 2019, 2020, and 2021 on the R/V Kristine
Bonnevie as part of the Norwegian coastal annual surveys. The main aim of the survey is to collect data
for abundance estimation of Norwegian coastal cod (Gadus morhua) and Northeast Arctic saithe
(Pollachius virens) and catch count and weight of all fish species are recorded. Bottom trawl surveys
were conducted annually in four distinct stations in Balsfjord alongside eDNA samples (Figure S1).
Trawl surveys used a standard sampling trawl known as Campelen 1800 with an 80 mm (stretched)
mesh size in the front section and 22 mm in the codend. The trawl sweeps were 40 meters in length,
and rockhopper gear was employed. Sorting, weighing, measuring, and sampling of the catch were
performed according to the applicable instructions (Mjanger et al., 2019) by the Institute of Marine

Research crew.

eDNA water sampling, filtration, extraction

Water was collected prior to trawling in 5 L Niskin bottles attached to a rosette which was raised and
lowered using a deck-mounted winch at the established sampling station (Figure S1). At each station,
we filtered triplicates of 2 L of seawater through 0.22 um Sterivex filters (MerckMillipore) from three
depths, surface (10 m), pycnocline (depth of highest density, ~ 50 m) and bottom (10 m above bottom).
Each filter were transferred to sterile 50 ml Falcon centrifuge tubes and directly stored at -20 °C. DNA
extraction of water samples followed the manufacturer's protocol using the DNeasy PowerWater
Sterivex Kit (Qiagen GmbH, Hilden Germany), with minor adjustments (excluding PowerBead Tubes
field water and air blanks, laboratory blanks, and PCR blanks were taken throughout the workflow as
described in Shu et al. (2020).

Droplet digital PCR

Quantitative molecular assays targeting 103-bp region of the ATPase gene of Atlantic cod (Gadus
morhua, see Table 1) the cytochrome b sequence of the mitochondrial DNA (mtDNA) of Atlantic
herring (Clupea harengus, see table 1) were performed using droplet digital PCR (ddPCR) on seawater
samples (Table 1). Assays were optimized using different primer/probe concentrations and temperature
gradient to give the highest fluorescence contrast between positive and negative droplets. Herring and
cod ddPCR assays were run in duplex reactions using 6-FAM and VIC dedicated channels, respectively.
All ddPCR runs were conducted using a QX200 ddPCR system (Bio-Rad) where ca. 20,000 droplets

were generated on 20 pL reaction volumes. Each reaction used 5 pL of DNA template from



163  environmental samples, 10 uL of ddPCR Supermix with no dUTP (Bio-Rad), 900 nM of final
164  concentration of forward and reverse primers, and 250 nM final concentration of TagMan probe for
165  each assay (cod and herring respectively, Table 1). The thermocycler reactions were run in C1000
166  Touch Thermal Cycler with 96-Deep Well Reaction Module (Bio-Rad) using the PCR program as
167  follows: 10 min at 95°C for enzyme activation, followed by 44 cycles of denaturation for 1 min at 95°C
168  and primer annealing and elongation for 2 min at 55.6°C, with a ramp rate of 2°C per s, followed by 10
169  minat98°C and stored at 4°C. Alongside the environmental samples we ran standard samples of known
170  concentration from 102 — 10* copies/uL for each species to construct the relationship between positive
171 droplets and known concentration (see Table S2).

172

173 Table 1. Sequences for ddPCR assays targeting Gadus morhua and Clupea harengus (targeting 103-
174 bp region of the ATPase gene and cytochrome b sequence of the mitochondrial DNA respectively)

Target  Primers and probe Sequence 5'Dye  Size
" o Forward  GAD-FII GCAATCGAGTYGTATCYCTHCAAGGAT 103 bp (Taylor et al., 2002)
8 3
§ E Reverse  GAD-RIII GCAAGWAGYGGHGCRCADTTGTG (Nash et al., 2012)
Probe Custom MGBNFQ CTTTTTACCTCTAAATGTGGGAGG VIC

. Forward Cluhar_CYBF14928 CCCATTTGTGATTGCAGGGG 86 bp  (Knudsen et al., 2019)
g ;'; Reverse  Cluhar_CYBR15013 CTGAGTTAAGTCCTGCCGGG (Knudsen et al., 2019)
o E Probe Cluhar_CYBP14949 TACTATTCTCCACCTTCTGTTCCTC-BHQ1 6FAM

175

176  Mock communities

177  To calibrate metabarcoding observations and account for amplification bias (Gold et al., 2023; Shelton
178  etal., 2023a) we selected ten fish species that were common in previous metabarcoding or trawl surveys
179 in the study area (Guri et al., 2023). For the species Maurolicus muelleri (silvery lightfish), Gadus
180  morhua (cod), Leptoclinus maculatus (daubed shanny), Hippoglossoides platessoides (long rough dab),
181  Myoxocephalus scorpius (shorthorn sculpin), Cyclopterus lumpus (lumpsucker), Pholis gunnellus (rock
182  gunnel), Brosme brosme (cusk), we used samples collected by and extracted at the University of Tromsg
183  for improving the taxonomical resolution of DUFA - DNA Universal database for Fisheries and
184  Aquaculture, used for taxonomic assignment of metabarcoding data. The remaining species, Mallotus
185  villosus (capelin) and Pleuronectes platessa (European plaice), were purchased from the local fish
186  market in Tromsg (Dragey Fisk AS). Genomic DNA from fish muscle tissue samples was thereafter
187  extracted using the DNeasy Blood & Tissue Kit (Qiagen GmbH, Hilden Germany) following the
188  manufacturer’s protocol. A mock community of representative fish species was constructed from these
189  genomic DNA samples by amplifying the mitochondrial 12S ribosomal RNA gene region (169-172 bp
190 fragment) from each sample wusing MiFish-U universal primer set (Forward: 5'-
191 GTCGGTAAAACTCGTGCCAGC-3'; Reverse: 5-CATAGTGGGGTATCTAATCCCAGTTTG-3';
192  Miya et al., 2015). Reactions were run in 20 yuL volume containing 12.5 yL of TagMan Environmental

193  Master Mix 2.0, 1.25 pL of each forward and reverse primers (10 nM concentration each), 8 pL of
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dH20 and 2 pL of DNA template of above-listed species. The thermocycler program consisted of an
initial polymerase activation for 10 min at 95°C, followed by 40 cycles of denaturation for 1 min at
95°C, annealing for 1 min at 60°C and primer extension for 1 min at 72°C, followed by a final extension
for 10 min at 72°C and lastly storage at 4°C. PCR products were purified using the MinElute PCR
Purification Kit (Qiagen GmbH, Hilden Germany) to ensure complete removal of primer-dimers. All
samples were measured for Concentration of dsSDNA in purified PCR products was measured using the
High Sensitivity dsDNA assay with Qubit quantification system. PCR products were diluted in 10-fold
steps to achieve a final concentration of ~10° copies/L.

In total six separate (but similar in concentration) mock community samples (250l each) were created
by combining 25uL of amplicon DNA from all ten species in equimolar concentrations resulting in ca.
10* copies/uL for each species (Table S4). Mock community samples were amplified and sequenced
alongside the environmental samples following the same workflow and protocol. Only six species in

the mock community were also caught in trawl surveys (Table S5).

Library preparation, and NGS sequencing

In total, 109 samples (divided into two libraries), including eDNA samples (n = 84), PCR blanks (n =
2), positive controls (n = 6), extraction blanks (n = 5), fieldwork water and air blank (n = 9 and 3
respectively), were amplified using the MiFish-U universal primer set (the same used for mock
community samples). We used fusion primers (primers containing adaptor and index), allowing for a
one-step PCR protocol, and followed a thermocycler program as described in Guri et al. (2023).
Libraries were sequenced on GeneStudio S5 sequencer (Thermo Fisher Scientific) using the lon 540-

sequencing chip with the 200 bp protocol (Thermo Fisher Scientific).

Bioinformatics

Sequences were automatically demultiplexed and quality filtered after the sequencing process using
Torrent Suite™ software inbuilt in the sequencer following their default settings. The sampled sequence
dataset was thereafter filtered for chimeric sequences using a uchime-denovo algorithm in VSEARCH
(Rognes et al., 2016). The sequences were clustered into Molecular Operational Taxonomic Units
(MOTU) using SWARM v2 (Mahé et al., 2014) with a distance of d = 3 and subsequently the singletons
were removed. MOTUs with higher number of reads than 50 of the total library reads were retained and
annotated by performing BLAST search against NCBI nucleotide (nt) database (date: 23 August 2023)
using the BLASTn algorithm. We used an E-value threshold of 1e-30, maximum target sequences of
50 and a minimal percentage identity of 90. Lastly, we removed all taxa that were not assigned to fish
(class: Actinopterygii or Chondrichthyes) and sequences with read abundance higher than 10% in

negative controls over the environmental samples.
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Bayesian model

We developed a Bayesian joint model to synthesize information from trawl catches, ddPCR, and
metabarcoding, to estimate fish quantities. We used mock community samples (box 3a in Figure 1; only
six species used) with known initial DNA concentrations to estimate species-specific amplification
efficiencies. Knowing the amplification efficiencies enables the model to determine the species' initial
proportion thus their relative abundance in environmental samples of metabarcoding data (box 3b in
concentrations and positive droplets observed by the ddPCR system (box 2a in Figure 1). Using this
link-function, the ddPCR model estimates the absolute concentration of the reference species (one
species arbitrarily chosen that is present in ddPCR and mock community data) in the environmental
samples (box 2b in Figure 1). Having both the relative abundance of species and the absolute
concentration of one species in the environmental samples, the model expands proportion into absolute
concentration for all species (or at least all species for which amplification efficiency can be estimated).
Lastly, the model assumes a species-specific correlation between trawl catches and absolute DNA
concentration which is a conversion parameter (and primary parameter of interest; 0) linking the two

methods. See Figure 1 for a schematic representation of the joint Bayesian model.

Data: Flow-stream
Trawl catch count data s Tiference
" Standard samples from trawl surveys _E * Processes
v (known DNA concentration) 0\_ =

1) Trawl model

" Environmental samples

‘ (unknown DNA concentration)

v
\E Trawl catch count data

In (X)

fish/km?

+In(q)

(2a

@ (part1)

v
ddPCR data from
standard samples

(Ba

Metabarcoding model| amplification efficiency

3) (part 1)

 J
Metabarcoding data
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ddPCR model

B0,B1, = link-function (2b)
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( ddPCR model

(part 2)

v
ddPCR data from
environmental samples

(3b)
«; = taxon-specific

v
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< DNA shedding and degradation rate,
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q, = species-specific trawl catchability

A; = species-specific integrated eDNA factor

0, = species-specific conversion factor between
trawled fish density and eDNA concentration

Subscripts

i = species

Figure 1. Simplified schematic overview of the joint Bayesian model workflow including all the
inferences and processes. Note that the model specifies ¢ in the natural-log scale indicating the
magnitude of conversion between fish densities and eDNA concentrations (e’, with units:
copies/uL/fish/km?). Processes (dashed lines) are shown for schematic understanding, thus are
circumvented (not measured) in this model.

In detail, in this model, we define true fish density as N (fish/km?) and q for the catchability parameter

indicate species, station, year, depth category, biological replicate, technical replicate, observation in
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mock community samples (aliquote samples), and observation in ddPCR standard samples (aliquote

samples), respectively.

The process (unmeasured biological parameters, Figure 1)

Let X be the catch per unit effort (CPUE; observed fish density) sampled by trawl catches (units:
fish/km?). Based on equations 1 and 3 in Mahévas et al. (2011), we derive CPUE as a function of
catchability (g) and true fish density (N; units: fish/km?):

ln(Xl-J-y) = ln(Nl-J-y) + In(q;) (1.1)

Let C be the DNA concentration (copies/uL) from the same sampling stations and A be the “integrated
eDNA factor” (the conversion factor between the true fish density and observed DNA concentration).
By analogy to catchability in the context of trawl data, we can assume we model the concentration of
environmental samples is as a function of the true fish density (N) and an integrated eDNA factor ()

expressed as:

ln(Ci]-y) = ln(Ni]-y) + )\i (12)

The inference (measured biological parameters, Figure 1)
Trawl model compartment (MC 1)
To model species-specific catch count trawl observations (Z) as random draws from an annual mean for

a given species, we assume a negative binomial distribution of fish density (V) and fishing effort (E;

given species (i) and year (y):

Zijy~NegativeBinomial(eviijy, (Piy) (2.1

e
Viy = 2 Xiy ] Y (2.2)

ddPCR model compartment (MC 2)
Let S be the DNA concentration (copies/uL) from standards. The number of positive droplets (W) in

being positive (o) is a linear function of loge DNA concentration (S or C) with an intercept (f0) and
slope (B1) using clog-log (link-function), given the total number of droplets generated (U) expressed
as:
W, ~ Binomial(w;p, Uj,) (3.1.1)
cloglog(wip) = B0; + (B1; ln(Sip)) (3.1.2)
Wijydbr ~ Binomial (wjjy, Ujjyabr) (3.1.3)

cloglog(mijy) = B0; + (B1; ln(Ci]-y)) (3.1.4)
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Metabarcoding model compartment (MC 3)
Based on Shelton et al. (2023) we established that the number of observed reads (Y) from
metabarcoding is a draw from a multinomial distribution given the proportions for each species y and
the total number of reads per sample R:
Yim ~ Multinomial (@, Ry) (4.1.1)
Yijyab ~ Multinomial (Ysjyap, Riyap) (4.1.2)

These lines of equations (4.2.1 and 4.2.2) are the softmax transformation which produces proportions

v for each species (i) from the ratios of species abundance v.

—

eYim

im = Z} eYim

—

(4.2.1)

. e Vijydb
Yijydb = ST eiva (4.2.2)
The known initial concentration from mock community samples is converted into additive log ratios
regarding selecting a reference species), we map the following equation:

Yim = alrj + (NPCR X o) + iy (4.3.1)
where NPCR is the number of PCR cycles used to amplify the amplicons, a is the species-specific
amplification efficiency and r is the parameter that allows for overdispersion in the counts beyond the
variability provided by the multinomial distribution, capturing the substantial variance among replicates
often observed in metabarcoding data.

Nim~Normal(0, ;) (4.4.1)
Nijyap~Normal(0, t;) (4.4.2)

Having estimated the species-specific amplification efficiencies in equation 4.3.1 we can derive the
absolute DNA quantities for each species, station, and year (Cijy), given the known concentration of the
reference species estimated in equation 3.2.2 for the same samples.

Yiiyab = In(Cijy) — In(Cizgetjy) + (NPCR X o) + Nyjyap (4.3.2)
Note that because we have information about the absolute concentration of DNA from some species the
term alr in equation 4.3.1 can be replaced by the explicit ratio (difference in log-space) of DNA

concentrations (eq. 4.3.2).

Joining of the model compartments

Using equations 1.1 and 1.2, we can derive the expression for Cijy as follows:

In(Cyjy) = In(Xjy) + 4 — In(q) (5.1)
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Without additional information we cannot estimate neither the catchability (g) nor the integrated eDNA
factor in the marine environment (X; these two parameters are unidentifiable). Therefore, we introduce
a new parameter (0) that encapsulates both the integrated eDNA factor and catchability as follows:

0 =A — In(q;) (5.2)

Summarizing equations 5.1 and 5.2, for species detected by both trawl and eDNA we can establish that
eDNA concentration is a function of trawled fish density (X) and the new parameter (6) which is
interpreted as the conversion factor between fish density observed by trawl towards eDNA
concentrations (units: fish/km? * (copies/uL)?) in the following formulation:

0; = In(Cy;y) — In(Xyy) (5.3)
By extension of equation 5.2 and 5.3, where a species is only observed in one data stream, indicating

no information on A or g, 8 inferences are highly uncertain (see Results, Figure 3 b and d).

Here we denote that the conversion parameter (0) is in natural logarithmic space thus intuitively -6
means the opposite conversion, from eDNA to trawled fish density (units: copies/uL * (fish/km?)1).
The integrated eDNA factor (A) is a latent parameter that encapsulates multiple biological latent
variables such as DNA shedding and degradation rate, DNA transport and dilution, and DNA isolation

2016).

The joint model (Figure S6) was implemented using the Stan language as implemented in R (package:
Rstan) running four independent MCMC chains using 4000 warm-up and 6000 sampling iterations (see
Table S6 for all the parameters and their priors). The posterior predictions were diagnosed using R
statistics (Gelman and Rubin, 1992) and considered convergence for R values lower than 1.1 and

effective sample size (ESS) greater than 1000 for all parameters.

To test the robustness of the parameters and the ability to use eDNA observations to estimate fish
density we conducted an out-of-sample analysis using two years of data as a training subset (part I) and
the remaining year as a test subset (part I1). In part I, the model estimated the latent parameters (6, ¢,
B0, B1, a, n, vy, v and t) using observations (trawl, ddPCR, and metabarcoding) from only two years.
Subsequently, for part I1, we predicted fish density in the third year using the estimated parameters from
part | in the trawl model (MC 1) and the eDNA model (MC 2 and 3). We defined delta (3) as the
difference between log fish density estimated by eDNA models and trawl models thus the log-fold
difference for the out-of-sample year. Delta () values closer to 0 indicate that trawl observations were
well predicted using the eDNA model (or vice versa). This process was iterated three times separately

with a different year data left out each time.
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We included the seven species in the Bayesian model for which we had joint presence between trawl

surveys or eDNA observations and ddPCR standard or mock community samples (Table S5)

Results
The joint model successfully linked disparate datasets in a comprehensive and quantitative framework,
yielding both meaningful estimates of fish abundances and derived parameters of substantial value. We

show the underlying datasets in turn below, before focusing on the synthetic model outputs.

Trawl data

The average area swept by each trawl was calculated to be 0.057 + 0.01 km2. In total, our bottom trawl
catches encompassed 31 identified species. Among these, 23 species were classified as bony fishes,
four as crustaceans, three as jellyfish, and one ray. Among the catch counts, bony fishes comprised the
most caught species with a total count of 59,381 individuals, with Mallotus villosus and
Hippoglossoides platessoides having the highest catch number within that class (Table S7). Among the
selected species for the Bayesian model, Cyclopterus lumpus was the species with the least catch counts
(n=1).

ddPCR

The ddPCR protocol consistently yielded an average of 18,568 + 1,281 droplets for environmental
samples and slightly more for standard samples, (19,676 + 1,011 droplets) indicating acceptable levels
of droplet formation for statistical calculation of target gene concentration. Concentrations within the
environmental samples ranged from 0 to 8.8 copies/pL for Clupea harengus and 0-2.5 copies/pL for
Gadus morhua, with an overall mean concentration of 0.06 copies/uL for both assays. Using the
standard samples, we observed that the cloglog relationship demonstrated a one-to-one correspondence
between the proportion of positive droplets and the measured DNA concentration (Figure S2).
Furthermore, the ddPCR measurements underestimated the concentration of Clupea harengus target
assay in standard samples by a factor of two compared to the initial concentrations. We denote that the
proportion of positive droplets for standard samples of Clupea harengus with a known concentration of

samples were therefore considered outliers and removed from the analysis.

Metabarcoding

The metabarcoding analysis yielded a total of 29,997,240 reads (Table S3) prior to undergoing
bioinformatic filtering. Among these, just under 14 million reads were attributed to Poecilia sphenops
(artificial DNA spiked into the samples for a separate research project). The remaining reads,

encompassing over 12 million reads, were allocated to the intended target sequences. Of this subset, the
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mock community samples yielded 4,771,331 reads, while the negative control samples, both from field
and laboratory, contributed 26,906 reads (Table S3). The remaining 7,635,648 reads were derived from
the field environmental samples (Table S3). Among these, nearly all reads, totalling ca. 99.2 % of all
reads were assigned to bony fishes (Actinopterygii) while the remaining were distributed among
Mammals (0.6%), Chondrichthyes (0.027%), Bacteria (0.2%) and Aves (<0.01%). After the filtration
and taxonomic annotation process, we identified a total of 50 unique Molecular Operational Taxonomic
Units (MOTUSs) across the environmental and negative control samples. Among these MOTUs, 39 were
attributed to bony fishes, seven to Mammalians, two to sharks and rays, and one each to birds and
bacteria (all bacterial sequences consolidated into a single MOTU). Subsequently, the study's
sequencing depth was sufficient in capturing the taxonomic complexity of the study site, with an
average of 90,000 reads per sample surpassing the rarefaction curve's saturation point of ca. 30,000
reads (Figure S3). Species such as Homo sapiens, Crystallogobius linearis, Gasterosteus aculeatus,
Zeugopterus norvegicus, Rangifer tarandus, Sus scrofa were removed from metabarcoding dataset as
their read abundance exceeded the 10 % proportion limit between negative controls and environmental

samples.

Mock community

The mock community samples encompassed approximately 4.8 million reads after the filtering process,
with 98.6% of the reads originating from the ten fish species belonging to the constructed mock
community. In seven of the ten species in the mock community, we observed minimal differences in
proportions were observed between initial concentrations (pre-PCR) and sequencing read abundances
(post-PCR), signifying similar PCR amplification efficiencies between them. Conversely, amplicons
attributed to Leptoclinus maculatus, Cyclopterus lumpus, and Mallotus villosus had significantly
different PCR amplification efficiency with Leptoclinus maculatus being the most efficiently amplified
sequence increasing the abundance from 5.5% in the pre-PCR pool to 24% post-PCR (Figure S4). In
contrast, the proportional abundance of Cyclopterus lumpus decreased from 18% pre-PCR to 8% post-

PCR, indicating low amplification efficiency of this species (Figure S4).

Joint model results

The joint Bayesian model resulted in R values lower than 1.005 indicating that the chains converged to
a common distribution, ensuring the stability of the outcomes. Additionally, the model had low
autocorrelation thus indicating efficient mixing as the effective sample sizes (ESS) were higher than ca.

2000. Posterior summaries of parameters together with R and ESS can be found in Table S8.

Posterior predictive checks consistently indicate substantial agreement between predicted and observed
data across all three observation methods: ddPCR, metabarcoding, and trawl surveys (Figure S5 a, b,

and c respectively). This result indicates the model's capacity to accurately capture the characteristics
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of the observed data (relationship and uncertainty) and its ability to extrapolate meaningful predictions
forecasting future outcomes and deepening the understanding of the connections between these three

observation methods.

The DNA concentration data generated by the eDNA models (ddPCR and metabarcoding) indicated a
strong correlation with the observed fish density on the trawl data (Figure 2 ¢) given the species-specific
conversion factor (6). Such correlation indicates the reliability of the latent parameters (6, B0, B1, a, n,
and 1) in accurately representing the intricate relationships between the underlying processes and the
observed data. This empirical evidence reinforces the dependency of the species-specific conversion
factor (0; Table S7) for linking eDNA observation with other conventional methods (i.e., trawl catches)
as the explanatory variable for underlying biological mechanisms between organisms and their shed
and captured DNA.
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Figure 2. The joint Bayesian model workflow translating metabarcoding reads (a) and ddPCR droplets
(b) into fish density (expressed as DNA concentration * conversion factor; c) and their correlation with
the fish density estimated from trawl observations in the y-axis. C = DNA concentration and ¢ =
conversion factor between fish density to DNA concentrations. Metabarcoding and ddPCR models
indicated here are model compartments within the joint Bayesian model. The plot (c) indicates model
fit and reliable parameter estimation for linking trawl and eDNA observations.
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The model output of the conversion factor (8) ranged considerably (Table 2) from -30 for Pleuronectes
platessa to -5.95 for Clupea harengus (with e=% copies/uL equalling 1 fish/km?). The posterior
distribution of the conversion factor differed significantly between the remaining species and varied
between e® and e copies/pL per fish/km?. We note that we observed no reads of Pleuronectes platessa
in the metabarcoding data (Table S7) thus the 6 values for that species is being estimated at the lowest
boundary possible by the model. Similarly, due to extremely low catch counts, the conversion parameter
of Cyclopterus lumpus is very hard for the model to estimate, thus a very high standard deviation of the
parameter’s posterior distribution was observed. These species represent lack of data scenarios and thus

including such results reveals some of the pitfalls and model prerequisites.

Table 2. Species-specific § parameter estimated by the joint model (10,000 iterations), with the mean,
standard deviation (SD), and 95% credibility intervals (CI).

Posterior distribution of 0

95% ClI
Species Estimate  SD lower  upper
(mean)

Gadus morhua -8.09 0.09 -840 -8.06
Clupea harengus -5.95 0.13 -6.22 -5.69
Mallotus villosus -12.96 0.14 -13.24 -12.67
Cyclopterus lumpus -8.93 1.13 -10.72 -6.33

Leptoclinus maculatus -14.56 0.17 -1489 -14.22
Hippoglossoides platessoides -12.28 0.15 -12.57 -12.00
Pleuronectes platessa -30.84 3.9 -39.70 -24.43

The out-of-sample analysis showed that molecular data alone reliably predicted trawl catches (Figure
3). Five out of seven species demonstrated a strong correlation between the predicted and observed fish
densities, thus resulting in low 6-values (Figure 3 a and c). Among these, four species (i.e., Clupea
harengus, Gadus morhua, Leptoclinus maculatus, and Mallotus villosus) resulted in 3-values of less
than or equal to one for each predicted year, underscoring the robustness of the parameters governing
the underlying relationships. Notably, Hippoglossoides platessoides displayed higher variability
compared to the other four species, suggesting slightly less robust and reproducible parameters among
different years. This variation may be attributed to an outlier year, although it is challenging to
definitively ascertain this due to the limited dataset of n=3 years in total (and therefore n = 2 years in
training-data subsets). Increased availability of coupled data (trawl and eDNA) could enhance the

robustness of parameter estimation.
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The remaining two species (i.e., Cyclopterus lumpus and Pleuronectes platessa) offer a useful
illustration: where insufficient data are available, no meaningful inferences can be made. These species
showed a notable average discrepancy of two orders of magnitude between the eDNA model-predicted
fish densities and those derived from trawl observations (Figure 3 b and d). Furthermore, the mean
within-year-out variability spanned over eight orders of magnitude, signifying the data insufficiency in
either the trawl or the eDNA modules yields challenges in estimating parameters. Important to note that
o values indicate the log-fold change in fish density, with 6 = 0 denoting similar estimations between

eDNA and trawl, negative 3 indicating overestimation by trawl, and vice versa.
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Figure 3. Leave-one-year-out analysis indicating the correlation between the predicted (x-axis) and
observed fish densities (y-axis; a and b). The species-specific posterior distribution of ¢ variable (+
95% confidence interval of the posterior distribution) indicates the difference between predicted and
observed fish densities (¢ and d). Due to the infrequent presence in the observed data species
Cyclopterus lumpus and Pleuronectes platessa are considered outliers and thus presented separately
(b and d).

Discussion
The current study has successfully bridged the gap between eDNA and trawl surveys, quantifying the

biological relationships between fish abundance and DNA concentration in the marine environment.
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Even more significantly, this bridge has been extended to multiple species, thereby enhancing the

versatility and applicability of eDNA methods for ecosystem-based management.

Biological interpretation of the model

Given the inextricable nature of DNA shedding and degradation, DNA transport and dilution, and DNA
recovery and isolation processes, we unified them under the comprehensive term “integrated DNA
of catchability (q) and the integrated DNA factor (A) are not assessed through this model but have been
circumvented using the trawl to DNA conversion parameter (0). Below, we discuss how these processes

biologically interplay with the latent parameters estimated in this model.

The high replicability of 8 for most species - as indicated by small values of  in leave-one-out analysis
- demonstrates that trawl, metabarcoding, and ddPCR observations yielded measurable and reliable
results using the established model. Replicable results support the assumptions that trawl catchability
(q) and the integrated DNA factor (A) have remained constant throughout the survey period. Our
rationale for assuming constant trawl catchability is rooted in the standardized nature of the annual trawl
surveys conducted by the IMR (Institute of Marine Research) and similar environmental and biological
factors (Zhang et al., 2020).

The joint modelling of trawl and eDNA observations allows us to enhance the spatial resolution of fish
densities. Following established research protocols, we model fish density as the annual average (V),
based on four trawling catch count observations (assuming homogenous fish densities among stations),
given the trawling effort. This approach becomes necessary because trawls at a specific location lack
replication thus catches are commonly averaged over larger survey areas (Beare et al., 2005).
Conversely, when we complement trawl observations using eDNA data, we gain the ability to develop
models at the site level (X; and potentially future models at the depth level), rather than restricting
eDNA analysis to the large aggregated (i.e., fjord level in our study). We denote that this flexibility
offers a twofold advantage. First, it enables the ability to incorporate replicates of observation at
different unit levels (i.e., site, area, station, and depth) thus increasing the accuracy of measurements.
Second, it enables the model to establish the link between eDNA concentrations and fish densities
without requiring a fixed relationship at every individual station, a factor that has been the downfall of
previous studies attempting to establish this connection (Pont et al., 2022; Veron et al., 2023). This
matches our understanding of the ecology of eDNA, in which DNA is transported among stations
(Rourke et al., 2022), thus this model advantage is particularly important as it mitigates issues related
to lateral transport and dilution of eDNA (Andruszkiewicz et al., 2019), corresponding in maintaining
the consistency of A. Additionally, factors of eDNA recovery and isolation efficiency must have

remained the same as the sampling technique and the laboratory workflow have remained unchanged
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among the entire set of samples. Lastly, since all observations were conducted in October of different
years, we posit that the behaviours of the fish population must have remained largely consistent, as did
the relevant abiotic factors, both responsible for DNA shedding and degradation (Goldberg et al., 2011;
Strickler et al., 2015; Jo et al., 2019; Mauvisseau et al., 2021). These results lead us to conclude that

the integrated DNA factor (A) has likely remained unchanged, particularly for species with low  values.

For species with high § values, several factors may explain variations of the 6 parameter over different
years, which in turn could indicate either changes in q or A between those years of observation. In the
case of Cyclopterus lumpus, the metabarcoding data suggest relatively low quantities, but trawl surveys
observed minimal to no catches, suggesting low fish densities, and consequently pointing to an
exceptionally low catchability term. This catchability term has been previously observed and indicated
that bottom trawl surveys rarely catch Cyclopterus lumpus, especially at depths of more than 60 m
(Kennedy et al., 2016). Conversely pelagic trawls have been indicating higher catch rates of such
species (Eriksen et al., 2014). Consequently, having unidentifiable catchability term can hinder the
parametrization of 0. Conversely, flatfish species like Hippoglossoides platessoides and Pleuronectes
platessa exhibit high catchability due to their preference for sandy and muddy bottoms. Trawl
observations revealed relatively high fish densities for these species. However, in the case of
Hippoglossoides platessoides, no reads were observed through metabarcoding data, indicating an
apparent absence of eDNA in the water and rendering the A term unidentifiable. An additional cause to
this could be our filtering pipeline as we removed amplicons with lower than 50 reads, thus considered
rare species (Jerde et al., 2016). Nevertheless, Pleuronectes platessa exhibited high read numbers and
relatively high eDNA concentrations, but its & values were substantial, indicating variation in the 0
parameter between each year of observation. This presents a more complex problem, and additional
observations may be necessary to identify the source of this issue. We hypothesize that two potential
errors could contribute to this problem. First, there may be an abnormality in the catchability terms in
one of the years, making the outlier year unidentifiable given only three years of observations. Second,
using water samples instead of sediment samples could introduce biases for benthic species in the
processes encompassed by the integrated DNA factor, such as DNA vertical transport and DNA

recovery.

The variability among species highlights a general point that the details of biology matter for the
interpretation and use of eDNA observations, and that the use of eDNA for biomass estimation is likely
species- and context- specific. Additional applications using eDNA information need to be developed
to understand the kinds and magnitudes of uncertainty associated with using eDNA information in
different contexts and with different species. Having a deeper understanding of these parameters and
estimating their empirical value can enhance our biological understanding of the molecular sampling

tools, thus boosting the applicability of eDNA to fisheries management and stock assessments (Jo et
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al., 2019). However, our work provides a roadmap for moving away from simple sample-to-sample
correlations among sampling methods and toward a method that can inform and improved management
and conservation actions. In this study, the specific conversion parameters are associated with the
catchability of bottom trawling (i.e., the method's inherent bias), and therefore, their applicability cannot
be broadly extended to other methods or study areas. However, the statistical framework developed is

very general and can be adapted to other sampling methods.

The future of eDNA and trawl joint model

To the best of our knowledge, this is the first empirical demonstration of species-specific conversion
factors between eDNA metabarcoding and bottom trawl datasets. Future refinements will expand upon
the existing model to include alternative sampling techniques and further generalize the framework we

have presented here.

estimation of the integrated DNA factor (A). Additionally, by incorporating environmental covariates
such as temperature and salinity into the model, we can guantify how these abiotic factors interact with
DNA shedding and degradation processes (Strickler et al., 2015; Jo et al., 2019), thus further
disaggregating the components of A. Including depth information in the model can allow for a more
comprehensive understanding of species distribution in the water column thus depth- and species-
specific DNA recovery, providing insights that extend beyond what can be captured through trawling
alone (Jeunen et al., 2019; Canals et al., 2021). Furthermore, considering the influence of allometric
scaling on DNA shedding, metabolic rate, consumption, and excretion, in conjunction with
environmental factors and ecosystem characteristics, can offer a more holistic understanding of the
relationships between biology and the latent parameters (Urban et al., 2023). Having a deeper
understanding of allometric scaling can ultimately enable molecular tools to estimate the size
distribution of populations in marine environments (Yates et al., 2022), a crucial step for population

assessments.

The model can also be adapted to accommodate alternative monitoring techniques and data inputs. For
example, catch-release, acoustic surveys, and trawl biomass data could either replace or be used in
conjunction with the trawl model. Incorporating these additional methods would expand the range of
available data collection techniques and provide further insight into the biological processes that
underpin the molecular tools used in ecological assessments. Although this may alter the interpretation
of parameters such as 6 or A, it would contribute to a more comprehensive understanding of their

underlying biology. Our work shows how eDNA can inform and be included in the class of integrated
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analyses which are the foundation for modern stock assessments and fisheries management (Maunder
and Punt, 2013).

In summary, the future of this model holds significant potential for development and improvement. By
meticulously documenting and mapping all parameters used in the model, along with the specific
biological processes they represent, we can increase transparency and facilitate comparisons with other
studies. This, in turn, enhances the replicability and reliability of surveys, a capability that conventional
surveys alone cannot offer. Ultimately, these advances will contribute to the development of molecular

sampling tools and their applicability in fisheries management and stock assessments.

Management applications

Trawl surveys provide consistent time-series data essential for stock and ecosystem assessments.
However, the reliability and continuity of these time series can be influenced by various factors. Area
accessibility (i.e., closed areas for conservation or energy transition), the necessity to explore new areas
as fish stocks migrate, funding limitations, vessel availability, and adverse weather conditions can all
impact the consistency of data collection. In response to these challenges, there is a need to adapt and
innovate in the field of survey methodologies. Embracing innovative molecular tools and techniques
and coupling them with conventional methods can provide more flexibility and resilience to changing
circumstances while significantly reducing the ecological impact and maximizing the efficiency of
surveys (Schneider et al., 2016; Di Muri et al., 2020; Veron et al., 2023). This strategic fusion can
enhance the robustness and adaptability of survey programs, thereby strengthening our capacity for

effective stock and ecosystem assessments in an ever-changing marine environment.

Conclusions

This study establishes the framework for species quantification and ecological inference of eDNA
metabarcoding. We stress the need for species-specific conversion parameters to accurately estimate
species abundances from eDNA metabarcoding. Furthermore, accounting for amplification efficiencies
is necessary for ensuring the accuracy and replicability of metabarcoding data. These insights hold
considerable implications for the application of eDNA in the management and conservation of marine

ecosystems.

23



641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676

References

Afzali, S. F., Bourdages, H., Laporte, M., Mérot, C., Normandeau, E., Audet, C., and Bernatchez, L.
2021. Comparing environmental metabarcoding and trawling survey of demersal fish
communities in the Gulf of St. Lawrence, Canada. Environmental DNA, 3: 22-42.

Allan, E. A, Kelly, R. P., D’Agnese, E. R., Garber-Yonts, M. N., Shaffer, M. R., Gold, Z. J., and
Shelton, A. O. 2023. Quantifying impacts of an environmental intervention using
environmental DNA. Ecological Applications, 33: e2914.

Andruszkiewicz, E. A., Koseff, J. R., Fringer, O. B., Ouellette, N. T., Lowe, A. B., Edwards, C. A., and
Boehm, A. B. 2019. Modeling environmental DNA transport in the coastal ocean using
Lagrangian particle tracking. Frontiers in Marine Science, 6: 1-14.

Atienza, S., Guardiola, M., Praebel, K., Antich, A., Turon, X., and Wangensteen, O. S. 2020. DNA
metabarcoding of deep-sea sediment communities using COIl: community assessment, spatio-
temporal patterns and comparison with the 18S rDNA marker. Diversity, 12: 123.

Beare, D. J., Needle, C. L., Burns, F., and Reid, D. G. 2005. Using survey data independently from
commercial data in stock assessment: an example using haddock in ICES Division Vla. ICES
Journal of Marine Science, 62: 996-1005.

Biju Kumar, A., and Deepthi, G. R. 2006. Trawling and by-catch: Implications on marine ecosystem.
Current Science, 90: 922-931.

Callaghan, C. T., Nakagawa, S., and Cornwell, W. K. 2021. Global abundance estimates for 9,700 bird
species. Proceedings of the National Academy of Sciences, 118: €2023170118.

Canals, O., Mendibil, 1., Santos, M., Irigoien, X., and Rodriguez-Ezpeleta, N. 2021. Vertical
stratification of environmental DNA in the open ocean captures ecological patterns and
behavior of deep-sea fishes. Limnology And Oceanography Letters: 1-9.

Closek, C. J., Santora, J. A., Starks, H. A., Schroeder, 1. D., Andruszkiewicz, E. A., Sakuma, K. M.,
Bograd, S. J., et al. 2019. Marine Vertebrate Biodiversity and Distribution Within the Central
California Current Using Environmental DNA (eDNA) Metabarcoding and Ecosystem
Surveys. Frontiers in Marine Science, 6: 1-17.

Crossin, G. T., Heupel, M. R., Holbrook, C. M., Hussey, N. E., Lowerre-Barbieri, S. K., Nguyen, V.
M., Raby, G. D., et al. 2017. Acoustic telemetry and fisheries management. Ecological
Applications, 27: 1031-1049.

Di Muri, C., Handley, L. L., Bean, C. W., Li, J., Peirson, G., Sellers, G. S., Walsh, K., et al. 2020. Read
counts from environmental DNA (eDNA) metabarcoding reflect fish abundance and biomass
in drained ponds. Metabarcoding and Metagenomics, 4: 97-112.

Eigaard, O. R., Bastardie, F., Hintzen, N. T., Buhl-Mortensen, L., Buhl-Mortensen, P., Catarino, R.,
Dinesen, G. E., et al. 2017. The footprint of bottom trawling in European waters: distribution,
intensity, and seabed integrity. ICES Journal of Marine Science, 74: 847-865.

24



677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712

Eriksen, E., Durif, C. M. F., and Prozorkevich, D. 2014. Lumpfish (Cyclopterus lumpus) in the Barents
Sea: development of biomass and abundance indices, and spatial distribution. ICES Journal of
Marine Science, 71: 2398-2402.

Farr, M. T., O’Brien, T., Yackulic, C. B., and Zipkin, E. F. 2022. Quantifying the conservation status
and abundance trends of wildlife communities with detection—nondetection data. Conservation
Biology, 36: €13934.

Fraser, H. M., Greenstreet, S. P. R., and Piet, G. J. 2007. Taking account of catchability in groundfish
survey trawls: implications for estimating demersal fish biomass. ICES Journal of Marine
Science, 64: 1800-18109.

Gelman, A., and Rubin, D. B. 1992. Inference from Iterative Simulation Using Multiple Sequences.
Statistical Science, 7. https://projecteuclid.org/journals/statistical-science/volume-7/issue-
4/Inference-from-Iterative-Simulation-Using-Multiple-
Sequences/10.1214/ss/1177011136.full (Accessed 1 December 2023).

Gold, Z., Shelton, A. O., Casendino, H. R., Duprey, J., Gallego, R., Van Cise, A., Fisher, M., et al.
2023. Signal and noise in metabarcoding data. PLOS ONE, 18: e0285674.

Goldberg, C. S., Pilliod, D. S., Arkle, R. S., and Waits, L. P. 2011. Molecular Detection of Vertebrates
in Stream Water. A Demonstration Using Rocky Mountain Tailed Frogs and ldaho Giant
Salamanders. PLoS ONE, 6: e22746.

Guri, G., Westgaard, J., Yoccoz, N., Wangensteen, O. S., Preebel, K., Ray, J. L., Kelly, R. P., et al.
2023. Maximizing sampling efficiency to detect differences in fish community composition
using environmental DNA metabarcoding in subarctic fjords. Environmental DNA: edn3.409.

Guri, G., Shelton, A. O., Kelly, R. P., Ray, J., Louise Rayica Louise, Yoccoz, N., Torild, J., Praebel, K.,
et al. 2024. Quantifying the sensitivity between gPCR and ddPCR mechanisms for eDNA
samples. Methods in Ecology and Evolution.

Hansen, B. K., Bekkevold, D., Clausen, L. W., and Nielsen, E. E. 2018. The sceptical optimist:
challenges and perspectives for the application of environmental DNA in marine fisheries. Fish
and Fisheries, 19: 751-768.

He, X., Jeffery, N. W., Stanley, R. R. E., Hamilton, L. C., Rubidge, E. M., and Abbott, C. L. 2023.
eDNA metabarcoding enriches traditional trawl survey data for monitoring biodiversity in the
marine environment. ICES Journal of Marine Science, 80: 1529-1538.

Hill, N. A., Barrett, N., Lawrence, E., Hulls, J., Dambacher, J. M., Nichol, S., Williams, A., et al. 2014.
Quantifying Fish Assemblages in Large, Offshore Marine Protected Areas: An Australian Case
Study. PLoS ONE, 9: e110831.

Jerde, C. L., Olds, B. P., Shogren, A. J., Andruszkiewicz, E. A., Mahon, A. R., Bolster, D., and Tank,
J. L. 2016. Influence of Stream Bottom Substrate on Retention and Transport of Vertebrate
Environmental DNA. Environmental Science & Technology, 50: 8770-8779.

25



713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748

Jetz, W., McPherson, J. M., and Guralnick, R. P. 2012. Integrating biodiversity distribution knowledge:
toward a global map of life. Trends in Ecology & Evolution, 27: 151-159.

Jeunen, G. J., Knapp, M., Spencer, H. G., Lamare, M. D., Taylor, H. R., Stat, M., Bunce, M., et al.
2019. Environmental DNA (eDNA) metabarcoding reveals strong discrimination among
diverse marine habitats connected by water movement. Molecular Ecology Resources, 19: 426—
438.

Jo, T., Murakami, H., Yamamoto, S., Masuda, R., and Minamoto, T. 2019. Effect of water temperature
and fish biomass on environmental DNA shedding, degradation, and size distribution. Ecology
and Evolution, 9: 1135-1146.

Kelly, R. P., Shelton, A. O., and Gallego, R. 2019. Understanding PCR Processes to Draw Meaningful
Conclusions from Environmental DNA Studies. Scientific Reports, 9: 1-14.

Kennedy, J., Jénsson, S. b., Olafsson, H. G., and Kasper, J. M. 2016. Observations of vertical
movements and depth distribution of migrating female lumpfish (Cyclopterus lumpus) in
Iceland from data storage tags and trawl surveys. ICES Journal of Marine Science, 73: 1160—
1169.

Knudsen, S. W., Ebert, R. B., Hesselsge, M., Kuntke, F., Hassingboe, J., Mortensen, P. B., Thomsen,
P. F., et al. 2019. Species-specific detection and quantification of environmental DNA from
marine fishes in the Baltic Sea. Journal of Experimental Marine Biology and Ecology, 510: 31—
45. Elsevier.

Lacoursiere-Roussel, A., Coté, G., Leclerc, V., and Bernatchez, L. 2016. Quantifying relative fish
abundance with eDNA: a promising tool for fisheries management. Journal of Applied Ecology,
53:1148-1157.

Larson, W. A., Barry, P., Dokai, W., Maselko, J., Olson, J., and Baetscher, D. 2022. Leveraging eDNA
metabarcoding to characterize nearshore fish communities in Southeast Alaska: Do habitat and
tide matter? Environmental DNA: 1-13.

Lees, K. J., MacNeil, M. A., Hedges, K. J., and Hussey, N. E. 2021. Estimating demographic parameters
for fisheries management using acoustic telemetry. Reviews in Fish Biology and Fisheries, 31:
25-51.

Maes, S. M., Desmet, S., Brys, R., Sys, K., Ruttink, T., Maes, S., Hostens, K., et al. 2023. Detection
and quantification of two commercial flatfishes Solea solea and Pleuronectes platessa in the
North Sea using environmental DNA. Environmental DNA: edn3.426.

Mahé, F., Rognes, T., Quince, C., de Vargas, C., and Dunthorn, M. 2014. Swarm: Robust and fast
clustering method for amplicon-based studies. PeerJ, 2014: 1-13.

Mahévas, S., Trenkel, V. M., Doray, M., and Peyronnet, A. 2011. Hake catchability by the French
trawler fleet in the Bay of Biscay: estimating technical and biological components. ICES
Journal of Marine Science, 68: 107-118.

26



749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
77
778
779
780
781
782
783

Maunder, M. N., and Punt, A. E. 2013. A review of integrated analysis in fisheries stock assessment.
Fisheries Research, 142: 61-74.

Mauvisseau, Q., Harper, L., Sander, M., Hanner, R. H., Kleyer, H., and Deiner, K. 2021. The multiple
states of environmental DNA and what is known about their persistence in aquatic
environments. Authorea Preprints, preprint; 1-17.

Miya, M., Sato, Y., Fukunaga, T., Sado, T., Poulsen, J. Y., Sato, K., Minamoto, T., et al. 2015. MiFish,
a set of universal PCR primers for metabarcoding environmental DNA from fishes: Detection
of more than 230 subtropical marine species. Royal Society Open Science.

Mjanger, H., Svendsen, B. V., Senneset, H., Fotland, A., Mehl, S., Fuglebakk, E., Gulbrandsen, M. L.,
et al. 2019, January. Handbok for pravetaking av fisk, krepsdyr og andre evertebrater. Versjon
5.0. (In Norwegian).

Nash, R. D. M., Wright, P. J., Matejusova, 1., Dimitrov, S. P., O’Sullivan, M., Augley, J., and Hoffle,
H. 2012. Spawning location of Norway pout (Trisopterus esmarkii Nilsson) in the North Sea.
ICES Journal of Marine Science, 69: 1338—1346.

Neebling, T. E., and Quist, M. C. 2011. Comparison of Boat Electrofishing, Trawling, and Seining for
Sampling Fish Assemblages in lowa’s Nonwadeable Rivers. North American Journal of
Fisheries Management, 31: 390-402.

Pont, D., Meulenbroek, P., Bammer, V., Dejean, T., Erds, T., Jean, P., Lenhardt, M., et al. 2022.
Quantitative monitoring of diverse fish communities on a large scale combining eDNA
metabarcoding and gPCR. Molecular Ecology Resources: 1755-0998.13715.

Preston, F. W. 1948. The Commonness, And Rarity, of Species. Ecology, 29: 254-283.

Ramirez-Amaro, S., Bassitta, M., Picornell, A., Ramon, C., and Terrasa, B. 2022. Environmental DNA:
State-of-the-art of its application for fisheries assessment in marine environments. Frontiers in
Marine Science, 9: 1004674.

Reigstad, M., and Wassmann, P. 1996. Importance of advection for pelagic-benthic coupling in north
Norwegian fjords. Sarsia, 80: 245-257.

Rognes, T., Flouri, T., Nichols, B., Quince, C., and Mahé, F. 2016. VSEARCH: A versatile open source
tool for metagenomics. PeerJ, 2016: 1-22.

Rourke, M. L., Fowler, A. M., Hughes, J. M., Broadhurst, M. K., DiBattista, J. D., Fielder, S., Wilkes
Walburn, J., et al. 2022. Environmental DNA (eDNA) as a tool for assessing fish biomass: A
review of approaches and future considerations for resource surveys. Environmental DNA, 4:
9-33.

Salter, I., Joensen, M., Kristiansen, R., Steingrund, P., and Vestergaard, P. 2019. Environmental DNA
concentrations are correlated with regional biomass of Atlantic cod in oceanic waters.

Communications Biology, 2: 1-9.

27



784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812
813
814
815
816
817
818
819
820

Schadewell, Y., and Adams, C. I. M. 2021. Forensics Meets Ecology — Environmental DNA Offers
New Capabilities for Marine Ecosystem and Fisheries Research. Frontiers in Marine Science,
8: 668822.

Schneider, J., Valentini, A., Dejean, T., Montarsi, F., Taberlet, P., Glaizot, O., and Fumagalli, L. 2016.
Detection of Invasive Mosquito Vectors Using Environmental DNA (eDNA) from Water
Samples. PLOS ONE, 11: e0162493.

Shelton, A. O., O’Donnell, J. L., Samhouri, J. F., Lowell, N., Williams, G. D., and Kelly, R. P. 2016.
A framework for inferring biological communities from environmental DNA. Ecological
Applications, 26: 1645-1659.

Shelton, A. O., Ramén-Laca, A., Wells, A., Clemons, J., Chu, D., Feist, B. E., Kelly, R. P., et al. 2022.
Environmental DNA provides quantitative estimates of Pacific hake abundance and distribution
in the open ocean. Proceedings of the Royal Society B: Biological Sciences, 289: 20212613.

Shelton, A. O., Gold, Z. J., Jensen, A. J., D'Agnese, E., Andruszkiewicz Allan, E., Van Cise, A.,
Gallego, R., et al. 2023a. Toward quantitative metabarcoding. Ecology, 104.
https://onlinelibrary.wiley.com/doi/10.1002/ecy.3906 (Accessed 24 April 2023).

Shelton, A. O., Gold, Z. J., Jensen, A. J., D'Agnese, E., Andruszkiewicz Allan, E., Van Cise, A.,
Gallego, R., et al. 2023b. Toward quantitative metabarcoding. Ecology, 104.
https://onlinelibrary.wiley.com/doi/10.1002/ecy.3906 (Accessed 2 April 2023).

Shu, L., Ludwig, A., and Peng, Z. 2020. Standards for methods utilizing environmental dna for detection
of fish species. Genes, 11.

Stoeckle, M. Y., Adolf, J., Charlop-Powers, Z., Dunton, K. J., Hinks, G., and VanMorter, S. M. 2021.
Trawl and eDNA assessment of marine fish diversity, seasonality, and relative abundance in
coastal New Jersey, USA. ICES Journal of Marine Science, 78: 293-304.

Strickler, K. M., Fremier, A. K., and Goldberg, C. S. 2015. Quantifying effects of UV-B, temperature,
and pH on eDNA degradation in aquatic microcosms. Biological Conservation, 183: 85-92.

Taylor, M. 1., Fox, C., Rico, I., and Rico, C. 2002. Species-specific TagMan probes for simultaneous
identification of (Gadus morhua L.), haddock (Melanogrammus aeglefinus L.) and whiting
(Merlangius merlangus L.). Molecular Ecology Notes, 2: 599-601.

Thomsen, P. F., Kielgast, J., Iversen, L. L., Mgller, P. R., Rasmussen, M., and Willerslev, E. 2012.
Detection of a Diverse Marine Fish Fauna Using Environmental DNA from Seawater Samples.
PLoS ONE, 7: 1-9.

Thomsen, P. F., Mgller, P. R., Sigsgaard, E. E., Knudsen, S. W., Jargensen, O. A., and Willerslev, E.
2016. Environmental DNA from Seawater Samples Correlate with Trawl Catches of Subarctic,
Deepwater Fishes. PLOS ONE, 11: e0165252.

Turon, M., Nygaard, M., Guri, G., Wangensteen, O. S., and Prabel, K. 2022. Fine-scale differences in
eukaryotic communities inside and outside salmon aquaculture cages revealed by eDNA

metabarcoding. Frontiers in Genetics, 13: 957251.

28



821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836

837
838

Urban, P., Bekkevold, D., Degel, H., Hansen, B. K., Jacobsen, M. W., Nielsen, A., and Nielsen, E. E.
2023. Scaling from eDNA to biomass: controlling allometric relationships improves precision
in bycatch estimation. ICES Journal of Marine Science, 80: 1066—1078.

Valdivia-Carrillo, T., Rocha-Olivares, A., Reyes-Bonilla, H., Dominguez-Contreras, J. F., and
Munguia-Vega, A. 2021. Integrating eDNA metabarcoding and simultaneous underwater
visual surveys to describe complex fish communities in a marine biodiversity hotspot.
Molecular Ecology Resources, 21: 1558-1574.

Veron, P., Rozanski, R., Marques, V., Joost, S., Deschez, M. E., Trenkel, V. M., Lorance, P., et al.
2023. Environmental DNA complements scientific trawling in surveys of marine fish
biodiversity. ICES Journal of Marine Science: fsad139.

Yates, M. C., Wilcox, T. M., Stoeckle, M. Y., and Heath, D. D. 2022. Interspecific allometric scaling
in eDNA production among northwestern Atlantic bony fishes reflects physiological allometric
scaling. Environmental DNA: edn3.381.

Zhang, C., Chen, Y., Xu, B., Xue, Y., and Ren, Y. 2020. Evaluating the influence of spatially varying
catchability on multispecies distribution modelling. ICES Journal of Marine Science, 77: 1841—
1853.

29



839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863
864
865
866
867
868
869
870
871
872
873
874
875

Extensive discussion

Metabarcoding

The metabarcoding effort yielded sufficient sequencing depth to capture the taxonomic complexity of
the study area, as the rarefaction curves revealed no indication of sequencing depth limitation despite
the exogenous addition of a non-target internal control DNA (Poecilia sphenops) to most of the
environmental samples for reasons not related to this study. Additionally, the metabarcoding model can
be applied to a subset of taxa; thus, removing non-target taxa, for example Phoecilia sphenops, would
not affect the model outcomes (Shelton et al., 2023), Moreover, the number of reads in negative control
samples was on average less than 10% of the reads in field environmental samples, indicating low signs

of field and laboratory contamination.

Reads deriving from mock community samples indicated a successful (clean) laboratory workflow as
ca. 99% of the reads belonged to the species artificially put into the mixture - comprising the mock
community. Moreover, the replicability between the six biological replicates of the mock community
samples was very high. The relative abundance of the amplicons in each biological replicate sample
after PCR had a difference of less than 2% compared with the average relative abundance among all

replicates thus indicating that the PCR process was robust and replicable. Amplification efficiency (a)

ddPCR

The connection between the proportion of positive droplets (o) and the measured concentration
highlighted the biases of QX200 ddPCR system formulas for measuring DNA concentrations. For low
concentration standard samples, measured concentrations did not overlap with known concentrations,
indicating a ddPCR system overestimation of low quantity samples (Figure S2). In addition to the low
concentration overestimation, the FAM channel assay for Clupea harengus bias was indicated
throughout the whole range of quantities (10 — 10* copies/pL) of standard samples as the measured
concentrations were half of the known concentrations (Figure S2). A potential reason for this issue
could be the difference in primer/probe concentrations and/or duplexing of VIC and FAM assays

simultaneously. Nevertheless, using known concentrations from standard samples alleviates this bias.

Although the ddPCR system is designed as an absolute quantification method, implying no need for
standard samples and standard curves, the users often rely on standard samples for assay optimization
(i.e., temperature selection and primer/probe concentration). Given these reasons, our result shows that
including the standard samples can significantly elevate the accuracy of quantification and detection

probability (Guri et al., 2024) without significantly increasing the effort or costs.
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Supplementary tables

Table S2. Overview of ddPCR standard samples and their average number of positive droplets given

their nominal concentration. Samples of Clupea harengus with nominal concentration 0.1 copies/uL

were not included in this article due to being outliers.

Species

Nominal concentration Number of sample Average proportion

(copies/uL) replicates of positive droplets
Clupea harengus 0.01 8 0.000112
0.10 8 0.000528
1.00 8 0.000460
10.00 8 0.00469
100.00 8 0.0485
1000.00 8 0.358
10000.00 8 0.985
Gadus morhua 0.01 16 0.0000256
0.10 16 0.0000786
1.00 16 0.000945
10.00 16 0.00862
100.00 16 0.0807
1000.00 16 0.577
10000.00 16 1.00

Table S3. Overview of the metabarcoding number of reads yielded and the number of samples analyzed

prior to the bioinformatic filtering process.

Sample type Number Number of  Number of  Spike DNA  Amplicon Fish and shark
of raw reads total reads reads reads without  (only)
samples (blasted) spike DNA amplicon reads

Air field blank 3 649,466 643,072 642,892 180 38

Water field blank 9 1,552,126 1,469,292 1,436,494 32,798 20,844

PCR blank 2 345,276 341,788 341,524 264 256

Extraction blank 4 745,682 654,932 649,136 5,796 5,746

Laboratory blank 1 228,410 224,820 224,790 30 22

Bottom 28 7,749,155 6,374,325 3,141,004 3,233,321 3,220,209

Pycnocline 28 7,480,395 6,699,173 4,080,680 2,618,493 2,609,732

Surface 28 5,614,166 5,134,038 3,311,000 1,823,038 1,805,707

Mock community 6 5,781,694 4,771,360 0 4,771,360 4,771,331

Total 109 29,997,240 26,312,800 13,827,520 12,485,280 12,433,885
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883  Table S4. Initial DNA concentration of species in mock community samples. Concentration measured
884  through Qubit quantification system using products for dSDNA concentrations. The measurement was

885  conducted three times, and the average value is shown in this table.

DNA concentration

Species in the mock community (copies/uL)

Maurolicus muelleri 7087
Gadus morhua 5942
Mallotus villosus 9816
Leptoclinus maculatus 3725
Hippoglossoides platessoides 6812
Myoxocephalus scorpius 8908
Cyclopterus lumpus 12061
Pholis gunnellus 4477
Brosme brosme 6022
Pleuronectes platessa 2637

886

887  Table S5 Overview of species in this study with their presence marked with “X” across the data source.
888  Only species that were included in the mock community or ddPCR standards samples are shown for
889  metabarcoding and trawl observation.
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Gadus morhua X X X X X X

Mallotus villosus X X X X

Cyclopterus lumpus X X X X

Leptoclinus maculatus X X X X

Hippoglossoides platessoides X X X X

Pleuronectes platessa X X X

Clupea harengus X X X X X
Maurolicus muelleri X X
Myoxocephalus scorpius X X
Pholis gunnellus X X
Brosme brosme X X
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892  Table S6. Data, state processes, parameters, and subscripts employed in the joint Bayesian model and
893 their prior distributions (N stands for normal distribution with mean and standard deviation; I” stands
894  for gamma distribution with shape and rate). N/A stands for data or processes that do not require prior
895  distributions.

896
897
Description Prior
Data
Z observed number trawl catch count N/A
E trawling effort estimated in km? N/A
W positive droplets observed through ddPCR N/A
P total number of droplets accepted by ddPCR N/A
S known DNA concentration in c/pL N/A
Y observed number of reads through metabarcoding N/A
N total number of reads for all I species N/A
alr additive-log-ratio of initial concentration for all | species N/A
relative to the reference species prior to sequencing
NPCR number of PCR cycles run N/A
State processes
N true fish density in fish count/km? N/A
X trawled fish density in fish count/km? N(0,10)
C estimated eDNA concentration in copies/pL N/A
\ trawled fish density in fish count/km? (averaged across stations) N/A
Parameters
0 conversion factor between trawled fish and eDNA concentration N(0,10)
0] negative binomial distribution overdispersion parameter I'(50,1)
B0 intercept of the linear relation between positive droplets and N(0,10)
DNA concentration
Bl regression slope of the linear relation between positive droplets N(0,10)
and DNA concentration
o amplification efficiency N(0,0.01)
n multinomial distribution overdispersion parameter N(0, 1)
T standard deviation parameter for 1) I'(100,1000)
] vector of probabilities for multinomial distribution N/A
Y vector the log-concentration of all | species relative to the N/A
reference species after sequencing
A integrated eDNA factor N/A
q trawl catchability N/A
Subscripts
i species (n=7)
j station (n=4)
y year (n=3)
d depth (n=3)
b biological replicate (n=2 for year 2019 and 2020, n=3 for 2021)
r technical replicate (n=3 for ddPCR runs)
p standard aliquote sample (n=160)
m mock community aliquote sample (n=6)
898
899
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900
901
902
903

904
905

Table S7: The species-specific average number of (i) reads in metabarcoding data (MB) and their

proportion (ii) catches in trawl data (iii) positive droplets in ddPCR data (iv) estimated concentration

(C) and (v) fish density (X) across all samples through the joint model. Note that 0 is in natural

logarithmic space thus X= C * e,

Species MB MB  Trawl ddPCR C 0 X
reads % catches positive  (copies/uL) (mean)  (fish/km?)
droplets

Gadus morhua 116462 0.22 30 2.8 -204 -8.09 b2
Clupea harengus 7.5 9.8 -1.49 595 g4
Mallotus villosus 69314  0.14 1861 -361 -12.96 el
Cyclopterus lumpus 8159 0.02 .083 921 -8.93 0%
Leptoclinus maculatus 9474 0.02 18 -9.08 -1456  e>76
Hippoglossoides platessoides 305022 0.60 990 258 -12.28  e%7
Pleuronectes platessa 0 0.00 3.7 2740 -30.84 3
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Supplementary figures
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Figure S1. Map over trawl transects and eDNA sampling stations.
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Figure S2. The cloglog link-function between the proportion of positive droplets, ddPCR measured
concentrations (dotted line with diamond dots for samples) and known standard concentration (solid

line with circles for samples; a) for Clupea harengus and Gadus morhua. The distribution of
environmental samples concentration for each species (b).
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Figure S3. Rarefaction curves among all the environmental samples excluding the amplicons belonging

to Poecilia sphenops. The lines orange indicates the curves’ saturation point of ca. 30,000 reads and
the blue line indicates the average number of reads per sample of 90,000 reads.
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Figure S4. The change in the relative abundance of species composition in mock community before
(measured through Qubit quantification system) and after the PCR (measured as the average amplicon
abundance of six bio-replicate samples; a and b). Species composition shown in relative abundance

(measured as amplicon abundance) for each of the six bio-replicates of mock community samples (c).
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Figure S6. Full schematic overview of the joint Bayesian model workflow including all the inferences
and processes.
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