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Abstract 

Marine predators include some of the most threatened taxa globally, risking 

the loss of key ecosystem functions and services that they provide unless 

conservation action can reverse their declining population statuses. Marine 

protected areas (MPAs) are the most popular tool implemented to protect 

marine predators, but it remains unclear how effectively current MPA 

systems are capturing the requirements of marine predators due to incomplete 

knowledge of their distributions and limited long-term monitoring post-

introduction of conservation measures.  

Environmental DNA (eDNA) offers a novel way to survey the marine 

environment, improving the detectability of rare species and observing 

changes across whole ecosystems simultaneously. The aim of my thesis was 

to explore how eDNA metabarcoding could improve the conservation of 

marine predators. I addressed this aim across four main research questions:  

1) Can simultaneous monitoring of marine predators and their prey with 

eDNA metabarcoding improve understanding of their fine-scale 

habitat use?  

2) Does the structure and complexity of cetacean’s ecosystems change 

spatially and temporally, and how does this effect vulnerability to 

climate change? 

3) Can we retrieve high quality species distributions from commercial 

vessel surveys, permitting eDNA surveys to be upscaled across 

greater spatiotemporal resolutions?  

4) How does improved spatiotemporal and taxonomic coverage offered 

by eDNA impact spatial priority area designations within a marine 

spatial planning framework?  

eDNA revealed previously unknown patterns in the spatiotemporal 

availability of key prey species for cetaceans that improved understanding of 

their habitat use within a newly designated marine protected area. These prey 

species are highly connected and important ecosystem components but are 

particularly vulnerable to climate change so future changes to the ecosystem 

structure can be expected.  
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Accessing spatiotemporal scales relevant to marine predator distributions 

often relies on expensive dedicated research vessels, but I demonstrate that 

commercial vessels offer a viable alternative. Sampling along routes that 

cover environmental variability and community composition adequately can 

predict species distributions as accurately as comparative nonbiased samples. 

Commercial vessels coupled with advances in automating eDNA sample 

processing offers a promising avenue to increase regular monitoring of the 

marine environment, especially in areas that are often under sampled and 

otherwise inaccessible. 

Marine spatial planning often relies on coarse ecological data, such as habitat 

types or bioregions, to identify priority areas for conservation management. 

eDNA surveys can improve taxonomic coverage and understanding of 

species distributions. I showed that considering taxonomic groups (marine 

mammals, elasmobranchs, teleost fishes) separately more effectively 

identified spatial priority areas for the different groups which were missed in 

spatial priority areas designed for all taxa simultaneously. Including 

conservation objectives specific to different marine predator taxa will achieve 

more effective conservation that incorporates their contrasting and 

specialised life histories and habitat requirements.  
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Chapter One – General Introduction 

The Anthropocene epoch has exerted human influence on every part of the 

ocean, more and more necessitating well-implemented effective conservation 

actions (Halpern et al., 2019). On average, threatened marine species are 

exposed to cumulative human impacts in over half of their ranges (O’Hara et 

al., 2021). Overexploitation, habitat destruction, climate change and pollution 

have resulted in increased losses of marine biodiversity, including 38% and 

71% declines in the global abundance of bony fishes and sharks and rays 

respectively since the 1970s (Hutchings et al., 2010; WWF, 2022). These 

losses jeopardise vital ecosystem services including carbon uptake and 

storage, mediating weather patterns, food for over a billion people and coastal 

defences. Reversing or reducing the loss of marine biodiversity is therefore 

essential for long-term food security, as well as increased resilience to climate 

change (Sumaila & Tai, 2020). 

1.1. The state of marine conservation in the 21st century 

Marine protected areas (MPAs), i.e., geographically defined areas with 

regulations or management to achieve conservation objectives, are the main 

tool to conserve marine ecosystems from human impacts (Maestro et al., 

2019; Trouillet & Jay, 2021). The Convention on Biological Diversity’s 

(CBD) Aichi Targets objective to protect 10% of oceans by 2020, and more 

recently, the 2030 Agenda to increase protection to 30%, have been key 

legislations in the expansion of MPA coverage (Maestro et al., 2019). As of 

2023, 18, 445 MPAs have been established, covering 29.6 million km2 

equating to 8.16% of the ocean’s surface (Figure 1.1)(UNEP-WCMC & 

IUCN, 2023). Effective MPAs have resulted in increased richness and 

biomass of large fish species, and rely on five key features; no-take 

regulations, enforcement, large (>100 km2), old (>10 years) and isolated 

(Edgar et al., 2014). MPAs covering these criteria are a small minority, with 

most failing due to a lack of effective, equitable management resulting from 

monetary and workforce constraints (Edgar et al., 2014; Gill et al., 2017). 

Instead, less than 3% of the ocean is fully or highly protected because other 

MPAs still permit significant human activities that prevent conservation 
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objectives being met or are “paper parks” which are legally designated but no 

management actions are implemented, resulting in no ecosystem benefits 

(Grorud-Colvert et al., 2021; Rilov et al., 2020). Further, global coverage of 

MPAs is biased, with only 1.44% of protected area coverage in areas beyond 

natural jurisdiction (ABNJ) despite constituting over 60% of the ocean 

(Maestro et al., 2019). Whilst large size contributes towards effective MPAs, 

they are also the most challenging to enforce and manage, conflicting with 

the lack of available resources (Wilhelm et al., 2014). There has also been a 

tendency to implement large MPAs in remote areas with low human impacts 

and economic value for ease of designation, contributing marginally to 

protecting threatened species and habitats (Devillers et al., 2015; Devillers et 

al., 2020). Looking ahead, achieving protected area coverage targets will not 

automatically accomplish marine biodiversity conservation objectives, 

without improved management and compliance (Edgar et al., 2014).  

 

Figure 1.1. a) the global distribution of marine protected areas (blue) and other 

effective area-based conservation measures (pink). b) the temporal expansion of 

global marine protected area coverage (%). Data from UNEP-WCMC and IUCN 

(2021). Figure from Lotze (2021). 

Marine spatial planning (MSP) is the process of spatially and temporally 

allocating resource use and management areas to a seascape to achieve 

ecological, economic and social objectives whilst minimising stakeholder 

conflict (Ehler, 2021). This process has expanded massively over the past 30 

years, with 70 countries covering six continents and four ocean basins now 

developing MSP (Santos et al., 2021). In theory, MPAs integrated within an 

MSP framework offer a logical means for allocating areas to achieve 

ecological goals (Trouillet & Jay, 2021). However, real-world MSP is 

generally driven by blue growth, such as the expansion of renewable energy 

projects or oil and gas infrastructure, whilst MPA designations are handled 



16 
 

 
 

by separate institutional processes (Jones et al., 2016; Trouillet & Jay, 2021; 

Young, 2015). For example, in Europe, two different approaches for marine 

spatial planning have been adopted through the Marine Strategy Framework 

Directive (MSFD) and the Integrated Maritime Policy (IMP) (Qiu & Jones, 

2013). The MSFD’s main objective is to achieve good environmental status 

with MPAs as an integral tool, while IMP places far greater emphasis on 

promoting maritime economic development and conservation and MPAs 

form one of several uses of marine space (Jones et al., 2016; Qiu & Jones, 

2013). Regardless, the effectiveness of achieving conservation through either 

MPAs, MSP, or the convergence of both, will depend on financial constraints, 

and adequate data to inform these processes (Trouillet & Jay, 2021). As 

biodiversity data availability increases, more emphasis should be placed on 

separate conservation requirements by different groups of species or habitats, 

which are typically considered synergistically in MSP decision-making tools 

(Augé et al., 2018).  

1.2. The conservation of marine predators  

Marine predators are an ecologically important but highly threatened group 

that are not being sufficiently protected in global MPA systems (Conners et 

al., 2022). They encompass a large and diverse group of organisms including 

marine mammals, elasmobranchs, large teleost fishes and seabirds, which 

occupy high trophic levels in marine ecosystems. Most perform key roles in 

ecosystem functioning such as top-down control of food webs, nutrient 

cycling and redistribution, ecosystem engineering and climate change 

mitigation (Hammerschlag et al., 2019). They are also highly valuable and 

heavily targeted commodities by global fisheries and eco-tourism, both multi-

billion-dollar industries creating millions of job opportunities (Cisneros-

Montemayor et al., 2010; Juan-Jordá et al., 2011; Myers & Worm, 2005). 

Marine predators can themselves be useful conservation tools by acting as 

indicators of broader ecosystem changes (Hazen et al., 2019). For example, 

population trends and dietary or distribution changes can indicate changes in 

the abundance or distribution of their prey species which are often more 

challenging ecosystem components to monitor (Hazen et al., 2019). Our 

understanding of the ecological influence of marine predators is based on a 

limited number of well-studied species, but different species will serve 
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different functions thus necessitating further research to argue their 

importance for increased conservation measures (Estes et al., 2016).  

Marine predators constitute some of the most threatened taxa globally, with 

over a third of marine mammals and elasmobranch species classified as 

threatened in IUCN red list assessments (Davidson et al., 2012; Dulvy et al., 

2021). Overfishing is the leading threat to all taxa, with targeted fisheries 

resulting in the loss of 90% of large predatory fishes (Myers & Worm, 2003). 

In contrast, elasmobranchs and marine mammals are more threatened by 

incidental catches, i.e., bycatch or entanglement in ghost fishing gear (Dulvy 

et al., 2021; Estes et al., 2016). Other shared threats include habitat 

degradation, pollution, and climate change (Arthington et al., 2016; Avila et 

al., 2018; Dulvy et al., 2021). Noise pollution and ship strikes are well 

established threats for marine mammals, but are less understood, although 

potentially significant threats, for teleost fishes and elasmobranchs (Avila et 

al., 2018; Mickle & Higgs, 2022; Pirotta et al., 2019). Climate change is likely 

to supersede other threats over the coming decades as the oceans continue 

warming and could also reduce the effectiveness of conservation measures, 

such as MPAs, to mitigate against other threats (Albouy et al., 2020). Tropical 

sharks and teleost fishes who are already close to their thermal tolerances, as 

well as marine mammals with specialised diets, small geographical ranges or 

dependency on ice are most susceptible (Albouy et al., 2020; Diaz-Carballido 

et al., 2022). Global mismatches between MPAs and marine predator ranges 

suggest that their conservation needs are not currently being well captured 

with MSP (Conners et al., 2022). 

Marine predators are challenging to protect with MPAs as we frequently lack 

the population-level distributional data required for MPA implementation, 

and to set realistic population growth or recovery objectives, exacerbated 

because significant human impacts precede baseline data collection 

(Jorgensen et al., 2022).  Generally, marine predators are migratory species 

with large spatial ranges, subjected to different legislations and protections as 

they pass through Exclusive Economic Zones or ABNJ, necessitating cross-

country collaborations (Lascelles et al., 2014). To encompass their ranges 

within MPAs would require protecting impossibly large areas (Wilhelm et al., 

2014), and thus marine predators often remain exposed to threats when 
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travelling outside of MPAs (Notarbartolo Di Sciara et al., 2016). MPAs 

designated for marine predators often focus on habitats deemed critical such 

as breeding or foraging grounds, which are constrained to relatively small 

spatial scales compared to their overall ranges (Nelms et al., 2021). However, 

this method will only be effective if the life stages which confer highest 

population growth rates are protected, requiring data on specific life stages 

(Conners et al., 2022). Further, these smaller areas, especially foraging 

grounds, are expected to shift temporally resulting from both predator and 

prey species responding to global warming. Therefore, incorporating more 

dynamic management into MPA objectives is encouraged to ensure long-term 

effectiveness (Maxwell et al., 2020). Enhanced understanding of marine 

predator distributions, and climate-induced distributional shifts, through 

technological advances will support MPA expansion to better cover marine 

predator requirements (Grémillet et al., 2022).  

1.4. Enhancing marine conservation through new technological 
innovations 

Technological advances, such as remote sensing, telemetry, and 

environmental DNA (eDNA), have enabled retrieval of higher quality data 

across larger spatiotemporal scales, enhancing our knowledge of species 

distributions and areas where mitigation against human impacts are required 

(Berger‐Tal & Lahoz‐Monfort, 2018; Dutton et al., 2019). Combined, these 

technologies provide new ways of identifying marine species and their 

whereabouts without needing to visually sight them, including tracking of 

long-range migrations, and the environmental variables responsible for 

driving their movements (Grémillet et al., 2022). These advances can support 

marine research where difficult accessibility and monetary constraints have 

resulted in a lack of knowledge and delayed conservation initiatives relative 

to the terrestrial environment (Maestro et al., 2019).  Even so, only 5% of the 

ocean’s surface has been explored, with pervasive biases in record collection 

in coastal environments (< 5 km from shore) or along busy shipping routes 

(Hughes et al., 2021). Modern technologies to reduce key knowledge gaps in 

the marine environment are essential to assess the health of ecosystems, 

mitigate human impacts and climate change, and to optimise MPA placement 

(Edgar et al., 2016).  
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Key technological innovations have revolutionised marine predator research 

in two ways; firstly, by directly improving our knowledge of species habitat 

use, distributions and behaviours, and secondly, by increasing the availability 

of high-resolution environmental data to determine abiotic drivers (Grémillet 

et al., 2022)(Table 1.1). Telemetry technologies, such as satellite or acoustic 

tags, have helped better understand the spatial ecology of marine megafauna, 

providing new insights into home ranges and critical habitats, trans-oceanic 

migrations and vertical distributions (Grémillet et al., 2022; Hussey et al., 

2015). Previously, species ranges were evaluated using mark-recapture 

methods which relied on individuals being recaptured and only provided very 

coarse data, i.e., mark location and recapture location (Eberhardt et al., 1979; 

Hussey et al., 2015). Unmanned aerial vehicles (UAVs) have improved 

population abundance estimates, especially for highly dispersed, far-ranging 

species such as polar bears, and health assessments based on body condition 

indexes which can inform the conservation status of populations (Fiori et al., 

2017; Rees et al., 2018). UAVs can also identify behaviours which may 

indicate critical habitats, i.e., foraging or breeding grounds, for protection 

(Schofield et al., 2019). However, UAVs are restricted to species which 

surface regularly, i.e., marine mammals, rely on land for part of their life 

history strategy, or inhabit shallow, coastal environments, such as reef sharks 

(Kiszka et al., 2016). Alongside improved understanding of fine-scale species 

distributions and habitat use, remote sensing has provided data on important 

environmental parameters, often at global scales with increasingly fine-scale 

resolutions, to identify abiotic and biotic drivers of species occurrences (Rose 

et al., 2015). For example, satellite remote sensing of ocean colour provides 

data on phytoplankton biomass and composition, whilst infrared or 

microwave radiometers provide data on sea surface temperature (Kavanaugh 

et al., 2021; Minnett et al., 2019). The challenge is now to utilise these tools 

in complementary ways to continue expanding spatiotemporal coverage of 

species distributions, whilst incurring minimum costs. 
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Table 1.1. Summary of modern technologies that have been incorporated into marine 

predator research and have potential to improve their conservation. 

Technology Data gained Conservation applications 

Telemetry – 
animal borne 
sensors 

- Horizontal and 
vertical movements 
of individuals 

- Ambient physical 
variables i.e., 
conductivity, 
temperature, depth 

- Heart rate/dissolved 
oxygen/blood 
chemistry 

- Improved 
knowledge of 
species 
distributions, 
especially long-
range migrations 

- Filling important 
observational gaps 
in key physical 
environmental 
variables 

Remote 
sensing  

- Identification of 
large 
species/species 
aggregations 

- Environmental 
variables i.e., 
primary 
productivity/depth 
that drive species 
distributions 

- Understand biotic 
and abiotic drivers 
of species habitat 
use 

- Detect changes in 
important 
environmental 
variables 

Molecular 
techniques  

- Identification of 
species and 
delineation between 
populations 

- Effective population 
size 

- Species diversity 
- Inbreeding 

depressions 
- Adaption potential 

 

- Broader taxonomic 
coverage in line 
with ecosystem-
based management 

- Distinguish 
different 
management stocks 
more accurately 

- Non-invasive 
technique for 
threatened species 

Unmanned 
aerial 
vehicles  

- Species 
identification 

- Quantify 
behavioural states 

- Collect genetic 
material 

- Assess body 
condition 

- Population 
assessments 

- Identification of 
critical habitats i.e., 
breeding/foraging 
grounds 

- Improved 
understanding of 
individual and 
population health 

 

Coupled advances in techniques, such as telemetry and remote sensing, have 

increased the widespread use of species distribution models, which are 
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important to support conservation decision making (Hussey et al., 2015; 

Zurell, Franklin, et al., 2020). These models relate presence or abundance data 

from the species of interest with environmental covariates to predict species 

distributions across space and time. Past or future distributions can be 

predicted as well as overall community composition, and biotic and abiotic 

drivers of distributions can be identified (Randin et al., 2020). These models 

are instrumental for evaluating whether MPAs are adequately covering 

species distributions and whether they will continue to do so in the future 

(Wilson et al., 2020). They are also frequently used as conservation features 

within spatial planning decision making tools, such as Marxan, to select 

planning units that cover specific distribution coverage targets whilst 

incurring the least costs, often represented as opportunity costs, i.e., displaced 

fishing effort (Smith et al., 2009). Near real-time species distribution 

modelling predictions have enabled dynamic oceanic management for 

bycatch mitigation and dynamic fisheries closures based on daily 

oceanographic parameters (Hazen et al., 2018). This approach has been 

successfully implemented in Eastern Australia’s longline fisheries to reduce 

catches of southern bluefin tuna (Hobday & Hartmann, 2006). Smaller spatial 

closures are required compared to static management areas, thus benefitting 

the fisheries whilst adequately protecting the species of conservation concern 

(Hazen et al., 2018; Hobday & Hartmann, 2006). 

Molecular techniques can complement other technological advances by 

providing unique data that enhances our ability to conserve biodiversity at 

different levels depending on genetic variation, i.e., between individuals, 

populations or species (Nielsen et al., 2022). Central to conservation genetics 

is assessing the short-term and long-term viability of populations through 

levels of inbreeding and adaptive potential respectively (Fuentes‐Pardo & 

Ruzzante, 2017; Ouborg et al., 2010). High-throughput sequencing has been 

pivotal for increasing the resolution and accuracy of these analyses through 

greater coverage of sequenced loci (thousands to millions) across the whole 

genome compared to 10-20 neutral markers previously (Hunter et al., 2018). 

For example, runs of homozygosity (ROH) mapped to a reference genome 

can reveal more precise individual inbreeding estimates without parental 

analysis, and the length of ROH regions can indicate how recent or old 
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inbreeding events were (Fuentes‐Pardo & Ruzzante, 2017; Hohenlohe et al., 

2021). High-throughput sequencing has also enabled us to answer new 

questions, such as which regions of the genome are involved in adaptation to 

local environmental change, facilitated by the identification of functional 

genetic variation, i.e., portions of the genome under selection which effect 

fitness (Kardos et al., 2021; van Oppen & Coleman, 2022). While genomic 

techniques typically rely on high quality DNA samples, high-throughput 

sequencing has also increased the applicability of low-quality samples from 

which shorter fragments at fewer loci are retrieved, mainly as a tool to detect 

species presence (Hohenlohe et al., 2021). This advance led to the emergence 

of eDNA approaches, i.e., DNA sourced directly from the environment, to 

detect species and make population genetics inferences, which has been the 

most widespread genetics tool incorporated into marine conservation to date 

(van Oppen & Coleman, 2022). 

1.5. Incorporating environmental DNA into conservation 

eDNA coupled with technological advances in molecular approaches have 

provided novel methods to characterise ecosystem community profiles with 

metabarcoding or to monitor specific species with more sensitive assays 

(Deiner et al., 2017). eDNA refers to DNA extracted directly from 

environmental samples, such as air, soil or water, without needing to isolate 

the target organism(s) first (Taberlet et al., 2012). eDNA originates from a 

wide variety of sources including whole living microbes, or cellular remains 

(i.e., faeces, urine, mucus, sloughed skin cells, gametes) and extracellular 

DNA for macrofauna (Deiner et al., 2017). eDNA analyses are comprised of 

three different approaches; single-species identification, metabarcoding 

where multiple taxa are identified, and metagenomics where functionality or 

genome assemblies are investigated (Figure 1.2). The first steps in all 

approaches includes sample collection from the field followed by DNA 

extraction. To detect a single species or to investigate population genetics, 

sensitive PCR techniques, such as qPCR or digital-droplet PCR, are employed 

to quantify low levels of species-specific DNA (Williams et al., 2019). The 

metabarcoding approach instead uses conventional PCRs with conservative 

primers that amplify barcoding regions from multiple taxa of interest. High-

throughput sequencing then allows for sequences from multiple templates to 
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be sequenced in parallel, contributing to the expansion of sequencing data 

incorporation into ecological research (Shokralla et al., 2012). Bioinformatic 

pipelines are employed to de-noise the data by demultiplexing and removing 

errors (i.e., from contamination or chimeras through PCR), and to identify 

taxa from sequencing reads through molecular operational taxonomic units 

(OTUs) or amplicon specific variants (ASVs) using reference sequencing 

libraries (Calderón‐Sanou et al., 2020; Callahan et al., 2017). The 

metagenomics approach forgoes any DNA amplification, and instead 

indiscriminately sequences DNA extracts, which can be useful for population 

genomic studies to identify SNPs when full reference genomes are available 

(Cammen et al., 2016). 

 

Figure 1.2. The different workflows for the three main approaches (single species, 

metabarcoding and metagenomics) employed in environmental DNA studies. 

Adapted from Taberlet et al. (2018). 

eDNA approaches were initially incorporated into microbiology to predict 

community composition of microbes which were unable to be cultured 

successfully (Thomsen & Willerslev, 2015). Throughout the early 2000s, this 

method was applied to investigate the diversity and functionality of microbial 



24 
 

 
 

communities, and assemble genomes for uncultivable microbes in a range of 

environments including soil, marine, freshwater and permafrost (Riesenfeld 

et al., 2004). This was followed by the first study on macro-organisms in 2003 

from permafrost cores and sediment deposits where 300 to 400 ky old DNA 

from plants, and 20-30 ky old DNA from vertebrates were detected, including 

both extinct and extant species (Willerslev et al., 2003). Examining 

paleoenvironments with eDNA has permitted the reconstruction of high-

latitude communities and altered views about paleocommunities of certain 

epochs (Willerslev et al., 2007). In 2008, Ficetola et al. (2008) utilised eDNA 

in the freshwater environment for the first time, demonstrating that eDNA 

could accurately predict the presence and absence of an important invasive 

species, the American bullfrog (Rana catesbeiana). 2012 marked a pivotal 

year in establishing eDNA as a biodiversity monitoring tool (Takahashi et al., 

2023), with the first comprehensive eDNA reviews published (Taberlet et al., 

2012; Yoccoz, 2012), and the first studies on fish and marine mammals in the 

marine environment (Foote et al., 2012; Thomsen et al., 2012). eDNA 

detected the same amount or more fish species than nine methods commonly 

used for fish surveys, showing that eDNA is an important tool for 

investigating community composition in the marine environment (Thomsen 

et al., 2012). Meanwhile, detections of harbour porpoises (Phocoena 

phocoena) were less reliable with eDNA compared to acoustic methods 

(Foote et al., 2012). Since then, the number of aquatic eDNA papers has 

steadily grown, with metabarcoding publications exceeding single-species 

approaches for the first time in 2021 (Takahashi et al., 2023), and 

continuously being applied across more environments, to answer more 

questions, i.e., community composition characterisation (Sawaya et al., 

2019), threatened or invasive species detections (Juhel et al., 2021; Whitaker 

et al., 2021), population genetics (Parsons et al., 2018), response of 

communities to human impacts or climate anomalies (Bakker et al., 2017; 

Djurhuus et al., 2020), and trophic interactions (D’Alessandro & Mariani, 

2021).   

eDNA has been proposed as a useful biomonitoring tool in multiple applied 

conservation settings, for example, in fisheries management, invasive species 

monitoring, and MPA management to assess the success or failure of 
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conservation efforts (Schadewell & Adams, 2021). eDNA  can complement 

commercial fish stock assessments to ensure that fishing practices are 

sustainable  (Hansen et al., 2018). Multiple studies comparing fish with 

commercial fishing gear have shown that eDNA reliably detects the same 

number or more species (Afzali et al., 2021; Fraija‐Fernández et al., 2020; 

Thomsen et al., 2012; Thomsen et al., 2016). Spatiotemporal patterns in 

relative eDNA abundances could expand knowledge of migration patterns 

and life-history events, and improve fisheries genetics methods, but eDNA 

cannot provide information on the size, age or number of fish which are well 

established parameters in fisheries for estimating productivity and 

reproductive outputs (Hansen et al., 2018; Schadewell & Adams, 2021). 

Invasive species can lead to native species extinctions, with propagating 

effects throughout ecosystems (Giakoumi et al., 2019). High connectivity in 

the marine environment makes eradicating invasive species challenging, and 

efforts have only been successful with early detections (Giakoumi et al., 

2019). eDNA’s sensitivity for detecting rare species improves the likelihood 

of early detections, and has already been incorporated into invasive species 

monitoring for Asian carps (Hypophthalmichthys nobils and 

Hypophthalmichthys molitrix) in the Great Lakes (Sepulveda et al., 2020). 

eDNA also presents a cost-effective tool for facilitating broad ecosystem-

based management within MPAs, which often fail to achieve biodiversity 

objectives due to lack of adequate monitoring (Dunham et al., 2020). eDNA 

sampling within MPAs has revealed previously unidentified threatened 

species, such as the critically endangered European eel (Anguilla 

Anguilla)(Barco et al., 2022), and distinguished community composition 

between MPAs and adjacent areas (Boulanger et al., 2021; Gold et al., 2021). 

Enhanced knowledge of species distributions derived from eDNA surveys 

may inform improved selection of MPA sites in MSP (Bani et al., 2020). 

However, limited guidelines exist for best practices in MPA monitoring and 

MSP (Bani et al., 2020; Gold et al., 2021). Targeted guidelines will be 

necessary to address uncertainties related to specific objectives, i.e., 

quantifying the likelihood of false positives to mitigate against MPAs being 

placed in areas without the species of conservation concern (Bani et al., 2020; 

De Brauwer et al., 2023).  
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Below I highlight some main areas where eDNA can improve our 

understanding of marine predator ecology, current limitations to these 

approaches, and how this can feed into more effective conservation for marine 

predators. 

A) Expanding knowledge of species distributions across greater 

spatiotemporal scales  

Both single-species and metabarcoding eDNA approaches can benefit 

conservation by providing better knowledge of marine predator distributions. 

Currently, population-level distributions are frequently lacking for marine 

predators, but these are essential to accurately designate marine protected 

areas within MSP (Jorgensen et al., 2022). Further, climate change is altering 

marine predator distributions, necessitating monitoring to update 

distributions to adapt current MPA systems to ensure long-term effectiveness 

(van Weelden et al., 2021). eDNA is especially good at detecting species in 

low abundance, which has led to marine predators being detected in 

previously unknown areas despite being surveyed with other technologies, 

such as underwater or boat-based visual censuses and baited remote 

underwater videos (BRUVs) (Albonetti et al., 2023; Boussarie et al., 2018; Ip 

et al., 2021). eDNA methods have led to the first detections of critically 

endangered scalloped hammerheads (Sphyrna lewini) in Guam for five 

decades (Budd et al., 2021), and detections of the data deficient dwarf sperm 

whale (Kogia sima) in new areas (Juhel et al., 2021). Enhanced detection 

detectability has indicated habitat use in areas that overlap with high human 

impacts, higher occurrences in areas with management regulations and 

seasonal distributional changes within MPAs (Budd et al., 2023; Stewart et 

al., 2017; Valsecchi et al., 2023). As well as providing occurrence data, eDNA 

read counts can indicate spatiotemporal trends in the relative abundance of 

species (Jensen et al., 2023; Mariani et al., 2021), or life history stages, i.e., 

putative spawning events for fishes (Di Muri et al., 2022). 

eDNA studies in the marine environment have largely been constrained to 

small spatial scales, i.e., a few square kilometres in coastal areas or ports 

(Fraija‐Fernández et al., 2020; Jerde et al., 2019), but to inform us about 

marine predator distributions, it will be necessary to upscale surveys to cover 
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the extent of their large distribution ranges (Sequeira et al., 2019). 

Accessibility to survey large spatial (hundreds of square kilometres) marine 

areas typically relies on the use of expensive dedicated research vessels 

(Truelove et al., 2022). However, these platforms are unlikely to be feasible 

for implementing widescale, long-term monitoring given that limited finances 

are a major barrier to effective conservation management (Gill et al., 2017). 

Method standardisation across different eDNA studies would enable 

comparisons between different study areas, and therefore increase the 

spatiotemporal scope of eDNA surveys (Takahashi et al., 2023). However, 

the opposite trend is currently happening, with increasingly more techniques 

being applied across different stages of the workflow (Takahashi et al., 2023). 

Commercial vessels, such as ferries, navy and fishing vessels represent 

alternative, cost-effective platforms to achieve wider spatiotemporal 

coverage. Typically, eDNA studies utilising these platforms have 

investigated spatial patterns in community composition along the route or 

temporal community changes by repeatedly surveying the same route (Jensen 

et al., 2023; Maiello et al., 2023; Valsecchi et al., 2021). However, inferring 

species distributions from these sampling platforms will require statistical 

modelling approaches to project occurrences into unsurveyed areas. Given 

that commercial vessels usually cover set routes, this could bias the species 

distributions recovered if the commercial vessels do not adequately cover the 

environmental range utilised by the species of interest (Tessarolo et al., 2014).  

Commercial vessels have been widely utilised as opportunistic sampling 

platforms for visual surveys resulting in over 50% of marine occurrence 

records being collected along shipping routes (Hughes et al., 2021). Despite 

their widespread application, there is still limited guidance to execute 

effective sampling strategies to ensure that inherent biases associated with 

restricted sampling frames are limited (Tessarolo et al., 2014). Spatially 

biased sampling decreases the predictive accuracy of species distribution 

models, where species distributions are projected across space based on 

relationships between species occurrences and environmental predictors 

(Santini et al., 2021). These biases can result in negative consequences when 

models are implemented to prioritise spatial conservation areas. Omission 

errors can result in critical habitats for species not being included in reserve 
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systems, while commission errors can lead to limited resources being 

delegated to protect areas without the species of conservation concern 

(Kramer‐Schadt et al., 2013). Spatially restricted sampling can still produce 

species distribution models with comparable accuracy to unbiased strategies, 

i.e., random or systematic sampling, as long as environmental variability is 

accurately captured (Tessarolo et al., 2014). However, there is no precedent 

for selecting networks of commercial vessel routes to ensure that 

environmental gradients are adequately covered. Further, eDNA surveys also 

require guidelines for effectively allocating point-based sampling locations 

across routes (Bani et al., 2020). Deducing sampling strategies to quantify 

and reduce biases associated with commercial vessels will be necessary to 

leverage these platforms of opportunity effectively to sample at the 

spatiotemporal scales relevant for assessing marine predator distributions. 

B) Improved understanding of biotic interactions to assess whole 

ecosystem-level responses to disturbance or management  

Species are often considered in isolation within conservation management 

objectives, but failure to account for biotic interactions could be detrimental 

to the species of concern if important biotic links are not sustained, or have 

unintended consequences on other ecosystem components, i.e., increase in 

predatory species may drive prey species to low biomass (Cashion et al., 

2020; McDonald-Madden et al., 2016). However, biotic interactions are 

challenging to establish in speciose systems, or in the marine environment 

where direct observations are limited (Albouy et al., 2019; Bonebrake et al., 

2018). The unique snap shots of community characterisations derived from 

eDNA metabarcoding enables further exploration of interactions and co-

occurrences of species, enhancing understanding of how whole ecosystems 

respond to disturbances or management actions (DiBattista et al., 2020; 

Djurhuus et al., 2020). Significant spatial co-occurrence between species can 

infer biotic interactions whereby two species impacting each other’s presence 

or abundance will share a non-random co-occurrence, although this can also 

be due to shared environmental requirements (Freilich et al., 2018).  Diet 

metabarcoding studies have improved knowledge of marine predator trophic 

interactions, which traditionally rely on stomach content analyses or stable 

isotopes (Sonsthagen et al., 2020; Zhang et al., 2023). We can now couple 
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this with eDNA metabarcoding to construct local community food webs 

(D’Alessandro & Mariani, 2021), and improve understanding of predator-

prey dynamics (Visser et al., 2021), which is normally limited due to a lack 

of reliable prey data (Robertson et al., 2022; van Weelden et al., 2021). For 

example, Risso’s dolphins and Cuvier’s beaked whales exhibit spatial 

partitioning in the Azores, assumed to be driven by niche separation of prey 

species, but eDNA metabarcoding showed that preferred prey of both species 

were available across different depths and foraging zones (Visser et al., 2021). 

Foraging grounds are a focal point for marine predator MPA designation 

(Nelms et al., 2021), but climate change may impact their long-term 

effectiveness resulting from decoupling of trophic interactions due to 

asynchronous range shifts (Bonebrake et al., 2018). Therefore, increased 

understanding of predator-prey dynamics is essential to understand how 

predators will respond to distribution shifts of prey, i.e. by switching to new 

prey species or by changing their distributions (van Weelden et al., 2021).  

C) Non-invasive population genetics  

Population genetics metrics are useful in MSP to identify priority 

managements units, through delineation of different populations and to 

incorporate connectivity and migrations into reserve networks (Kershaw et 

al., 2021). Obtaining these metrics for marine predators typically relies on 

collecting tissue samples using biopsy darts, which can be challenging for 

small, fast species and difficult to acquire permits for protected or endangered 

species due to the potential disturbance caused (Parsons et al., 2018; 

Sigsgaard et al., 2016). eDNA offers a non-invasive and cost-effective 

alternative for making intraspecific inferences, potentially expanding 

population genetics data across larger spatial scales and covering more 

species (Tsuji et al., 2020). So far, population genetics inferences from eDNA 

have been retrieved from mitochondrial haplotypes due to higher copy 

numbers in the environment and greater coverage in reference libraries 

(Sigsgaard et al., 2020). This approach has successfully delineated harbour 

porpoise populations which were previously treated as a single management 

unit, with one unit likely to be endangered and thus needing to be prioritised 

in further conservation efforts (Parsons et al., 2018). Advancements in high-

throughput sequencing technologies may soon permit whole mitochondrial 
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genome sequencing from environmental samples, potentially allowing unique 

individuals to be identified, providing more robust abundance estimates than 

read counts, and greater phylogenetic signals (Dugal et al., 2022; Jamy et al., 

2020; Sigsgaard et al., 2020). Abundance metrics are critical for biodiversity 

monitoring to assess the conservation status of populations and to respond to 

population declines with conservation action prior to a species extinction 

(Hammond et al., 2021). The mitochondrial genome only represents a limited 

view of genetic variation as recombination is rare and only maternally 

inherited (Sigsgaard et al., 2020). Improved sampling techniques and 

technologies such as target capture may allow for increased use of nuclear 

DNA as a source of eDNA in the future, thus allowing for more robust genetic 

diversity inferences (Adams et al., 2019; Sigsgaard et al., 2020).  

1.6. Study Areas 

In this thesis, I aim to explore spatiotemporal trends in marine community 

composition and biotic interactions, derived from eDNA metabarcoding. In 

particular, I explore whether knowledge of prey availability improves 

understanding of the fine-scale habitat use of marine mammals. The North 

Sea was chosen as a case study to investigate predator-prey dynamics and 

biotic interactions as waters surrounding the British Isles are subjected to 

above average warming (Belkin, 2009), increasing the likelihood of key prey 

species  shifting distributions or declining, and increased asynchrony in the 

phenology of interacting species (Perry et al., 2005), necessitating long-term 

monitoring to understand and respond to ecosystem changes. I also aim to 

evaluate the effectiveness of commercial vessels as sampling platforms to 

upscale the spatiotemporal resolution of eDNA surveys, and how the resulting 

species distributions could improve marine spatial planning initiatives. Here, 

I selected the Mediterranean Sea as a study area as it hosts disproportionately 

high numbers of threatened marine predators, and it is unclear whether the 

current Mediterranean MPA system is effectively capturing their 

requirements (Dulvy et al., 2021; Giménez et al., 2020).   

1.6.1. Marine predators around the warming British Isles  

Mid-latitude oceanic regions in the Northern hemisphere are predicted to 

experience climate change impacts imminently, especially in the form of 
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species range shifts (Evans & Waggitt, 2020). The North Sea is a climate 

change hotspot that is currently warming at least three times faster than the 

average global rate, exacerbated by high population and industry densities 

(Belkin, 2009). Warming has also facilitated successful colonisation of 

invasive species, resulting in the highest ecological and economic costs across 

European Seas (Vilà et al., 2010). Over 24 species of cetaceans have been 

sighted around the British Isles, with the harbour porpoise (Phocoena 

phocoena) being the most abundant and widely distributed species, while 

other species are regionally or seasonally common such as minke whales 

(Balaenoptera acutorostrata), killer whales (Orcinus orca), white-beaked 

dolphins (Lagenorhynchus albirostris), bottlenose dolphins (Tursiops 

truncatus), Risso’s dolphins (Grampus griseus) and short-beaked common 

dolphins (Delphinus delphis) (Evans & Waggitt, 2020). The British Isles also 

host 38% of the global grey seal population and 30% of the eastern Atlantic 

harbour seal population (Carter et al., 2020). 22% of these marine mammal 

species are threatened, with accidental mortality in fishing gear or ship 

strikes, pollution and directed hunting being identified as leading threats 

(Temple & Terry, 2009). Over 50 elasmobranch species have been recorded 

off of the British Isles (Ellis et al., 2005), although local extinctions of the 

common skate complex (Diputurus batis/D. intermedius) and angel sharks 

(Squatina squatina) (Moore, 2023; Shephard et al., 2019), along with notable 

declines in larger bodied species such thornback rays (Raja clavata), tope 

sharks (Galeorhinus galeus) and spurdogs (Squalus acanthias) have 

occurred, following the widespread commencement of beam trawling in the 

1960-70s (Sguotti et al., 2016). Similar trends have been observed in large 

predatory fish populations, with Jennings and Blanchard (2004) estimating 

that the biomass of 16-66 kg fish is 99% lower than predicted in the absence 

of fisheries. Bluefin tuna disappeared from the North Sea and the fishery 

collapsed, while Atlantic cod (Gadus morhua) stocks have declined by as 

much as 80% (Griffin, 2008). 

Evidence of range shifts across the entire North Sea ecosystem have been 

observed, with important implications for conservation management. The 

dominant copepod species, Calanus finmarchicus, has been replaced with a 

warm-water associated species, C. helgolandicus, coupled with a 70% decline 
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in copepod biomass (Alvarez-Fernandez et al., 2012; Reid, Edwards, et al., 

2003). Two thirds of North Sea fishes have shifted their distributions 

northwards or to deeper depths, including commercially important species 

such as Atlantic cod  (Perry et al., 2005). Common dolphins may be 

outcompeting white-beaked dolphins at their northern boundary, contracting 

the range of white-beaked dolphins who are a cold-water associated species 

(MacLeod et al., 2008). Range shifts could result in threatened species 

moving outside of MPA boundaries, requiring continuous monitoring to 

allow for adaptive responses, i.e., moving or extending MPA boundaries as 

species move (Wilson et al., 2020).  

Other species, including dominant forage fishes such as sandeels (Ammodytes 

sp.), herring (Clupea harengus) and sprat (Sprattus sprattus), have limited 

range shifting capabilities due to reliance on specific substrates for certain life 

stages, i.e., overwintering or spawning, leaving them particularly vulnerable 

to warming temperatures (Frederiksen et al., 2011; Petitgas et al., 2013). 

These species represent the main food source for many North Sea predators, 

and previous declines have been linked to breeding failures in seabird 

populations (MacDonald et al., 2019; Wanless et al., 2005). Furthermore, 

temperature changes will affect seasonal timings of life history events which 

could result in mismatches across trophic levels, i.e., peak productivity of 

copepods will occur earlier while sandeel larvae will emerge later which 

could result in limited prey availability for the larvae (Régnier et al., 2019). 

Shifting ranges or timings of abundance peaks, along with decreased 

abundance of species will all have repercussions across the entire ecosystem. 

Therefore, ecosystem-based management will be essential to detect early 

changes in species presence and abundance, and to monitor cascading effects 

throughout the ecosystem (Johnson et al., 2011). Given eDNA 

metabarcoding’s unique ability to sample whole ecosystems simultaneously, 

this presents an effective method for analysing how North Sea ecosystems 

will respond to continued warming (Djurhuus et al., 2020).   

1.6.2. The Mediterranean Sea – a hotspot of biodiversity and human 
impacts 

Despite only constituting 0.82% of the global oceanic surface, the 

Mediterranean hosts up to 18% of all described marine species, including high 
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numbers of endemic species and marine predators (Coll et al., 2010). 

Mediterranean marine ecosystems are at high risk of collapsing due to 

exposure to some of the highest cumulative human impacts globally (Halpern 

et al., 2019). There are twelve regularly occurring marine mammal species, 

seven of which are classified as threatened, comprising Mediterranean monk 

seals (Monachus monachus), short-beaked common dolphins (Delphinus 

delphis), sperm whales (Physeter macrocephalus), bottlenose dolphins 

(Tursiops truncatus), striped dolphins (Stenella coeruleoalba), Black Sea 

harbour porpoises (Phocoena phocoena relicta) and fin whales 

(Balaenoptera physalus) (Notarbartolo Di Sciara, 2016). The five remaining 

species, Risso’s dolphins (Grampus griseus), killer whales (Orcinus orca), 

rough-toothed dolphin (Steno bredanensis), long-finned pilot whales 

(Globicephala melas), and Cuvier’s beaked whales (Ziphius cavirostris), are 

either data deficient or not assessed (Notarbartolo Di Sciara, 2016). 85 

elasmobranch species also inhabit the Mediterranean Sea, including 20 

species of top predatory sharks, with the three most commonly observed 

species being blue sharks (Prionace glauca), shortfin mako sharks (Isurus 

oxyrinchus) and thresher sharks (Alopias vulpinas) (Bradai et al., 2012; 

Ferretti et al., 2008). 40% of these elasmobranchs are classified as threatened, 

leading to the Mediterranean being acknowledged as an extinction risk 

hotspot for elasmobranchs, with populations experiencing 96-99% declines 

in abundance (Bradai et al., 2012; Dulvy et al., 2014; Ferretti et al., 2008). 

The Mediterranean Sea includes important spawning areas for large, 

commercially important predatory fish such as bluefin tuna (Thunnus 

thynnus), swordfish (Xiphias gladius) and albacore (Thunnus alalunga), 

which are of high conservation priority following overexploitation (De Juan 

& Lleonart, 2010).  

The western basin is assumed to have the highest diversity of marine 

predators, corresponding with highest productivity (Coll et al., 2012). The 

Alboran Sea and offshore waters in the western basin are important for marine 

mammals while coastal waters off Tunisia and Libya contain highest diversity 

of elasmobranchs (Coll et al., 2010). These areas overlap with some of the 

highest human impacted areas, with climate change, fishing, shipping traffic, 

pollution and habitat modification and destruction all potentially contributing 



34 
 

 
 

to the threatened statuses of these top predators (Micheli et al., 2013). Robust 

predictions of species distributions are currently hampered by biases in 

occurrence data, with far greater sampling effort in the north-western 

Mediterranean Sea and coastal regions (Levin et al., 2014; Ramírez et al., 

2022). Given the highly threatened statuses of Mediterranean marine 

predators, increased research effort to address these data gaps is needed to 

ensure that conservation efforts are concentrated in the most effective areas.  

Expanding MPA coverage in the Mediterranean Sea has been the main 

strategy employed to conserve biodiversity, although Mediterranean 

coverage remains lower (6.01%) than global coverage (8.16%) (Claudet et 

al., 2020). Geographical coverage of protected areas is strongly biased 

towards the north-western basin and coastal areas, mirroring the areas with 

highest sampling effort (Claudet et al., 2020).  There are also pervasive 

taxonomic biases, with the two largest MPAs, the Pelagos Sanctuary and the 

Cetacean Migration Corridor, both being designated for marine mammals 

(Abalo-Morla et al., 2022). Even so, this does not offer marine mammals 

adequate protection due to spatially heterogenous distributions and diverse 

habitat requirements.  For example, the Hellenic Trench in the Aegean Sea 

has been identified as an ‘Important Marine Mammal Area’ (IMMA) for deep 

diving species, sperm whales and Cuvier’s beaked whales, but remains 

unprotected due to conflicts with the oil and gas industry (Notarbartolo di 

Sciara & Hoyt, 2020). The Tunisian plateau is the least protected ecoregion 

in the Mediterranean Sea despite having the highest diversity of elasmobranch 

species as well as constituting important breeding and nursery grounds for 

them (Bradai et al., 2012; Claudet et al., 2020). Perhaps of even greater 

concern is that 95% of areas covered by MPAs have no regulations in place 

which distinguish them from outside of MPAs (Claudet et al., 2020). These 

shortcomings stem from limited financial resources to implement monitoring 

within MPAs (Amengual & Alvarez-Berastegui, 2018). Therefore, further 

work to expand MPA coverage and reduce biases to meet global targets is 

required, alongside increased monitoring efforts utilising novel, cost-

effective tools such as eDNA metabarcoding. 
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1.7. Thesis aims and outline 

This thesis contributes to understanding of how eDNA approaches can be 

incorporated into marine predator monitoring to facilitate improved 

conservation outcomes across four papers (Figure 1.3). Firstly, in Chapters 2 

and 3, I aim to identify previously unknown spatiotemporal trends in 

community composition and interactions in a newly designated MPA in the 

Moray Firth, North-east Scotland, employing eDNA metabarcoding. I focus 

on cetacean habitat use in relation to key prey species, as inadequate prey data 

currently limits our understanding of predator-prey dynamics (NatureScot, 

2020). Improved understanding is necessary to predict how marine predators 

will respond to changes in the distribution and abundance of their prey species 

stemming from fishing or climate pressures (Young et al., 2015). In Chapter 

4, I establish effective sampling strategies to reduce biases associated with 

spatially constrained sampling frames, such as commercial vessel routes. 

Commercial vessels allow eDNA surveying across greater spatiotemporal 

scales, relevant to the large ranges of marine predators (Valsecchi et al., 

2021), but will only effectively improve our knowledge of species 

distributions if biases are limited (Santini et al., 2021). Accurate species 

distribution models are required in MSP decision making tools to effectively 

prioritise spatial conservation areas, such as MPAs (Sofaer et al., 2019). 

Finally, in Chapter 5, I investigate whether priority areas for taxonomic 

groups with heterogenous distributions are more effectively captured in 

prioritisation solutions including all taxa simultaneously or when taxonomic 

groups are considered separately. eDNA approaches will improve taxonomic 

coverage of species distributions and permit increased use of taxon-specific 

objectives in MSP (Bani et al., 2020). 

Objective 1: Investigate fine-scale habitat use of cetaceans in relation to 

key prey species in a newly designated MPA. 

MPAs protecting marine predators foraging grounds may be changeable over 

time as prey species respond to climate change by shifting distributions, but 

predators and prey are rarely studied synergistically to investigate how marine 

predators respond to changing prey distributions (Young et al., 2015). In 

Chapter 2, I aim to improve understanding of spatiotemporal availability and 
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abundance of key prey species in relation to cetacean habitat use, in a newly 

designated MPA in the Moray Firth to protect their foraging grounds. 

Baseline community characteristics prior to the implementation of 

conservation actions are essential to evaluate the effectiveness of future 

management actions by comparing changes in community composition 

(Giakoumi et al., 2018).  Therefore, I also assess overall spatiotemporal trends 

across species from all taxonomic levels of the community and identify other 

species of conservation concern. 

Objective 2: Evaluate drivers of species interactions and identify key 

ecosystem components in the Moray Firth community. 

Understanding how communities interact is essential to evaluate the 

vulnerability of species and ecosystems to disturbances from anthropogenic 

pressures and climate change (Bonebrake et al., 2018). In Chapter 3, I 

evaluate spatial and temporal changes in species interactions, and identify 

highly connected species to assess the vulnerability of the Moray Firth 

ecosystem to future climate change impacts.    

Objective 3: Assess the effectiveness of different sampling strategies to 

reduce biases associated with spatially constrained sampling platforms. 

Commercial vessels represent cost-effective sampling platforms that enable 

coverage of greater spatiotemporal scales and access to hard-to-reach pelagic 

regions (Valsecchi et al., 2021). Sampling is usually constrained to set routes 

which could bias the species distributions retrieved, but limited guidance 

exists to implement sampling strategies to reduce these inherent biases. In 

Chapter 4, I aim to quantify biases associated with spatially restricted 

sampling frames, such as commercial vessel routes and consider how 

different coverage of environmental variability and species composition 

impacts the retrieval of accurate species distributions.  

Objective 4: Compare multi-taxon and taxon specific spatial 

conservation priorities for marine predators. 

Marine predators include diverse taxa with different life histories, threats and 

resource needs (Jorgensen et al., 2022; Nelms et al., 2021). Typically, 

conservation practitioners incorporate all biodiversity data across taxa into 
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spatial planning prioritisations, but this may fail to account for taxon-specific 

requirements adequately. In Chapter 5, I evaluate differences between spatial 

conservation areas from prioritisation solutions for individual taxa and all 

taxa, to identify whether each taxon requires specific conservation areas. I 

compare how my prioritisation solutions differ from the current 

Mediterranean Sea MPA system. 

 

Figure 1.3. Schematic diagram of the thesis, highlighting the structure and main 

themes. 
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2.0. Abstract 

Foraging grounds for marine mammals are popular focal points for marine 

protected area (MPA) implementation, but may be temporally dynamic, 

requiring continuous monitoring to infer prey species availability and 

abundance. Marine mammal distributions are assumed to be driven by their 

prey in these foraging areas, but limited understanding of prey distributions 

often prevents us from exploring how shifting prey availability impacts both 

seasonal and long-term distributions of marine mammals. Environmental 

DNA (eDNA) metabarcoding could enhance our understanding of marine 

mammal habitat use in relation to their prey through simultaneous monitoring 

of both.  However, eDNA applications focused on marine mammals or 

predator-prey dynamics have been limited so far. In this study, we assess 

spatial and temporal changes in the availability and abundance of minke 

whale (Balaenoptera acutorostrata) prey species in a newly established MPA 

to protect their foraging grounds, employing eDNA metabarcoding. We 

recovered 105 molecular operational taxonomic units (OTUs) from marine 

vertebrates using two primer sets targeting 12S and 16S genes, along with 

112 OTUs from a broader eukaryotic primer set targeting 18S rRNA. Overall, 

key forage fish prey species, sandeels and clupeids, were the most abundant 

teleost fishes detected, although their availability varied temporally, and with 

distance from shore. We also found clear spatial partitioning between coastal 

bottlenose dolphins and the more pelagic minke whales and harbour 

porpoises, which aligned with the availability of their key prey species. This 

study demonstrates the utility of eDNA to detect spatiotemporal trends in the 

occurrence and abundance of cetaceans and their prey species, furthering our 
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understanding of their fine-scale habitat use within MPAs. Future long-term 

monitoring of predator-prey dynamics with eDNA could improve our ability 

to predict climate-induced shifts in foraging grounds and enhance rapid 

responses with appropriate management actions.   

2.1. Introduction 

Over a quarter of European marine mammals are threatened as a result of 

human activities including overfishing (both targeted and bycatch), pollution, 

changes in prey dynamics and habitat degradation (Temple & Terry, 2009). 

These threats are jeopardising important ecosystem functions that marine 

mammals provide, such as top-down control, nutrient cycling and ecosystem 

engineering (Estes et al., 2016). Marine protected areas (MPAs) are the main 

tool implemented to protect marine mammals from human impacts, but 

European MPAs are currently too small and disjointed to provide adequate 

protection for such far ranging mammals (Bearzi & Reeves, 2021). Marine 

mammal foraging grounds are often concentrated in small spatial areas 

relative to their whole distribution ranges, making them a popular focal point 

for MPA implementation (Notarbartolo Di Sciara et al., 2016). However, 

these foraging grounds are likely to be dynamic across time as common prey 

species are sensitive to seasonal and long term environmental change, 

requiring an adaptive, responsive approach, or risk MPAs becoming 

redundant (Cashion et al., 2020). Therefore, coupled monitoring of marine 

mammals and their prey species will be essential to ensure long-term 

effectiveness of management measures.  

Drivers of cetacean distributions are assumed to have a hierarchical structure, 

whereby distributions at fine spatiotemporal resolutions (10s of kilometres) 

are best described with prey availability, although at broader scales (100s of 

kilometres), ocean currents or persistent water masses become more 

important (Mannocci et al., 2017).  However, we rarely have prey data at 

complementary spatial and temporal scales available to incorporate into 

predictive distribution models of marine mammals, so environmental proxies 

are often used as an alternative (Mannocci et al., 2020; Pendleton et al., 2020) 

Including prey occurrence or multispecies prey hotspots to model cetacean 

distributions has improved understanding of their seasonal dynamics and 
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heterogenous habitat use (Pendleton et al., 2020; Szesciorka et al., 2023). 

However, prey may also be more widely available than areas covered by 

cetaceans  due to their reliance on environmental features to form dense prey 

aggregations, interspecific competition, or targeted prey selection, i.e., 

mature individuals (Cox et al., 2018; Visser et al., 2021). Uncertainty over 

climate-induced changes in the abundance, distributions and temporal 

availability of prey limits the predictive accuracy of future marine mammal 

distributions, especially at finer spatial scales (Silber et al., 2017). Marine 

mammals are expected to respond by prey switching or shifting their 

distributions to track prey species, which could result in increased overlap 

with threats such as ship strikes or fisheries bycatch (Agardy et al., 2019). 

Recent advances in environmental DNA metabarcoding offers a unique 

opportunity to simultaneously monitor cetaceans and their prey which could 

enhance our understanding of their dynamics and permit long-term 

monitoring to track changes in their distributions (Székely et al., 2021).  

 The uptake of eDNA as a monitoring tool for marine mammals has been 

comparatively slow, with only 21 papers published between 2012-2021, 

compared to over 50 papers focused on marine teleost fishes (Suarez-Bregua 

et al., 2022; Takahashi et al., 2023). This delay is likely due to early mixed 

success in detection rates of cetaceans (Pinfield et al., 2019), although new 

primer sets targeting marine vertebrates are now helping to resolve this 

problem (Valsecchi et al., 2020). eDNA can expand the spatiotemporal scope 

of marine mammal monitoring where visual  surveys or passive acoustic 

monitoring are infeasible, i.e., no visual detections at night time, or in adverse 

weather conditions and  no acoustic detections for cetaceans who do not 

vocalise or have unknown vocalisations (Baumgartner et al., 2019; Valsecchi 

et al., 2021). So far, single species eDNA approaches have improved 

understanding about distributions of rare and threatened species, i.e., dwarf 

sperm whales (Kogia sima) and Mediterranean monk seals (Monachus 

monachus) (Juhel et al., 2021; Valsecchi et al., 2023), and species that are 

challenging to detect with conventional survey techniques, i.e., beaked 

whales (Hooker et al., 2019). They have also provided insights into 

population genetics with important management consequences (Parsons et 

al., 2018). Metabarcoding studies have uncovered previously unknown 
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marine mammal diets, and can be utilised to detect future dietary changes 

(Sonsthagen et al., 2020; Zhang et al., 2023). eDNA metabarcoding can also 

reveal spatiotemporal availability of cetacean prey species or detect co-

occurrences between cetaceans and their prey (Djurhuus et al., 2020; Visser 

et al., 2021), but few studies have harnessed eDNA to elucidate marine 

mammal trophic interactions to date (Székely et al., 2021).  

The Southern Trench MPA in the Moray Firth, north-east Scotland, has 

recently been designated to protect important seasonal foraging grounds for 

minke whales (Balaenoptera acutorostrata) (NatureScot, 2020). Their diets 

within the Moray Firth consist predominantly of sandeels (Ammodytes sp.), 

sprat (Sprattus sprattus) and herring (Clupea harengus), none of which are 

commercially fished in the area resulting in limited knowledge on their 

spatiotemporal availability and abundance (Pierce et al., 2004). The area also 

overlaps with bottlenose dolphin (Tursiops truncatus) and harbour porpoise 

(Phocoena phocoena) distributions, both requiring protection under Annex II 

of the European Habitats Directive. Harbour porpoises also rely 

predominantly on sandeels as well as whiting (Merlangius merlangus), whilst 

bottlenose dolphins target Gadidae species including cod (Gadus morhua), 

saithe (Pollachius virens) and whiting, and salmonids (Salmo sp.) (Santos et 

al., 2004; Santos et al., 2001). In this study, we aim to characterise the overall 

vertebrate and broader eukaryotic community composition within this MPA 

and identify the availability of key prey species for cetaceans. We assess 

temporal changes in community composition during the minke whale 

foraging season (June to October) to evaluate the overall strength of 

seasonality, and to detect changes in the availability of suitable prey species. 

We also examine how the community changes with distance from the shore, 

as spatial partitioning between different age-classes of minke whales has been 

observed previously which could indicate dietary differences (Robinson et 

al., 2023). We expect that changes in minke whale habitat use relate to 

spatiotemporal changes in the availability of different prey species, and 

potentially signal prey switching. This will provide an essential monitoring 

baseline in a newly established MPA (Dunham et al., 2020), with the potential 

to develop longer-term monitoring protocols to improve ecological 

knowledge and contribute to management actions.  
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2.2. Methods  

2.2.1. Study Area 

The Moray Firth is the largest estuarine embayment in North-East Scotland, 

covering 5,230 km2, and opens into the wider North Sea basin (Figure 

2.1a)(Tetley et al., 2008). It is an internationally recognised area of 

outstanding biological importance, with the ‘inner’ section designated as a 

Special Area of Conservation (SAC) under the Habitats Directive 

(92/43/EEC), as well as the newly designated Southern Trench MPA in the 

south-eastern ‘outer’ firth (Cheney et al., 2013; NatureScot, 2020). The 

Southern Trench is an enclosed seabed basin that reaches depths in excess of 

250 m, the deepest portion of the firth (Holmes et al., 2004). Two 

oceanographic features govern water movement. Firstly, cold water is 

transported into the firth from the northern North Sea via the Dooley current, 

whilst a warm plume ebbs out from the inner firth and rivers discharging into 

the firth which is associated with greater primary productivity levels (Tetley 

et al., 2008).  

 

Figure 2.1. a) Bathymetric map showing the location of the Southern Trench MPA 

and the Moray Firth within the North Sea basin. b) Map showing the three fixed 

sampling points where samples were collected monthly. The black outline depicts 

the Southern Trench MPA. c) Map showing control (circle) and sighting (triangle) 

samples, coloured by sampling month. 
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2.2.2. Sample Collection 

We collected seawater samples between June and October 2021, 

corresponding to the months when minke whales are most abundant within 

the firth (Robinson et al., 2009). Samples were collected each month over 

four separate sampling trips to capture spatiotemporal trends in the 

availability and abundance of the main prey species, and the overall 

community trends (Appendix Table A2.1). To quantify temporal differences 

in community composition, we collected samples from three fixed points 

located five nautical miles offshore on each trip (total 12 fixed samples) 

(Figure 2.1b). The bathymetry of the westerly fixed point was the shallowest 

at 33 m, whilst the easterly fixed point was on the edge of the Southern Trench 

at 118 m. The middle-fixed point was at 104 m depth, and a known hotspot 

for foraging minke whales. Samples were also collected when minke whales 

were visually sighted to assess whether minke whales needed to be in close 

proximity to detect their DNA and as an indicator to where their prey species 

are also suspected to be in high abundance (total 18 sighting samples). 

Finally, in the absence of minke whales, random samples were collected 

across the entire study area to capture as much environmental variability as 

possible to determine environmental drivers of community composition (total 

30 control samples) (Figure 2.1c). This design resulted in a total of 60 11-litre 

seawater samples. A further three field-controls (blanks) were collected 

employing the same sampling equipment but replacing seawater with tap 

water to detect potential sources of contamination. All sampling was carried 

out from an 8-metre rigid hulled vessel using weighted buckets deployed at 

four metres depth with the water subsequently transferred to ‘Bags in the 

Boxes’ for storage and transport to the laboratory (Valsecchi et al., 2021). 

Reusable field equipment was cleaned with 50% bleach, left to soak for 30 

minutes and then washed thoroughly with tap water in between sample 

collection. 

2.2.3. Sample Filtration  

We filtered samples between one and six days after collection, with an 

average delay of 1.8 ± 1.1 s.d. days. 49% of samples were filtered the day 

after collection, and 89% of samples were filtered within three days of 

collection. Each 11-litre seawater sample was split into three replicates for 
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filtering: two 4-litre replicates and one 3-litre replicate. For ten of the samples, 

between 10 and 10.8 litres was filtered as a result of filters being saturated 

before 11 litres had been reached. Samples were filtered using either the 

BioSart® 100 filtration system (Sartorius) or NalgeneTM reusable analytical 

funnels (Thermo Scientific) with either the FisherbrandTM FB70155 Pump or 

WelchTM WOB-L Piston Dry Vacuum Pump. Samples were filtered through 

cellulose nitrate filters of 0.45 μm pore size. Immediately after filtration, filter 

papers were wrapped and stored in aluminium foil at -20°C until DNA 

extraction.  

2.2.4. DNA extraction, amplification and sequencing 

DNA extractions were carried out in a dedicated molecular laboratory, and 

bench surfaces were cleaned with 50% bleach followed by deionised water. 

Prior to extraction, filters were cut into small pieces to increase their surface 

area using sterile scalpels and tweezers. Extractions were carried out using 

the Qiagen DNeasy PowerSoil Pro Kit following the manufacturer’s protocol.  

Pre- and post-PCR analysis were carried out in separate rooms. All PCRs 

were prepared in a class II microbiology safety cabinet that was cleaned with 

50% bleach and illuminated with ultraviolet light for 20 minutes between 

sample preparations. We amplified marine vertebrate DNA with two primer 

sets; MarVer1 which amplifies a ~202 bp sequence from the mitochondrial 

12S rRNA gene, and MarVer3 which amplifies a ~245 bp sequence from the 

mitochondrial 16S rRNA gene (Valsecchi et al., 2020). These primers can 

resolve most taxa to species level across all marine vertebrates, inclusive of 

marine mammals, elasmobranchs and teleost fishes. Our primers were 

designed with six to eight random nucleotides, an eight-base pair Illumina 

barcode tag and the amplification primer sequence from 5’ to 3’ (Bohmann et 

al., 2022). PCR reactions were 20 μL volume containing 0.025 u/μL GoTaq® 

Hot Start Polymerase (Promega), 5X Green GoTaq® Flexi Buffer (Promega), 

1mM or 2mM MgCl2 (Promega) for MarVer1 or MarVer3 respectively, 0.2 

mM dNTPs (Promega), 0.2 μM each of the reverse and forward primer, and 

UltraPureTM distilled water (Invitrogen). Annealing temperatures for 

MarVer1 were 54/55/56°C for 10/10/18 cycles, and 58/57/56/55°C for 

8/10/10/10 cycles for MarVer3. Both had an initial denaturation time of four 
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minutes at 95°C, and a final elongation of five minutes at 72°C, then per 

cycle, 30 seconds at 95°C, 10 s at annealing temperature and 20 s at 72°C for 

MarVer1, and 30 s at 95°C, 2 s for first 8 cycles and 10 s for remaining cycles 

at annealing temperature, and 20 s at 72°C for MarVer3. The three PCR 

replicates per 11-litrewater sample were then pooled for individual primer 

sets. Samples were cleaned up and primer dimers removed with AMPure 

beads (Beckman Coulter). We then checked that the fragment size 

distributions were as expected with an Agilent TapeStation, followed by 

quantification with a Qubit fluorometer. Samples for each primer set were 

pooled in equimolar ratios to create two Illumina NEBNext Ultra DNA 

libraries, for MarVer1 and MarVer3 respectively. The libraries were 

sequenced separately on an Illumina MiSeq Sequencer with 150 bp paired-

end lanes at the University of Leeds Genomics Facility, St James’ Hospital.  

We also amplified DNA using a general eukaryotic primer set, 1391F and 

EukBr, targeting a ~260 bp region from 18S rRNA to detect zooplankton and 

other invertebrates (Amaral-Zettler et al., 2009). Primers included sequences 

homologous to Illumina sequencing adapters appended to the 5’ end. PCR 

reactions were 25 μL consisting of 0.025 u/μL GoTaq® Hot Start Polymerase 

(Promega), 5X Green GoTaq® Flexi Buffer (Promega), 2 mM MgCl2 

(Promega), 0.2 mM dNTPs (Promega), 0.2 μM each of the reverse and 

forward primer, 1.6 μM mammal blocking primer and UltraPureTM distilled 

water (Invitrogen). Thermocycling conditions included an initial denaturation 

at 94°C for three minutes, 35 cycles at 94°C for 45 s, 65°C for 15 s, 57°C for 

30 s, 72°C at 90 s, and a final elongation at 72°C for ten minutes (Sawaya et 

al., 2019). The three PCR replicates per 11-litre water sample were then 

pooled and cleaned up as above. The final sequencing libraries were 

generated using a second PCR in which Nextera XT indexed adaptor 

sequences were used as primers, such that each sample was uniquely indexed. 

The PCR reaction consisted of 5 μL of the pooled amplicons, 25 μL of the 

NEBNext Q5 Hot Start HiFi PCR Master Mix, 10 μL of water and 5 μL each 

of the appropriate Nextera XT Index Primer 1 and Primer 2. Thermocycling 

conditions included an initial denaturation at 95°C for three minutes followed 

by 8 cycles of 95°C for 30 s, 55°C for 30 s, 72°C for 30 s and a final hold at 

72°C for five minutes. The products were then cleaned again with AMPure 
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beads to remove adapter dimers and free adaptor oligos and checked for the 

presence of the correctly formed libraries by running on a D1000 tape of a 

TapeStation followed by quantification by Qubit fluorometry. The libraries 

were then combined to create an equimolar pool that was sequenced on a 

MiSeq 250 bp paired end lane with V2.0 chemistry and 15% PhiX control 

library to aid base calling.  

2.2.5. Bioinformatics 

A description of the full bioinformatics workflow is available in Valsecchi et 

al. (2020) and at http://www.dna-leeds.co.uk/eDNA/. In brief, initial quality 

checking was performed to remove read pairs with spurious primer 

combinations and trimmed to remove low quality sequences, before read pairs 

were combined to form a single sequence. Sequences were then filtered to 

retain only one occurrence of each index pair per sample to reduce the 

likelihood of PCR duplicates or chimaeras. A counts matrix was created by 

aggregating unique amplicon sequences per sample. Amplicon sequences 

were blasted against the Genbank Nucleotide Database, and the top ten hits 

for each sequence retained to identify the taxonomic origin of sequences. The 

full taxonomic hierarchy for species names obtained from the blast results 

were gathered from the ITIS database. Finally, sequences were clustered into 

molecular operational taxonomic units (OTUs) using a 98% threshold of 

homology to the GenBank sequence at species level for our vertebrate primer 

sets, and a 95% threshold of homology at family level for our 18S primer set. 

2.2.6. Contamination control  

For the purpose of this study, non-marine OTUs and off target OTUs, i.e., 

invertebrates detected with our vertebrate primer sets, were removed. Non-

marine contaminate OTUs were primarily comprised of Homo sapiens and 

agricultural species such as Bos taurus, Canis lupus and Sus scrofa, although 

we also detected local terrestrial wildlife including Capreolus capreolus (roe 

dear), Erinaceus europaeus (hedgehog) and Myodes glareolus (voles), 

potentially originating from river inflow. For our vertebrate primers, we 

identified non-native marine species and manually checked whether our 

primer sets were able to distinguish these from native congenerics, or family 

members if there were no congeneric reference sequences in Genbank 
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(Valsecchi et al., 2021). Non-native species reads were either confirmed as a 

potential invasive species, reassigned to a native congeneric or family group, 

or occurred in low abundance (<10 reads) so were removed from the dataset.  

A full list of species that were removed or merged is provided in the 

supplementary appendix (Appendix Tables A2.2 and A2.3).  

The most likely source of contamination in this study was from crossover 

contamination between samples (Calderón‐Sanou et al., 2020). To reduce this 

background contamination, we calculated two times the standard deviation 

for the proportion of each OTU in the field blanks, and then subtracted this 

from the specific OTU proportion in each sample, following a similar 

approach to Kelly et al. (2018). This method produced the most sensible 

results with our dataset, i.e., removed known contaminate OTUs such as 

Homo sapiens, among different methods trialled. To facilitate abundance 

comparisons, we standardised read counts using an OTU-specific index under 

the assumption that amplification efficiency is consistent for each OTU 

regardless of community composition. This scaling allows for the comparison 

of within OTU abundance across samples (Kelly et al., 2019). The OTU-

specific index was made by converting read counts into proportions then 

dividing the maximum proportion for every OTU from that OTU’s proportion 

per sample resulting in an index between 0-1 for each OTU (Kelly et al., 

2019). For our vertebrate primer sets, we created an ensemble OTU index by 

averaging across the indices per sample for individual primer sets (Kelly et 

al., 2019).  

2.2.7. Community analysis  

Initial descriptions of community composition and visualisations of the data 

were conducted using the ‘Phyloseq’ R package version 1.38.0 (McMurdie & 

Holmes, 2013). We analysed temporal trends in the community by 

partitioning the data by sampling month, and spatial trends by dividing 

samples into categories based on their distance from the shore; near (<1.2 

km), middle-near (between 2.5 and 7 km), middle-far (between 7 and 10 km), 

and far (> 10 km up to 16.1 km). Community statistics were calculated using 

the ‘Vegan’ R package version 2.5-7, and using abundance data with the 

OTU-specific index applied (Dixon, 2003). Alpha diversity of samples was 
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estimated with the Shannon-Weiner index and compared across the sampling 

months and with distance from shore using Kruskal-Wallis tests followed by 

pairwise Wilcoxon rank sum tests. We transformed our abundance matrix into 

a Bray-Curtis dissimilarity matrix to compare beta-diversity between 

sampling months and distance from shore categories. We assessed differences 

between communities with non-metric multidimensional scaling (NMDS) 

and tested for significant differences between communities using 

permutational multivariate analysis of variance (PERMANOVA). 

Homogeneity of group dispersion is an assumption of PERMANOVA, so this 

was first assessed using the ‘betadisper’ function. We also performed 

pairwise multilevel comparisons to further evaluate where differences 

between communities existed with the ‘PairwiseAdonis’ R package version 

0.4 (Martinez Arbizu, 2017). We identified indicator species for the different 

months and distance from shore categories using the ‘multipatt’ function, 

with 999 permutations, from the ‘Indicspecies’ R package version 1.7.12 

(Cáceres & Legendre, 2009). This includes two components; A quantifies the 

specificity of the species as an indicator for the group where A=1 means that 

species only appears in that group, and B quantifies the sensitivity of the 

species as an indicator for that group where B = 1 means that all sites within 

that group include the species (Cáceres & Legendre, 2009).  

We evaluated environmental covariates associated with changes in 

community composition using multiple regression in distance matrices 

(MRM), employing Spearman correlation ranked distances and 10,000 

permutations with the ‘MRM’ function from the ‘Ecodist’ R package version 

2.0.9 (Goslee & Urban, 2007). We used four environmental predictors, 

bathymetry (m), sea surface temperature (°C), chlorophyll a (mg/m3) and 

distance from shore (m). Bathymetry was obtained from the General 

Bathymetric Chart of the Oceans (GEBCO) at a 0.004x0.004° resolution 

(GEBCO Compilation Group, 2020), and SST (https://doi.org/10.48670/moi-

00156) and chlorophyll a (https://doi.org/10.48670/moi-00289) were 

downloaded from the E.U. Copernicus Marine Service Information at 

0.02°x0.02° and 0.01°x0.01° resolution respectively (Høyer & Karagali, 

2016). Values for each predictor were then extracted from individual 

sampling points. Distance to shore was calculated using the ‘dist2Line’ 
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function from the ‘Geosphere’ R package version 1.5-14 (Hijmans, 2021). 

Prior to running MRM, we tested for collinearity among predictor variables 

with Spearman's rho rank correlation coefficient from the ‘Hmisc’ R package 

version 4.7-1 (Harrell Jr, 2022). Bathymetry and distance to shore were highly 

correlated (rho = -0.81, p < 0.001) so only distance to shore was retained for 

MRM. We created distance matrices for each environmental predictor using 

Euclidean distance, as well as a distance matrix for the distance between sites, 

and the number of days between sample collection. Our response variable was 

a Bray-Curtis dissimilarity matrix of community composition derived from 

either our vertebrate ensemble OTU index or eukaryotic OTU index. Initially, 

maximal models were created using all terms, and then reduced to a minimal 

model with only significant terms retained.  

2.3. Results  

2.3.1. Composition of vertebrate taxa detected 

Following contamination removal procedures, our final datasets for 

vertebrate primers MarVer1 and MarVer3 comprised of 2, 880, 775 and 

4,013,997 sequences which were assigned to 56 and 80 operational taxonomic 

units (OTUs) respectively, clustered at species level where possible (Table 

2.1). 31 OTUs were detected by both markers, whilst 25 were unique to 

MarVer1, and 49 to MarVer3 (Figure 2.2a). Over 90% of reads from both 

markers were assigned to teleost fishes from 22 families for MarVer1 and 31 

families for MarVer3 (20 shared families, 2 unique to MarVer1 and 11 unique 

to MarVer3). This list included species of potential conservation interest, such 

as rare taxa (bluefin tuna, Thunnus thynnus), critically endangered species 

(European eel, Anguilla anguilla) and invasive species (pink salmon, 

Oncorhynchus gorbuscha). Mammalia had the second highest proportion of 

reads, including all four marine mammals common in the study area, minke 

whales (Balaenoptera acutorostrata), grey seals (Halichoerus grypus), 

harbour porpoises (Phocoena phocoena), and bottlenose dolphins (Tursiops 

truncatus), as well as some less commonly sighted vagrants, fin whales 

(Balaenoptera physalus – MarVer1 only), white-beaked dolphins 

(Lagenorhynchus albirostris- MarVer3 only) and Sowerby’s beaked whales 

(Mesoplodon bidens).  
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Table 2.1. Comparison of the taxa composition across two vertebrate primer 

markers, MarVer1 and MarVer3. 

Class 
MarVer1 – 
total reads 

(% of reads) 

MarVer1 – 
OTUs 

detected 

MarVer3 – 
total reads 

(% of reads) 

MarVer3 – 
OTUs 

detected 
All 2,880,775 56 4,013,997 80 

Teleosts 
2,763,655 

(96 %) 
41 

3,653,206 
(91 %) 

63 

Mammals 89,835 (3 %) 5 
294,778 (7 

%) 
6 

Chondrichthyes 5726 (<1 %) 3 
62,980 (1.5 

%) 
5 

Birds 
21,113 (<1 

%) 
6 

3033 (<1 
%) 

6 

Cephalaspidomorphi 
(lamprey) 

447 (<1%) 1 0 0 

 

 

Figure 2.2. (a) Venn diagram showing OTUs detected by both vertebrate primer sets, 

MarVer1 and MarVer3 respectively. The colours indicate where one primer set was 

able to resolve OTUs to a lower taxonomic level than the other. Ten OTUs with the 
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most abundant read counts for (b) MarVer1, and (c) MarVer3. The colour highlights 

OTUs belonging to the same family. 

The top three most abundant OTUs across both markers were forage fish 

species, with sandeels having the highest read counts, accounting for 30% and 

44% of the reads for MarVer1 and MarVer3 respectively (Figure 2.2). This 

was followed by the Clupeidae family, which could only be distinguished at 

species level to herring and sprat with MarVer3, and then mackerel (Scomber 

scombrus). The Gadidae family had the fourth highest reads for MarVer1, 

whilst species from the Gadidae family, haddock (Melanogrammus 

aeglefinus) and whiting (Merlangius merlangus) had seventh and ninth 

highest read counts respectively for MarVer3. Two cetacean species, minke 

whales and harbour porpoises appeared in the ten most abundant reads for 

MarVer3, but only the harbour porpoise was present among the ten most 

abundant taxa for MarVer1, although minke whales had the eleventh most 

abundant reads.  The three-spined stickleback (Gasterosteus aculeatus) and 

rock gunnel (Pholis gunnellus) have the eighth and tenth most abundant reads 

compared to fourteenth and fifteenth with MarVer3, likely resulting from 

more OTUs being grouped at family level with the MarVer1 primer set. 

2.3.2. Composition of broader eukaryotic taxa detected  

We retrieved 1,769,650 reads in total with our 18S primer set, belonging to 

122 different eukaryotic families (Table 2.2). These sequences largely 

comprised of families belonging to either the Animalia (48% total reads) or 

Chromista (41% total reads) kingdoms. Reads in the Animalia kingdom were 

dominated by Calanidae and Acartiidae copepod families from the 

Maxillopoda class, which together accounted for 42% of the total reads 

(Figure 2.3). The most abundant families, Leptocylindraceae and 

Calciodinellaceae, from the diatom (Bacillariophyceae) and dinoflagellate 

(Dinophyceae) classes respectively accounted for  18% of total reads. The 

next most abundant classes represent haptophytes (Prymnesiophyceae), also 

from the Chromista kingdom, and fungi (Phycomycota). Didiniidae and 

Strombidiidae belong to the ciliates class, but Ciliata was removed as 

potential contamination when analysed at class level due to other ciliate 

families being abundant in field blanks. 
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Table 2.2. Composition of sequencing reads within different taxonomic kingdoms 

retrieved from the V9 region of 18S rRNA, and the number of OTUs detected at 

family level. 

Kingdom 
18S - Total Reads 

(% of reads) 
18S – OTUs 

detected 
All 1,769,650 122 

Animalia 845,096 (48%) 47 

Chromista 727,542 (41%) 48 

Protozoa 130,151 (7%) 14 

Fungi 53,767 (3 %) 5 

Plantae 13,092 (<1%) 8 

 

 

Figure 2.3. Ten most abundant OTUs for 18S at (a) Class taxonomic groups, and (b) 

Family taxonomic groups. Colours indicate which class the families belong in. 

Didiniidae and Strombididiidae families belong to the Ciliatea class which is 

removed as contamination at class level.  

2.3.3. Temporal trends in community composition   

Sandeels (Ammodytidae) formed higher proportions of read counts between 

June and August with MarVer1 and June and July with MarVer3 (Figure 2.4). 

Using our ensemble OTU index, sandeels were identified as an indicator OTU 

for June, July and August (specificity = 0.98, sensitivity = 0.82, stat = 0.9, p 

= 0.005) (Appendix Table A2.4). Minke whales (Balaenopteridae) were most 

prevalent in June and July, and an indicator for these months (specificity = 

0.93, sensitivity = 0.88, stat = 0.91, p = 0.02), whilst harbour porpoises 

(Phocoenidae) had higher read proportions between June and August, and 

were an indicator for these months (specificity = 0.9999, sensitivity = 0.87, 

stat = 0.93, p = 0.005). Mackerel (Scombridae) were detected across our full 

temporal scale but made up a greater proportion of reads between August and 
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October. Similarly, herring and sprat (Clupeidae) were also detected across 

all months but had the highest read proportions in June and 

September/October.  

The Maxillopoda class made up a greater proportion of reads in June and 

September/October, with Acartiidae being the most prominent copepod 

family in early sampling months and Calanidae in the latter months (Figure 

2.4). Calanidae is an indicator for August and September/October 

(specificity=0.93, sensitivity=0.78, stat=0.85, p=0.001) (Appendix Table 

A2.5). Diatoms (Bacillariophyceae) were most abundant in June and July, 

predominantly composed of Leptocylindraceae and Bacillariaceae families, 

whilst diatoms in the latter sampling months composed of the 

Chaetocerotaceae family. Dinoflagellates were most prevalent in July and 

August, with the Calciodinellaceae family contributing the greatest 

proportion, followed by the Prorocentraceae and Gymnodiniaceae families. 

Calciodinellaceae was an indicator species for July and August as a result of 

this family being present at all sites from these months (specificity=0.87, 

sensitivity=1, stat=0.93, p=0.001). Ciliate families, Didiniidae and 

Strombiidae, were more abundant in June and July, and Didiniidae 

(specificity=0.98, sensitivity=1, stat=0.989, p=0.001) was an indicator for 

these months, while Strombiidae was an indicator for June, July and 

September/October (specificity=0.996, sensitivity=0.93, stat=0.964, 

p=0.001). The haptophyte family Prymnesiaceae was also most abundant in 

June and July, although an indicator species for June, July and August 

(specificity=0.998, sensitivity=1, stat=0.999, p=0.001). Hydrozoa were most 

frequent in August, represented by the Bougainvilliidae family, which was 

also an indicator OTU for this month (specificity=0.98, sensitivity=0.58, 

stat=0.76, p=0.001).  

Alpha diversity, with the Shannon Index, did not significantly differ between 

sampling months for our ensemble vertebrate OTU index or our eukaryote 

OTU index, although all primer sets had lowest alpha diversity in 

September/October (Figure 2.5a). PERMANOVA shows that community 

composition differs between sampling months for both our vertebrate OTU 

index (adonis; df = 3, F = 2.35, R2 = 0.12, p = 0.001) and our eukaryote OTU 

index (adonis; df = 3, F = 9.6, R2 = 0.35, p = 0.001). For eukaryotes, 
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community composition was significantly different between all months 

(pairwise adonis, P < 0.01), whereas for vertebrate communities, the 

communities in June and July differed from the communities in August and 

September/October (pairwise adonis, P < 0.05). NMDS analysis also revealed 

distinct communities per month for both vertebrates and eukaryotes (Figure 

2.5). 

 

Figure 2.4. Bar charts showing the 20 most abundant vertebrate families for the 

primer sets (a) MarVer1 and (b) MarVer3, the (c) 12 most abundant 18S classes and 
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the (d) 14 most abundant 18S families from twelve fixed sampling points. Two fixed 

samples are missing for MarVer1 due to failed amplification. 

 

Figure 2.5. (a) Box plots showing alpha diversity for eukaryotes and vertebrates 

across different trips, and NMDS plots for (b) our ensemble vertebrate OTU index 

(k = 2, stress = 0.262) and (c) eukaryotic OTU index (k = 2, stress = 0.204) 

partitioned by sampling month. 

2.3.4. Spatial trends in community composition 

We detected spatial partitioning between cetaceans commonly found in the 

Moray Firth, with bottlenose dolphins occurring in greatest abundance closest 

to shore, whilst minke whales and harbour porpoises were more abundant in 

samples greater than 2.5 km from shore (Figure 2.6a). Bottlenose dolphins 

were an indicator for the near and middle near categories (specificity = 0.996, 

sensitivity = 0.82, stat = 0.91, p = 0.005) whilst the harbour porpoise was an 

indicator for the middle near, middle far and far categories (specificity = 0.98, 

sensitivity = 0.84, stat = 0.9, p = 0.005). Known dominant prey species from 
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stomach analyses for these species shared similar distributions with their 

predators across distance from shore. Minke whales and harbour porpoises 

both prey on sandeels, which were found across all depths, whilst minke 

whales’ also prey on clupeids, which were most prominent between 7 and 10 

km from the coast. The Gadidae family, including whiting, targeted by 

harbour porpoises, and Atlantic cod (Gadus morhua) targeted by bottlenose 

dolphins, were detected across all distances from shore. Conversely, 

salmonids (Salmo spp.), the other main prey of bottlenose dolphins, were 

most abundant in the nearshore environment. 

Alpha diversity, described with the Shannon Index, significantly differed with 

distance from shore for both vertebrates (Kruskal–Wallis χ2 = 15.68, df = 3, 

p <0.001) and eukaryotes (Kruskal–Wallis χ2 = 18.12, df = 3, p <0.001). In 

both cases, the nearshore community had significantly higher alpha diversity 

compared to all groups further offshore (Pairwise Wilcoxon Rank Sum test 

<0.05) (Figure 2.7a). PERMANOVA analyses found beta diversity to 

significantly differ with distance from shore for both vertebrate (adonis: df = 

3, F = 2.03, R2 = 0.10484, p = 0.001) and eukaryote communities (adonis: df 

= 3, F = 1.8274, R2 = 0.09, p = 0.002), although betadisper indicates that 

within-community variance is not homogenous (F = 2.9, p<0.05) for 

eukaryotes. The vertebrate nearshore community differed significantly from 

all offshore categories, whilst the eukaryotic nearshore community differed 

from the middle-far and far categories (pairwise adonis, p < 0.05). NMDS 

showed that the vertebrate nearshore community is distinct from communities 

further offshore but displayed great overlap between distance from shore 

categories for eukaryotes (Figure 2.7). The nearshore community had the 

highest number of OTU indicators for both eukaryotic and vertebrate 

communities (Figure 2.6b). 20 eukaryotic OTUs were identified as indicators 

for the nearshore community, including 6 families that were only found in 

nearshore samples; red (Rhodomelaceae) and brown (Dictyotaceae) algae 

families, calcareous sponges (Leucosoleniidae), tunicates (Molgulidae), 

bryozoans (Membraniporidae) and cyclopoid copepods 

(Archinotodelphyidae) (Appendix Table A2.6). Ten vertebrate OTUs were 

recognised as indicators, most of which were species that commonly reside 

in shallow depths less than 50 metres, such as the rock gunnel, ballan wrasse 
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(Labrus bergylta), eelpout (Zoarces), Montagu’s seasnail (Liparis montagui), 

painted goby (Pomatoschistus pictus) and the leopard spotted goby 

(Thorogobius ephippiatus) (Appendix Table A2.7).  
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Figure 2.6. (a) Bar plot showing proportion of the OTU index for common cetacean 

species in the study area, minke whales (Balaenoptera acutorostrata), harbour 

porpoises (Phocoena phocoena) and bottlenose dolphins (Tursiops truncatus) and 

their dominant prey species across different distances from shore, near <1.2 km, 

middle near between 2.5 and 7 km, middle far between 7 and 10 km, and far > 10 
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km (up to 16.1 km) offshore. (b) Heat map showing indicator OTUs for distance 

from shore categories across vertebrate and broader eukaryotes. OTUs are coloured 

to show which distance from shore category or combination of categories they are 

an indicator species for. 

 

Figure 2.7. (a) Box plots showing alpha diversity for eukaryotes and vertebrates 

across different distances from shore, and NMDS plots for the (b) ensemble 

vertebrate OTU index (k = 2, stress = 0.2) and the (c) eukaryotic OTU index (k = 2, 

stress = 0.18) partitioned by distance from shore.  

2.3.5. Environmental drivers of community composition 

MRM revealed that both temporal, i.e., distance between days, and spatial 

drivers, i.e., geographical distance, are positively correlated with vertebrate 

beta diversity (Table 2.3).  For eukaryotic beta diversity, difference between 

days was also positively correlated, along with sea surface temperature. For 

both vertebrates (coeff = 0.32) and eukaryotes (coeff = 0.8), difference 

between days had the greatest influence on beta diversity.  
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Table 2.3. Results of minimal multiple regression distance models for eukaryote and 

vertebrate OTU indexes. 

Eukaryote minimal MRM model Vertebrate minimal MRM model 

Variable Coefficient P value Variable Coefficient P value 

Intercept 68.16 1.00 Intercept 443.15 1.00 

Sea Surface 

Temperature 
0.08 0.02 

Geographic 

distance 
0.1 0.02 

Difference in 

calendar 

days 

0.8 0.0001 

Difference 

in calendar 

days 

0.32 0.0001 

Full model statistics  

R² = 0.66   R² = 0.12   

P value = 0.0001  P value = 0.0001  

 

2.4. Discussion  

Limited knowledge of prey availability and distributions frequently prevents 

us from fully understanding heterogeneity and seasonality in marine mammal 

distributions (Pendleton et al., 2020; Szesciorka et al., 2023). Given that 

MPAs for marine mammals commonly focus on foraging grounds, it is 

important to understand their seasonal habitat use within these areas and 

predict the long-term stability or potential shifts in their location 

(Notarbartolo Di Sciara et al., 2016). Here, we discovered that the availability 

and abundance of key forage fish prey species varied across the season and 

with distance from shore, providing important insights into the habitat use of 

marine mammal species present in a newly implemented MPA in the southern 

Moray Firth, Northeast Scotland.  Further, we recovered spatiotemporal 

trends in overall community composition which were mirrored in both 

vertebrate and broader eukaryotic communities, potentially indicating a 

highly connected ecosystem. As the North Sea is a global warming hotspot 

(Holt et al., 2012), and forage fish present in the area are particularly 

vulnerable (Frederiksen et al., 2011; Petitgas et al., 2013), continued 

monitoring will be essential to ensure continued prey availability for marine 

mammals, and to detect asynchronous timings in predator-prey presence 
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which could have negative cascading effects throughout the ecosystem 

(Silber et al., 2017).   

2.4.1. Seasonality in community composition  

Temporal drivers had the strongest effects on both eukaryotic and vertebrate 

communities (Table 2.3), despite sampling being constrained to a relatively 

small temporal scale. Communities in June and July were more similar 

compared to communities in latter sampling months, which was reflected in 

shifts in the abundances of our most abundantly detected OTUs (Figures 2.4). 

For example, Acartiidae was the most prevalent copepod family in June and 

July but switched to Calanidae from August onwards. Similarly, sandeels 

were the most abundant vertebrate in July and August, but mackerel from 

August onwards. The similarity in temporal patterns between eukaryotic and 

vertebrate communities could be indicative of strong connectivity between 

the taxonomic groups, and tight coupling of interactions. Previous declines in 

the North Sea zooplankton biomass due to warming temperatures have been 

linked to declines in forage fish biomass, and prevented forage fish 

populations from recovering following the enforcement of stricter fishing 

regulations (Clausen et al., 2018; Lindegren et al., 2018). Conversely, forage 

fish can also exert top-down control on zooplankton, although this is not the 

dominate mechanism (Fauchald et al., 2011; Lynam et al., 2017). Given that 

SST is a driver of our eukaryotic community (Table 2.3), and the North Sea 

is  warming three times quicker than the global average, we can expect future 

changes in the composition of zooplankton (Belkin, 2009; Emeis et al., 2015). 

Whole ecosystem-based monitoring will therefore be essential to detect early 

changes and track the cascading effects throughout the ecosystem.   

2.4.2. Community composition changes with distance from shore 

The nearshore community, within 1.2 km of the shore and less than 25 metres 

depth, significantly differed from samples collected further offshore. The 

nearshore community had higher species richness which could partially be a 

methodological artefact resulting from all samples being collected at four 

metres depth, potentially increasing the likelihood of detecting benthic 

species at shallower depths (Figure 2.7). However, OTUs detected in higher 

abundance or only in nearshore samples represent species and families that 
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are constrained to shallower depths. For example, two algae families, 

Dictyotaceae and Rhodomelaceae, were only found in nearshore samples 

which corresponds to the depth limits of algae growth in the North Sea 

(Pehlke & Bartsch, 2008; van der Stap et al., 2016). Similarly, American 

plaice (Hippoglossoides platessoides), a demersal species, was most 

prevalent in samples collected furthest from shore, between 80 and 100 

metres depth, suggesting strong mixing of eDNA within the water column, or 

detections of their pelagic larval phase (Walsh, 1994). Clear spatial 

partitioning between common cetacean species, which corroborates with 

distributions based on visual surveys (Robinson et al., 2007), was also 

detected with eDNA. Bottlenose dolphins were far more abundant in the 

nearshore community, and previous visual surveys have found this population 

to occupy depths less than 25 metres (Culloch & Robinson, 2008). Both 

minke whales and harbour porpoises were detected across all distances from 

shore, but in greater abundance offshore (>2.5 km), corroborating visual 

survey efforts (Robinson et al., 2007).  Further, minke whale sighting samples 

had significantly higher abundance compared to control samples (Appendix 

Figure A2.1). Transport of eDNA from its source by currents and tides is an 

ongoing concern for the incorporation of eDNA into monitoring in the marine 

environment (Andruszkiewicz et al., 2019; Hansen et al., 2018). Our results 

contribute to a growing body of work demonstrating that eDNA provides a 

relatively local signal from species in the marine water column, suggesting 

that eDNA degrades rapidly or becomes diluted beyond detectable limits 

quickly as it is transported away from its source (Hansen et al., 2018).  

2.4.3. Minke whale habitat use in relation to prey species 

Minke whales are the only species included as a biodiversity feature in the 

Southern Trench MPA, as a result of the area being an important foraging 

ground attracting above average abundances of minke whales (Robinson et 

al., 2009). Current knowledge on spatiotemporal availability of different prey 

species is hampering identification of important focal areas within the MPA 

for minke whales. Here, we discover that dominant minke whale prey species, 

e.g., sandeels and clupeids, are the most abundant species detected with our 

primer sets (Figure 2.2), although abundances vary throughout the foraging 

season which would account for the dietary plasticity apparently shown by 
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these whales (Robinson et al., 2023). Sandeels were most abundant during 

June and July when they are foraging in the water column, and far less 

abundant from August onwards when they remain buried in the sediment 

(Henriksen et al., 2021) (Figure 2.4). Meanwhile, clupeids were most 

abundant in June and September. The early peak in abundance coincides with 

the peak spawning period of sprat, whilst the latter peak likely represents the 

arrival of juvenile sprat and herring to overwinter in the firth (Thompson et 

al., 1991). Juvenile minke whales target yearling sandeels throughout the 

foraging season whilst adults target larger sandeels before switching to sprat 

and juvenile herring as they become more abundant (Robinson et al., 2023). 

Juvenile minkes are also found at shallower depths while adults prefer deeper, 

offshore waters, corresponding with the distance from shore that their 

targeted prey species are found (Robinson et al., 2023). Accordingly, while 

sandeels were detected across all depths, clupeids were detected in greatest 

abundance between 7-10 km offshore, at depths between 50 and 120 metres 

(Figure 2.6). Both sandeels and clupeids are reliant on specific substrates, 

making them vulnerable to climate-induced depletions as they are restricted 

in their ability to find new habitat patches facilitating northward migration 

(Frederiksen et al., 2011; Petitgas et al., 2013). Marine mammals generally 

respond to prey depletions by switching to alternative prey species or moving 

to new foraging grounds (Agardy et al., 2019). Elsewhere, mackerel and 

gadoids such as cod, haddock and whiting have become more important 

components of minke whale diets as their preferred prey such as krill species 

and capelin (Mallotus villosus) have reduced in abundance (Víkingsson et al., 

2014; Windsland et al., 2007). We detected high abundances of mackerel and 

gadoids, suggesting that alternative prey sources are available in the Moray 

Firth in case of similar climate-induced declines in the abundance of their 

preferred prey species. However, alternative species have lower energy  

values compared with sandeels (Ransijn et al., 2019; Van Pelt et al., 1997), 

which can result in reduced body conditions and population declines 

(Österblom et al., 2008; Spitz et al., 2012).  

2.4.4. Species of conservation interest 

eDNA also detected other species of conservation interest within the Southern 

Trench MPA. For example, such high detections for Sowerby’s beaked 
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whales were unexpected as limited strandings and no definitive sightings have 

been recorded in the North Sea despite high survey efforts (MacLeod et al., 

2004). In view of the long periods spent beneath the surface, beaked whales 

are notoriously difficult to detect visually, so eDNA could be an important 

tool to improve our understanding of this species distribution and 

conservation status, given that they are listed as data deficient in the IUCN 

‘Red List’ (Hooker et al., 2019). We also cannot rule out sample 

contamination as the first author EB, who processed the samples, attended a 

Sowerby’s beaked whale necropsy which coincided with highest detection 

rates in our samples. However, precautions to reduce sample contamination 

were taken and Sowerby’s were also detected in several samples collected 

and filtered prior to the necropsy, suggesting a true presence signal. Likewise, 

the North Sea Atlantic bluefin tuna fishery collapsed in the 1960s and 

detection records have been sparse ever since, although in recent years, 

evidence suggests that they are making a return to UK waters (Horton et al., 

2021). This detection in the Moray Firth therefore provides an important 

record of where bluefin tuna are potentially expanding their migration routes 

in between foraging and overwintering/spawning grounds (Horton et al., 

2021).  We also detected the critically endangered European eel, for which 

the timing of migration and movement patterns are currently poorly 

understood around Scotland (Malcolm et al., 2010). Detections of European 

eel peaked in August which could be indicative of adult eels leaving rivers to 

return to their breeding grounds in the Sargasso sea, or the arrival of juvenile 

glass eels (Malcolm et al., 2010). eDNA also detected invasive pink salmon 

which have been found at low abundance in Scottish rivers for over 50 years, 

particularly in the River Spey which flows into the Moray Firth at the western 

boundary of the study area (Armstrong et al., 2018). It is speculated that pink 

salmon fry enter the sea at the onset of winter leading to low survival rates, 

but there is currently no evidence to support this (Armstrong et al., 2018). 

eDNA could provide an additional tool to monitor temporal dynamics of pink 

salmon in Scottish rivers in relation to the development of management 

strategies. 
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2.4.5. Limitations and future work 

One of the biggest limitations of using eDNA metabarcoding to explore 

predator-prey dynamics is the inability to distinguish between different age 

classes (Hansen et al., 2018), as predators often preferentially select prey of 

certain sizes (Robinson et al., 2023; Visser et al., 2021). In particular, 

spawning events have been observed to increase the abundance of read counts 

retrieved in eDNA studies, but larval life forms are unlikely to represent 

suitable prey for piscivorous marine mammals (Di Muri et al., 2022; Ratcliffe 

et al., 2021). However, eDNA can provide information about where and when 

to carry out more intensive surveys to retrieve parameters such as the age-

class structure of fishes present. Similarly, abundance estimates of cetaceans 

are important to monitor trends in population sizes (Hammond et al., 2021), 

but we are unable to conclude from eDNA how many individual cetaceans 

were using the MPA and whether these individuals stayed throughout the 

season or changed. We only collected samples during one foraging season but 

the number of minke whales visiting the area is known to vary interannually 

so it would be interesting to investigate broader interannual community 

changes and relate these to the number of minkes and environmental drivers 

(Robinson et al., 2009). Changeable weather conditions limited where 

samples could be collected, with less samples collected offshore from August 

onwards, and more westerly samples collected in July compared to easterly 

samples in September/October (Figure 2.1). These spatial differences could 

therefore have influenced the temporal signals retrieved, although samples 

collected <2.5 km offshore all had similar community composition, so we 

believe this had minimal impact on temporal trends. Future work should 

extend sampling to areas with similar environmental conditions outside of 

MPA protection in order to further evaluate the effectiveness of management 

actions within the MPA (Dunham et al., 2020), and to other MPAs designated 

for cetaceans around the British Isles to compare community composition.   

2.4.6. Conclusion 

Our results demonstrate that eDNA metabarcoding can serve as a powerful 

tool to monitor marine mammals and their prey species simultaneously, 

improving the understanding of marine mammal habitat use in their foraging 

grounds. eDNA approaches could support monitoring of MPAs focused on 
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these foraging areas by informing us about seasonal distribution changes and 

heterogenous habitat use, as well as contributing to long-term dynamic 

management of foraging areas as prey species shift distributions in response 

to global warming (Notarbartolo Di Sciara et al., 2016). To this end, we 

provide an important baseline characterisation of community composition 

within the Southern Trench MPA in the outer Moray Firth against which 

future changes in the community composition can be evaluated, for example, 

due to the implementation of management measures or global warming. Key 

forage fish species, sandeels and clupeids, account for 86% of the total fish 

biomass in the Moray Firth and are the main prey species for many 

piscivorous fishes, seabirds and marine mammals (Greenstreet et al., 1998). 

These species are especially vulnerable to global warming so monitoring will 

be essential to inform potential changes in their abundances and to assess how 

predators respond (Frederiksen et al., 2011; Petitgas et al., 2013).   
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Chapter 3 - Inferring species interactions from co-occurrence 
networks with environmental DNA metabarcoding data  
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1School of Biology, University of Leeds, Leeds, United Kingdom 
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3.0. Abstract 

Improved understanding of biotic interactions is necessary to accurately 

predict the vulnerability of ecosystems to climate change. Recently, co-

occurrence networks built from environmental DNA (eDNA) metabarcoding 

data have been advocated as a means to explore interspecific interactions in 

ecological communities exposed to different human and environmental 

pressures. Co-occurrence networks have been widely used to characterise 

microbial communities but is unclear if they are effective for characterising 

eukaryotic ecosystems, or whether biotic interactions drive inferred co-

occurrences. Here, we assess spatiotemporal variability in the structuring and 

complexity of a North Sea coastal ecosystem derived from co-occurrence 

networks and food webs with 60 eDNA samples covering vertebrates and 

other eukaryotes. We compare topological characteristics and identify 

potential keystone species, i.e., highly connected species, across spatial and 

temporal subsets to evaluate variance in community composition and 

structure. We find consistent trends in topological characteristics across co-

occurrence networks and food webs, despite trophic interactions forming a 

minority of significant co-occurrences. Significant trophic interactions were 

more frequently detected when both species were less prevalent. Known 

keystone species in food webs were not highly connected in co-occurrence 

networks. The lack of significant trophic interactions detected in co-

occurrence networks may result from ecological complexities such as 

generalist predators having flexible interactions across multiple prey or 

behavioural partitioning, as well as methodological limitations such as the 

inability to distinguish age class with eDNA or co-occurrences being driven 
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by other interaction types or shared environmental requirements. We suggest 

that inferring biotic interactions with co-occurrence networks constructed 

from eDNA surveys requires further validation in well-understood 

ecosystems, and improved reporting of methodological uncertainties, i.e., 

potential missed species, which could affect ecosystem complexity. 

3.1. Introduction  

Quantifying biotic interactions is key to predicting how vulnerable species 

and their ecosystems are to perturbations from climate change (Foden et al., 

2019; Paquette & Hargreaves, 2021). Species distributions are typically 

assumed to be bound by physiological limits to abiotic conditions at broad 

scales, while biotic interactions play a secondary role at finer spatial scales 

(Araújo & Rozenfeld, 2014; Cazelles et al., 2016). However, increasing 

evidence suggests that certain interactions, i.e., mutualistic or commensalism, 

can impact species distributions at broad scales and are especially important 

for determining species warm-edge range limits (Araújo & Rozenfeld, 2014; 

Paquette & Hargreaves, 2021). Climate change is disrupting species 

interactions due to contrasting rates of individual species range shifts and 

altered phenologies, affecting the timing of interactions and potentially 

accelerating the loss of species and linked ecosystem functions (Foden et al., 

2019; Valiente‐Banuet et al., 2015). Assessing the vulnerability of a species 

to climate change, or predicting their future distributions without accounting 

for biotic interactions is therefore likely to yield inaccurate outcomes, 

particularly for specialist species who strongly depend on a another species 

(Foden et al., 2019; Tylianakis et al., 2010).  Species interactions are 

numerous making it challenging to gather evidence across whole ecosystems 

so species co-occurrences have been used instead to elucidate potential 

interactions (Morales-Castilla et al., 2015).  

The construction of co-occurrence networks is data intensive, requiring 

community composition data across spatiotemporal gradients (Russo et al., 

2022). Environmental DNA (eDNA) metabarcoding data, which provides 

snapshots of whole community composition within a single sample, can 

therefore enhance the use of co-occurrence networks (Barroso‐Bergada et al., 

2021). Interspecific co-occurrences may be indicative of a biotic interaction 
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whereby two interacting species will affect the presence and/or abundance of 

each other resulting in non-random co-occurrence across space and time 

(Freilich et al., 2018). Topological characteristics of networks can influence 

the relative stability or resilience of an ecosystem to perturbations (Barroso‐

Bergada et al., 2021). For example, high modularity, i.e., separate 

compartments of non-overlapping, strongly interacting species within the 

network, may enhance community stability, as the effects of perturbation will 

be contained within a single module (Delmas et al., 2019). Co-occurrence 

networks can also identify possible keystone species which have 

disproportionate negative effects on the whole ecosystem when removed. 

These species are generally highly connected, with high closeness centrality, 

i.e., short path between the node and all other nodes in the network, and 

betweenness centrality, i.e., node forms shortest path to connect other nodes 

(Zamkovaya et al., 2021). However, the proportion of biotic interactions, and 

which type of interactions contribute to co-occurrence networks is still 

uncertain, and the interactions detected can vary greatly among replicate 

networks even from the same environment (Barroso‐Bergada et al., 2021; 

Russo et al., 2022).  

Detecting biotic interactions in co-occurrence networks depends on the type 

and strength of the interaction, as well as the spatial scale of sampling 

(Blanchet et al., 2020; Morales-Castilla et al., 2015). Correlation coefficients 

assume symmetric relationships but lots of biotic interactions are asymmetric, 

such as predation (positive for the predator, negative for prey), or the 

association strength for each species involved in a symmetric interaction, 

such as mutualism (positive for both species), differs, potentially obscuring 

any co-occurrence signal (Blanchet et al., 2020; Goberna & Verdú, 2022). 

The more interactions that a species is involved in, the weaker the interaction 

strength, as the species is less dependent on any one other species (Cazelles 

et al., 2016). Further, co-occurrences may also stem from shared 

environmental requirements, dispersal limitations or response to another 

species, i.e., predator avoidance (Freilich et al., 2018). Indirect interactions 

can also generate interspecies co-occurrence whereby a predator may co-

occur indirectly with a primary producer as a result of the predator’s prey 

depending on the primary producer (Blanchet et al., 2020). It is impossible to 
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distinguish between co-occurrences derived from biotic interactions and other 

factors without comparing co-occurrences to previously established biotic 

interactions. However, to date, co-occurrence networks have largely been 

assembled for microbial communities where limited knowledge of functional 

roles limits validation of the nature of co-occurrences (Berry & Widder, 

2014). 

Trophic interactions are generally more well understood than other 

interaction types so have been used most frequently to identify biotic 

interactions in co-occurrence networks (Ford & Roberts, 2019). Current 

estimates suggest between a quarter and half of co-occurrences in networks 

could be trophic in origin. However, these have been estimated using putative 

trophic interactions for plankton data, which are not well resolved, or using 

presence-absence datasets (Freilich et al., 2018; Russo et al., 2023; Russo et 

al., 2022). Detecting trophic interactions in co-occurrence networks is 

particularly challenging as they exhibit strong spatial dependency resulting in 

either positive or negative co-occurrences (Cazelles et al., 2016; Russo et al., 

2023; Thurman et al., 2019). Negative co-occurrences are expected at finer 

scales where prey are successfully avoiding predators whilst positive co-

occurrences over greater scales indicate predators tracking prey (Thurman et 

al., 2019). Consequently, further exploration comparing known trophic 

interactions with co-occurrences is needed to validate whether trophic 

interactions are likely to be detected and to determine the spatial influence on 

this relationship. If co-occurrence networks can successfully detect trophic 

interactions, this could enhance our knowledge of the spatiotemporal 

variability of trophic interactions which is often poorly described relative to 

overall trophic relationships (Young et al., 2015).   

Species interactions in the North Sea ecosystem are well characterised as a 

result of concern over negative impacts from fishing pressure and climate 

change, and the need to understand the consequences of these top-down and 

bottom-up pressures. The North Sea represents a “wasp-waist” system, where 

a few key forage fish species, i.e., sandeels (Ammodytes spp.), herring and 

sprat (clupeids), exert control over the abundance of predators, i.e., marine 

mammals, predatory fishes, seabirds, through bottom-up interactions, and 

control the abundance of zooplankton prey through top-down interactions 
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(Fauchald et al., 2011; Lynam et al., 2017). The abundance and quality of 

sandeels, the dominant forage bait fish in the North Sea, has been declining 

in recent decades, contributing to failures in seabird breeding (MacDonald et 

al., 2019; Wanless et al., 2005). Forage-fish predators will respond differently 

depending on diet and foraging specialisations, as well spatial restrictions, 

i.e., central placed foragers are more sensitive to prey depletions (Engelhard 

et al., 2014). Forage fish species are also vulnerable to climate change due to 

their reliance on particular substrates limiting their ability to redistribute 

northwards, with temperature driving key lifecycle stages¸ i.e., spawning 

(Frederiksen et al., 2011; Petitgas et al., 2013). These changes could lead to 

further declines and reduced temporal synchrony between predators and prey 

in the future, where prey are not available when required by predators, for 

example, during seasonal foraging periods or when raising young (Edwards 

& Richardson, 2004). Monitoring temporal changes in forage fish availability 

is therefore a priority for understanding how this effects interactions in the 

North Sea ecosystem.  

Within the southern Moray Firth, an inlet of the North Sea, the Southern 

Trench marine protected area (MPA) has recently been designated to protect 

minke whale foraging grounds (NatureScot, 2020). Here, we investigate 

spatiotemporal changes in the complexity and structuring of this ecosystem, 

employing co-occurrence networks and food webs. We explore changes in 

complexity between inshore and offshore environments, and temporally 

during the minke whale foraging season. We quantify differences in co-

occurrences detected between spatial and temporal networks and assess the 

proportion of significant co-occurrences indicative of trophic interactions by 

comparing co-occurrences with known trophic interactions from the 

literature. We identify potential keystone species, i.e., species with the most 

interactions, and evaluate whether key components of food webs are detected 

in co-occurrence networks. We expect interactions in co-occurrence networks 

to be more volatile as they can stem from different biotic interactions and 

shared environmental requirements, potentially resulting in key food web 

components remaining undetected.  
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3.2. Methods  

3.2.1. Sample collection and analysis  

We employed an eDNA metabarcoding dataset derived from 60 samples 

collected on four sampling trips during June to October 2021 to assess 

temporal community change, from the southern Moray Firth, north-east 

Scotland (Chapter 2). Marine vertebrate DNA was amplified using two 

primer sets, MarVer1 and MarVer3, targeting 12S and 16S rRNA respectively 

(Valsecchi et al., 2021; Valsecchi et al., 2020), as well as eukaryotic DNA 

with 18S rRNA to capture zooplankton and other invertebrate taxa (Amaral-

Zettler et al., 2009; Sawaya et al., 2019). Sequencing libraries were prepared 

and sequenced separately at the University of Leeds Genomics Facility, St 

James Hospital, using an Illumina MiSeq Sequencer with 150 bp paired-end 

lane for both vertebrate primer sets, and 250 bp paired-end lane for 18S 

rRNA. The bioinformatics pipeline is described fully in Valsecchi et al. 

(2020) and at http://www.dna-leeds.co.uk/eDNA/. Following the removal of 

low-quality sequences, PCR duplicates and chimaeras, we clustered 

sequences into molecular operational taxonomic units (OTUs) using a 98% 

threshold of homology to the GenBank sequence at species level for the two 

vertebrate primers, and a 95% threshold at class level for the 18S primer set. 

We converted read counts into an OTU-specific index, allowing comparison 

of within-OTU abundances across all samples. Firstly, we converted read 

counts into proportions, and divided the maximum proportion for each OTU 

from the proportion at individual sites resulting in an index between 0 and 1 

for each OTU (Kelly et al., 2019). For vertebrate OTUs that were present 

across both primer sets, we built an ensemble OTU index by taking the 

average across both indices at each site (Djurhuus et al., 2020).  

3.2.2. Co-occurrence network construction  

We subset our dataset into groups to account for spatial and temporal trends 

in community composition for co-occurrence analyses (Chapter 2), as more 

similar communities produce more specific co-occurrence networks (Berry & 

Widder, 2014). We will refer to early season, June to July (34 sites), and late 

season subsets, August to October (23 sites), as ‘temporal subsets’ and will 

retain spatial signals in the dataset. Nearshore (13 sites) and offshore (47 
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sites) subsets will be called ‘spatial subsets’ and preserve temporal patterns 

in the dataset. Small sample sizes (<20) can affect the reliability of co-

occurrence networks to accurately predict interactions, so extra caution must 

be applied to networks with sample sizes below this threshold (DiBattista et 

al., 2020; Hirano & Takemoto, 2019). For each subset, we only retained 

OTUs that appeared in at least 25% of the sites to remove rare species and 

reduce erroneous correlations (Berry & Widder, 2014). 

We assembled individual co-occurrence networks by calculating pairwise 

interactions between species OTU indexes, a measure of relative abundance, 

with five different metrics (Pearson and Spearman correlations, Bray-Curtis 

and Kullback-Leibler dissimilarities, and mutual information) in Cytoscape’s 

Conet plugin (Faust & Raes, 2016). For edges to be included in the network, 

they had to be supported by at least two metrics, reducing the likelihood of 

false positives, and we retained the highest and lowest scoring 500 edges to 

capture both positive and negative interactions (Faust & Raes, 2016). P values 

were calculated using the ReBoot method which compares the null 

distribution of correlations, accounting for compositionality using 100 

iterations of method and edge specific renormalised permutations, and 100 

iterations of bootstrapped confidence intervals of observed correlations 

(Faust et al., 2012).  P values across different metrics were then merged using 

Brown’s method and corrected for multiple testing with the Benjamini-

Hochberg method (Benjamini & Hochberg, 1995; Brown, 1975).  

3.2.3. Food web construction  

We used a meta-web approach to construct food webs for the Moray Firth 

ecosystem by determining all potential trophic interactions between 

consumers and resources detected by our eDNA metabarcoding dataset 

(D’Alessandro & Mariani, 2021). We downloaded diet items for fishes, 

marine mammals and seabirds from FishBase (https://www.fishbase.se) and 

SeaLifeBase (https://www.sealifebase.ca), through the ‘rfishbase’ R package 

version 4.0.0 (Boettiger et al., 2012). We complemented these data with 

information from the primary literature, including invertebrate species, using 

the Google Scholar search engine and search terms “Latin species name” or 

“common species name” with “feeding”, “diet” or “stomach contents”. For 
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some well-studied species, such as marine mammals or seabirds, we restricted 

the search to dietary studies within the North Sea. We constructed an edge list 

describing all possible consumer-resource interactions, and subset the data as 

described above for co-occurrence networks, removing rare species present 

in fewer than 25% of samples.  

Topological properties for both co-occurrence networks and food webs were 

calculated using the Cytoscape NetworkAnalyzer plugin (Assenov et al., 

2008). Food webs and networks were visualised with the iGraph R package 

version 1.2.1 (Csardi & Nepusz, 2006). Trophic levels for vertebrate species 

were assigned from FishBase and SeaLifeBase records. We assigned primary 

producers (i.e., algae) and fungi to trophic level 1, and all other invertebrate 

classes to trophic level 2 for the purpose of this study. Significant co-

occurrences that represented trophic interactions were inferred from the 

literature used to build food webs. We identified potential keystone species 

as those with the highest degree of co-occurrences or interactions from co-

occurrence networks and food webs respectively (Berry & Widder, 2014). 

3.3. Results 

3.3.1. Moray Firth community composition  

We retrieved 6,894,772 sequences assigned to 88 OTUs across both 

vertebrate primer sets, and 1,469,355 sequences assigned to 36 OTUs for 18S 

rRNA (Chapter 2). Over 90% of vertebrate reads belonged to teleost fishes, 

although mammals, chondrichthyes and birds were also detected. OTUs with 

the most abundant read counts included forage fish such as sandeels, clupeids 

and mackerel (Scomber scombrus). Classes from Animalia (48 % total reads) 

and Chromista (41 % total reads) contributed relatively equally to overall 

eukaryotic reads. Copepods from the Maxillopoda Class comprised most of 

the Animalia reads, while dinoflagellates (Dinophyceae) and diatoms 

(Bacillariophyceae) both dominated Chromista read counts. There was a clear 

temporal signal in community composition, differing significantly between 

early and late season samples for vertebrates, and across all four sampling 

months for eukaryotes (Chapter 2). Sandeels were more prevalent in the early 

season while mackerel were more abundant in the late season. Maxillopoda 

accounted for most reads in the first and last sampling months, while 
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Dinophyceae were more prevalent in the middle sampling months (July and 

August). For both vertebrates and broader eukaryotes, the nearshore 

community (< 1000 m from shore) had higher alpha diversity and 

significantly different beta diversity from communities composed of samples 

collected further offshore (Chapter 2). Numerous fish species and eukaryote 

classes were found exclusively in the nearshore community that are known to 

be associated with shallow depths. 

3.3.2. Temporal food webs and co-occurrence network subsets 

We found six and nine fewer nodes in the early season (June and July) 

compared to the late season (August to October), and 108 and 172 fewer 

edges in the early season for co-occurrence networks and food webs 

respectively (Table 3.1). Edges in the co-occurrence networks were 

dominated by positive interactions, representing 85.6% of edges in the early 

season, and 77.9% edges in the late season, resulting from OTU copresences. 

Only 53 (17%) edges and 104 (25%) edges in the co-occurrence networks 

represented known trophic interactions from our literature search. Potential 

keystone OTUs, i.e., highly connected OTUs, did not overlap between 

temporal subsets for the co-occurrence networks and food webs, apart from 

for sandeels, which were a keystone OTU for the late season co-occurrence 

network and both food web subsets (Table 3.2). We found a negative 

correlation between average OTU abundance and degree for the early season 

co-occurrence network (Pearson, r = -0.41, p<0.05), but no pattern for the late 

season network. For example, sandeels only showed a high degree of edge 

interactions in the late season when they were less abundant (Figure 3.1). 

OTUs with the most edge interactions in food webs were dominated by 

species which occupied mid trophic levels (2-3), as both consumers and prey 

within the ecosystem (Figure 3.1). This included some of the most abundant 

OTUs detected, such as copepods, mackerel, sandeels, and clupeids. 
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Table 3.1. Topological characteristics of temporal co-occurrence networks 

(undirected) and food webs (directed) for early season (June to July) and late season 

(August to October) Moray Firth subsets. 

 Co-occurrence networks Food webs 

 Early season Late season Early 

season 

Late season 

Nodesi 54 60 53 62 

Edgesii 305 413 290 462 

Avg. neighboursiii 11.3 13.767 10.49 14.52 

Diameteriv 4 4 5 6 

Radiusv 3 2 1 1 

Characteristic path 

lengthvi 

2.03 1.94 1.87 1.88 

Clustering 

coefficientvii 

0.43 0.44 0.34 0.34 

Network densityviii 0.21 0.23 0.11 0.12 

iNodes represent OTUS. 
iiEdges represent interspecific co-occurrences in co-occurrence networks, or 
trophic interactions in food webs. 
iiiAverage number of neighbours refers to the average number of edges per node.  
ivThe diameter is the maximum length of the shortest path between two nodes. 
vThe radius is the minimum length of the shortest path between two nodes. 
viThe characteristic path length is the average shortest path length between any 
two nodes in the network. 
viiThe clustering coefficient represents the average clustering coefficient across all 
nodes and is a value between 0-1. It represents the proportion of co-occurrences 
among the neighbours of a node. 
viiiNetwork density describes the proportion of realised co-occurrences from all 
potential co-occurrences. 
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Table 3.2. Potential keystone species, i.e., the ten molecular operational taxonomic 

units (OTUs) with the highest degree (number of edges), identified in co-occurrence 

networks and food webs from the early season (June to July) and late season (August 

to October) Moray Firth subsets. Gradients of blue indicate trophic levels, from light 

blue (trophic level 1) to dark blue (trophic level 4). 

Co-occurrence networks Food webs 

Early season Late season Early season Late season 

Phaeophyceae Oncorhynchus Polychaeta Polychaeta 

Spinachia 

spinachia 

Dinophyceae Gadidae Gadidae 

Dicentrarchus Taurulus 

bubalis 

Maxillopoda Maxillopoda 

Symphodus 

melops 

Ammodytidae Clupeidae Bivalvia 

Centrolabrus 

exoletus 

Gasterosteus 

aculeatus 

Gastropoda Scomber 

scombrus 

Gasterosteus 

aculeatus 

Zoarces Ammodytidae Clupeidae 

Taurulus 

bubalis 

Larus 

argentatus 

Scomber 

scombrus 

Gastropoda 

Pholis 

gunnellus 

Anguilla 

anguilla 

Pomatoschistus 

minutus 

Ammodytidae 

Chirolophis 

ascanii 

Pholis 

gunnellus 

Pleuronectidae Pleuronectidae 

Salmo Phocoena 

phocoena 

Trisopterus 

esmarkii 

Pomatoschistus 

minutus 
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Figure 3.1. Food webs from (a) early season (June to July) and (c) late season 

(August to October), determined by environmental DNA metabarcoding detections 

and known trophic interactions, and respective co-occurrence networks for the (b) 

early season and (d) late season. The size of the node represents the scaled average 

abundance of the molecular operational taxonomic unit (OTU) across samples, and 

the colour indicates whether the OTU is unique to that time period (green) or more 

(blue) or less (yellow) abundant. Red edges in co-occurrence networks signify 

trophic interactions while grey edges represent all other significant co-occurrences. 

Individual OTUs are plotted in the same location between graphs. 

 

 

3.3.3. Spatial food webs and co-occurrence network subsets 

We detected 22 more OTUs in the nearshore community compared to 

offshore, despite the nearshore community including only 13 samples 

compared to 47 offshore samples (Table 3.3). This included 27 OTUs which 
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were only found in the nearshore community (Figure 3.2). More edges were 

formed between nodes for the nearshore community, with 139 more edges for 

the co-occurrence networks, and 206 more edges for the food webs. The 

spatial subsets also detected a greater proportion of co-presences (nearshore 

73.6%, offshore 77.9%), compared to mutual exclusions, and a small 

proportion of trophic interactions (nearshore 20.9%, offshore 22.5%). Similar 

to the temporal subsets above, we discovered little overlap between potential 

keystone OTUs in the co-occurrence networks and food webs, with 

Gastropoda being the only keystone OTU in both the nearshore co-occurrence 

network and food web, and sandeels for offshore (Table 3.4). Two keystone 

OTUs, the three-spined stickleback (Gasterosteus aculeatus), and the long-

spined bullhead (Taurulus bubalis), were shared across all four co-occurrence 

networks, whilst five keystone OTUs were shared by one spatial subset and 

one temporal subset, dinoflagellates (Dinophyceae), brown algae 

(Phaephyceae), harbour porpoise (Phocoena phocoena) and salmon/trout 

genuses (Salmo, Oncorhynchus). We found  a positive correlation between 

average OTU abundance and degree for the nearshore network (Pearson, r = 

0.31, p<0.05), but no correlation was detected for the offshore network.  
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Table 3.3. Topological characteristics of spatial co-occurrence networks (undirected) 

and food webs (directed) for nearshore (<1000 km) and offshore communities. 

 Co-occurrence networks Food webs 

 Nearshore Offshore Nearshore Offshore 

Nodesi 68 46 67 46 

Edgesii 383 244 465 259 

Avg. 

neighboursiii 

11.27 10.61 13.55 10.826 

Diameteriv 4 3 5 4 

Radiusv 3 2 1 1 

Characteristic 

path lengthvi 

2.13 1.88 1.86 1.8 

Clustering 

coefficientvii 

0.38 0.4 0.31 0.36 

Network 

densityviii 

0.17 0.24 0.11 0.13 

iNodes represent OTUS. 
iiEdges represent interspecific co-occurrences in co-occurrence networks, or 
trophic interactions in food webs. 
iiiAverage number of neighbours refers to the average number of edges per node.  
ivThe diameter is the maximum length of the shortest path between two nodes. 
vThe radius is the minimum length of the shortest path between two nodes. 
viThe characteristic path length is the average shortest path length between any 
two nodes in the network. 
viiThe clustering coefficient represents the average clustering coefficient across all 
nodes and is a value between 0-1. It represents the proportion of co-occurrences 
among the neighbours of a node. 
viiiNetwork density describes the proportion of realised co-occurrences from all 
potential co-occurrences. 
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Table 3.4. Potential keystone OTUs, i.e., the ten molecular operational taxonomic 

units (OTUs) with the highest degree (number of edges), from co-occurrence 

networks and food webs from the nearshore and offshore communities. Gradients of 

blue indicate trophic levels, from light blue (trophic level 1) to dark blue (trophic 

level 4). 

Co-occurrence networks Food webs 

Nearshore Offshore Nearshore Offshore 

Zoarces Dinophyceae Polychaeta Polychaeta 

Calcarea Taurulus bubalis Maxillopoda Gadidae 

Ascidiacea Limanda 

limanda 

Gadidae Maxillopoda 

Granuloreticulosea Ammodytidae Bivalvia Clupeidae 

Taurulus bubalis Salmo Gastropoda Ammodytidae 

Phocoena phocoena Gasterosteus 

aculeatus 

Scomber 

scombrus 

Scomber 

scombrus 

Phaeophyceae Oncorhynchus Clupeidae Gastropoda 

Gasterosteus 

aculeatus 

Tursiops 

truncatus 

Pleuronectida

e 

Pomatoschistu

s minutus 

Gastropoda Bacillariophycea

e 

Ammodytida

e 

Pleuronectidae 

Chlorodendrophycea

e 

Ctenolabrus 

rupestris 

Ophiuroidea Trisopterus 

esmarkii 

 



82 
 

 
 

 

Figure 3.2. Food webs from the (a) nearshore community with samples collected 

<1000 m from shore, and (c) offshore community determined by environmental 

DNA metabarcoding detections and known trophic interactions, and respective co-

occurrence networks for the (b) nearshore and (d) offshore communities. The size of 

the node represents the scaled average abundance of the molecular operational 

taxonomic unit (OTU) across samples, and the colour indicates whether the OTU is 

unique to that time period (green) or more (blue) or less (yellow) abundant. Red 

edges in co-occurrence networks signify trophic interactions while grey edges 

represent all other significant co-occurrences. Individual OTUs are plotted in the 

same location between graphs. 
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3.3.4. Stability of edges between different co-occurrence network 
subsets  

Within the temporal and spatial co-occurrence network subsets, there were a 

high number of unique edges, with only 61 (9%) and 37 (6%) shared edges 

in the temporal and spatial subsets respectively (Figure 3.3). Despite the 

temporal and spatial subsets being assembled with the same data, there was a 

high number of edges only detected in either the temporal or spatial networks. 

Only 268 edges (27%) were found in both subsets, with a similar number of 

edges unique to the temporal or spatial subsets, 394 and 325 edges 

respectively. We investigated edge stability further with cetacean trophic 

interactions and found very few overlapping edges between subsets (Figure 

3.3). Only two trophic interactions between bottlenose dolphins (Tursiops 

truncatus) and European seabass (Dicentrachus), and between harbour 

porpoises and sandeels were detected in more than one subset. Only 21% of 

the detected trophic interactions were with known dominant prey species, and 

these interactions were all unique to one subset, apart from between harbour 

porpoises and sandeels which were detected in both nearshore and offshore 

networks.  
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Figure 3.3. (a) Venn diagrams showing the number of overlapping edges detected in 

the different co-occurrence network subsets. ‘Spatial’ represents all edges in the 

monthly samples combined and ‘Temporal’ represents all edges in the distance from 

shore communities combined, with duplicates removed. (b) to (d) show trophic 

interactions between cetaceans and prey in temporal (early season, late season) and 

spatial (nearshore, offshore) co-occurrence network subsets. Dark blue ellipses 

indicate known dominate prey species. 
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 Discussion 

In this study, we assessed spatiotemporal variability in the structure and 

complexity of the Moray Firth ecosystem and identified potential keystone 

species derived from food webs and co-occurrence networks. We found 

consistent trends in topological characteristics used to describe overall co-

occurrence networks and food webs, with higher interaction diversity found 

in the nearshore and late season subsets. However, the interactions 

contributing to different co-occurrence networks were highly changeable, 

with only 27% of interactions shared between the spatial and temporal 

subsets. As hypothesised, trophic interactions only formed a small proportion 

(<25%) of co-occurrences detected across both our spatial and temporal 

networks, and significant co-occurrences between cetaceans and their known 

dominant prey species were rare. As a result, we discovered that keystone 

OTUs, i.e., highly connected nodes, in food webs were not comparable with 

those detected in co-occurrence networks.  

Topological characteristics did not vary greatly between co-occurrence 

networks and food webs, or between spatial and temporal subsets (Tables 3.1 

and 3.3), which is expected given the small spatial scale (tens of kilometres) 

of sampling. Despite the nearshore network being built from fewer samples 

(13 samples), it shared similar topological characteristics with other networks 

suggesting small sample size had limited impact on retrieving significant 

interactions (Hirano & Takemoto, 2019). The most notable differences were 

found in the number of edges, with higher interaction diversity detected in the 

late season and nearshore networks. Networks with more interactions could 

indicate higher ecosystem functionality and greater redundancy of 

interactions, thus increasing the community’s resilience to disturbance 

(Tylianakis et al., 2010; Valiente‐Banuet et al., 2015). Higher interaction 

richness in the nearshore subset was likely driven by greater species richness, 

which has been found to increase closer to shore in previous eDNA 

metabarcoding studies (Jiménez et al., 2018; O’Donnell et al., 2017; Ríos 

Castro et al., 2022). Despite the widespread application of eDNA 

metabarcoding data for building co-occurrence analyses, methodological 

limitations impacting topological characteristics have not been addressed 

sufficiently. For example, higher species richness nearshore could be a 
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methodological artefact, since the water samples were collected from surface 

water (at 4 metres depth; Chapter 2), such that more benthic species might be 

detected in the shallower nearshore samples. Previous studies employing 

eDNA metabarcoding have detected benthic species at deeper depths (>200 

m) due the presence of eddies (O’Donnell et al., 2017), although stratification 

in the southern Moray firth may prevent DNA mixing in the water column 

(Adams & Martin, 1986). Further, our 18S primer set targeting eukaryotes 

notably failed to amplify DNA from organisms in the Malacostraca class 

(Crustacea), such as amphipods, carideans, decapods and isopods. Whilst 

copepods dominate North Sea plankton assemblages and are the major 

component of forage fishes diets, these other crustacean groups still form part 

of the diet of most planktivorous forage fish, and therefore would be 

reasonably well connected in food webs, potentially becoming more 

important as copepod abundance declines with warming (Garzke et al., 2015; 

Mortelmans et al., 2021; Segers et al., 2007). Further, other potentially 

important OTUs may have been removed due to incomplete reference 

libraries, affecting the overall ecosystem complexity (Sawaya et al., 2019; 

Zamkovaya et al., 2021). Extracting abundance data from eDNA 

metabarcoding is debated, especially methods to tackle bias stemming from 

differing amplification efficiencies (Hansen et al., 2018; Shelton et al., 2023). 

Here, we transformed our read counts into an OTU-specific index, which 

assumes the amplification efficiency is constant across all samples regardless 

of the community composition (Kelly et al., 2019). However, species 

composition will likely affect the read numbers retrieved, with more accurate 

abundance estimates recovered for dominant taxa compared with rarer taxa 

(Skelton et al., 2022). All these effects could impact interaction diversity and 

network complexity so must be acknowledged as shortfalls when employing 

eDNA metabarcoding data with co-occurrence network analyses.  

Only a small proportion of co-occurrences were attributable to trophic 

interactions in the present analyses. Our food webs showed that most 

predators within the study area feed on multiple prey species (Figures 3.1 and 

3.2), thus reducing the likelihood of detecting trophic interactions as their 

associations with prey are likely to be flexible and interchangeable (Thurman 

et al., 2019). Some trophic interactions may not be described in the literature 
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and are subsequently categorised as non-trophic interactions in our analyses. 

For example, dinoflagellates often make up a significant component of 

plankton biomass and are both important consumers and a food resource but 

these organisms were not well connected in our food webs, likely owing to 

difficulties identifying planktonic species in stomach content analyses 

(Pethybridge et al., 2014; Sherr & Sherr, 2007). In this case, co-occurrence 

network analyses can potentially contribute to our current understanding, as 

dinoflagellates are an abundant and well-connected OTU in the offshore 

network suggesting they play an important role in this community. Increased 

diet metabarcoding studies will also improve our knowledge of trophic 

interactions in plankton communities in the future (Zamora‐Terol et al., 

2020). Detecting trophic relationships in co-occurrence networks relies on the 

assumption that predators are tracking their prey (co-presence) or prey are 

avoiding their predators (mutual exclusion) (Thurman et al., 2019). In reality, 

species will partition their time between different behaviours or, at the 

extreme end of the scale, show seasonality in their foraging and breeding 

grounds, which will affect interspecific interactions over different 

spatiotemporal scales (Risch et al., 2014). An important limitation to eDNA 

sampling, often overlooked in co-occurrence networks, is that the method 

cannot distinguish between age classes (Hansen et al., 2018). However, age 

substantially influences what a species eats and who it is eaten by (Bossier et 

al., 2020). For example, herring will consume juvenile cod, but adult cod will 

also consume herring, which may skew correlation trends when age-class 

cannot be distinguished (Lynam et al., 2017). Spawning events may 

additionally result in increased peaks in eDNA abundances which could 

further bias interactions towards those incorporating early life stages, since 

the presence of DNA derived from gametes may not reflect the occurrence of 

trophic interactions in the same way as for older age classes (Di Muri et al., 

2022; Valsecchi et al., 2021). 

We discovered high numbers of edges unique to either the spatial or temporal 

subsets, despite the same data being used to create these subsets (Figure 3.3). 

Designating subsets prior to co-occurrence analyses is often carried-out 

arbitrarily, but samples must come from similar environments to avoid habitat 

filtering dominating potential interactions (Berry & Widder, 2014). In this 
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study, we focused on trophic interactions with cetacean species to investigate 

edge stability, as we know that cetacean diets are typically dominated by a 

few target prey species, thus increasing the likelihood of detecting the trophic 

interactions present (Thurman et al., 2019). For example, sandeels and 

clupeids comprise over 80% by weight of minke whale (Balaenoptera 

acutorostrata) diets, whilst sandeels and whiting (Gadidae) make up 80% of 

harbour porpoise diets (Pierce et al., 2004; Santos et al., 2004). However, 

significant co-occurrences between sandeels and minke whales or harbour 

porpoises were only detected in the spatial co-occurrence subsets (Figure 3.3). 

This may be due to the spatial subsets retaining a temporal signal, and the 

abundance of sandeels displays strong temporal variability with higher 

abundances in June and July when they are actively feeding within the water 

column (Henriksen et al., 2021). Similarly, we also detected higher 

abundances of both minke whales and harbour porpoises in June and July. 

Gadidae species contribute up to 84% of the bottlenose dolphin diet, and 

salmon are also suspected to be a dominate prey species although their 

otoliths are completely digested so are difficult to detected in stomach content 

analyses (Santos et al., 2001). We found co-occurrences between bottlenose 

dolphins and Gadidae in the offshore network, and with salmon in the early 

season network, when species occurred at very low abundances. Zurell et al. 

(2018) previously observed that predator-prey co-occurrences were more 

likely to be detected when both species were rare, and detectability decreased 

as one of the species became more abundant. However, rare species in eDNA 

analyses may represent false positive detections stemming from transport of 

DNA in tides and currents (Hansen et al., 2018). Finally, the three species 

further displayed trophic interactions with species not known to form large 

portions of their diet, which could indicate cetacean’s prey switching 

although seems unlikely as their preferred prey species were available in 

higher relative abundances. Without baseline information about these species, 

it is not possible to interpret these interactions.   

Potential keystone OTUs in co-occurrence networks and food webs were 

largely different (Tables 3.2 and 3.4). We identified keystones based on 

degree centrality, but OTUs with high closeness and between centralities 

were largely very similar (Appendix Tables A3.1 and A3.2). The three-spined 
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stickleback and long-spined bullhead were the only two OTUs that had high 

degree centrality across all four co-occurrence networks (Tables 3.2 & 3.4). 

The functional role of these species in ecosystems is not well understood, 

especially non-trophic interactions which make up the majority in our 

networks. However, both OTUs were most abundant in the nearshore 

environment and co-occurred within all networks, suggesting similar habitat 

use could be driving their co-occurrence. The three-spined stickleback 

spawns in very shallow coastal environments (<3 m depth) during the spring 

and summer but spends most of its life cycle in open seas, whilst the long-

spined bullhead is a permanent resident of the intertidal zone (Bergstrom et 

al., 2015, Barrett et al., 2016). They also share lots of edges with other 

predominantly coastal species, such as the European herring gull (Larus 

argentatus), corkwing wrasse (Symphodus melops), rock gunnel (Pholis 

gunnellus), salmon/trout (Salmo), and benthic invertebrate species (bivalves, 

gastropods, polychaetes) (Figure 3.2), enhancing the likelihood that co-

occurrence resulted from shared habitat requirements. In this instance, they 

are therefore unlikely to be keystone species with disproportionate negative 

effects across the ecosystem if removed (Faust et al., 2012). Other OTUs such 

as bottlenose dolphins in the offshore network and sandeels in the late season 

network, only have high degree centrality in the networks where they are least 

abundant. We sighted no bottlenose dolphins offshore whilst collecting 

samples, and previous research corroborates that they are regionally coastal, 

found in depths up to 25 meters (Culloch & Robinson, 2008; Robinson et al., 

2007). Therefore, it is likely that the small quantities of eDNA detected for 

bottlenose dolphins in the offshore environment result from movement of 

DNA particles in the water column as opposed to the bottlenose dolphins 

being present (Andruszkiewicz et al., 2019). Similarly, sandeels are only 

detected as a keystone OTU in the late season network when they occur in 

low abundance as they are buried in the sand and are unavailable to interact 

with other species in the water column (Henriksen et al., 2021). Conversely, 

OTUs that exert large influences in North Sea food webs, were not identified 

as keystone OTUs in co-occurrence networks. For example, copepods 

contribute up to 90% of the zooplankton biomass in the North Sea and are 

responsible for transferring energy from primary producers to commercially 
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important fish species, as well as nutrient recycling and carbon export (Kürten 

et al., 2013; Mortelmans et al., 2021). We suspect that they fail to have 

significant correlations with other OTUs as a result of being present in such 

high abundance across all samples (Zurell et al., 2018). These examples 

highlight potential flaws associated with both eDNA metabarcoding and 

correlative relationships, highlighting the need for more robust validation of 

co-occurrence networks.  

In conclusion, ecological interpretations from co-occurrence analyses to 

explore ecosystem functioning and interspecific interactions can be 

challenging and potentially misleading. Co-occurrence networks and food 

webs revealed similar trends in ecosystem complexity, despite interactions 

forming the networks being largely different. However, it will be important 

to explore whether this trend is consistent for networks with more varied 

complexity across greater spatiotemporal scales. Trophic interactions formed 

a small proportion of co-occurrences leading to key food web components 

such as forage fish and copepods not being highly connected in co-occurrence 

networks. Therefore, we strongly recommend that co-occurrence networks 

should be employed alongside validation methods, such as ground truthing 

within well-studied ecosystems. In this scenario, food webs and co-

occurrence networks may be complementary, and co-occurrence networks 

could highlight key taxa to focus future diet analyses to overcome current 

limitations, especially in planktonic communities. Further, limitations of both 

eDNA metabarcoding and correlation methods need to be explicitly 

accounted for in these analyses, as both may impact upon which interactions 

are detected as demonstrated in the present examination. Rapid 

characterisations of whole ecosystems are necessary to understand their 

resilience to climate change, but these must be used with caution to avoid 

drawing incorrect conclusions about the states of ecosystems. 
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4.0. Abstract  

Collecting fine-scale occurrence data for marine species across large spatial 

scales is logistically challenging, but is important to determine species 

distributions and for conservation planning. Inaccurate descriptions of species 

ranges could result in designating protected areas with inappropriate locations 

or boundaries. Optimising sampling strategies therefore is a priority for 

scaling up survey approaches using tools such as environmental DNA 

(eDNA) to capture species distributions. In a marine context, commercial 

vessels, such as ferries, could provide sampling platforms allowing access to 

under-sampled areas and repeatable sampling over time to track community 

changes. However, sample collection from commercial vessels could be 

biased and may not represent biological and environmental variability. Here, 

we evaluate whether sampling along Mediterranean ferry routes can yield 

unbiased biodiversity survey outcomes, based on perfect knowledge from a 

stacked species distribution model (SSDM) of marine megafauna derived 

from online data repositories. Simulations to allocate sampling point 

locations were carried out representing different sampling strategies (random 

vs regular), frames (ferry routes vs unconstrained) and number of sampling 

points. SSDMs were remade from different sampling simulations and 

compared to the ‘perfect knowledge’ SSDM to quantify the bias associated 

with different sampling strategies. Ferry routes detected more species and 

were able to recover known patterns in species richness at smaller sample 

sizes better than unconstrained sampling points. However, to minimise 

potential bias, ferry routes should be chosen to cover the variability in species 

composition and its environmental predictors in the SSDMs. The workflow 

presented here can be used to design effective sampling strategies using 

commercial vessel routes globally for eDNA and other biodiversity survey 



92 
 

 
 

techniques. This approach has potential to provide a cost-effective method to 

access remote oceanic areas on a regular basis, and can recover meaningful 

data on spatiotemporal biodiversity patterns. 

 

4.1. Introduction  

Knowledge of species’ ranges is essential for assessments of conservation 

status, to detect changes in distributions, and to inform spatial planning 

decisions (Wetzel et al., 2018). Initiatives to aggregate biodiversity data, 

including the Global Biodiversity Information Facility (GBIF) and the Ocean 

Biodiversity Information System (OBIS), have increased access to global 

standardised datasets (Grassle, 2000; Telenius, 2011). However, these 

datasets are limited by data quality issues, such as positional accuracy or 

duplicates of records, and spatial, temporal and taxonomic biases (Moudrý & 

Devillers, 2020). Marine species and habitats are underrepresented due to the 

monetary and logistical challenges of collecting data, with up to 50% of 

records for marine taxa being collected from coastal regions, or are classified 

as Data Deficient in IUCN Red List assessments (Dulvy et al., 2014; Hughes 

et al., 2021). Data limitations increase uncertainty in marine spatial planning 

prioritisations and could lead to less efficient marine reserve systems (Bani et 

al., 2020; Foley et al., 2010). Novel methods that provide high quality 

biodiversity data are needed for remote areas to improve our knowledge of 

species distributions, and their conservation. This paper presents a novel 

framework to design sampling strategies using commercial vessels as data 

collection platforms that could help to scale up surveys to record species 

communities more accurately and comprehensively.  

In biodiversity surveys, it is usually infeasible to collect samples at very high 

coverage across large geographical scales, so sampling strategies target the 

collection of non-biased data at resolutions relevant to study aims. Design-

based sampling methods, including random, regular, and stratified random 

sampling, ensure that every sampling unit has a non-zero probability of being 

sampled (Wang et al., 2012). Model-based sampling designs aim to avoid bias 

by considering spatial autocorrelation and heterogeneity in the sampling 

frame, the area to which sampling is restricted (Zhang et al., 2020). The 
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choice of sampling design is dependent on the study objectives and study area 

characteristics as no method consistently outperforms others (Zhang et al., 

2020). These sampling designs assume that it is possible to access the entire 

sampling frame for sample collection. However, in the marine environment 

this is often impossible to achieve, especially when considering the large 

spatial scales relevant for marine spatial planning, or the conservation of 

highly mobile species (Notarbartolo Di Sciara et al., 2016).  

Commercial vessels, such as ferries, typically follow specific shipping routes 

covering large spatial scales comprehensively, making them effective 

platforms for replicable sampling transects. Ferry-based sampling is a similar 

concept to collecting samples close to road networks, which is commonly 

employed in terrestrial biodiversity surveys due to greater accessibility 

(Kadmon et al., 2004). The data collected can be biased because the presence 

of roads directly affects species distributions or because they do not represent 

the environmental gradients in the whole sampling frame (Kadmon et al., 

2004). We therefore need to explore sampling methods which can best 

capture variability in species distributions from restricted sampling frames, 

as these often offer us low-cost sampling and accessibility to hard-to-reach 

areas. Samples from a restricted area (i.e., road networks or shipping routes) 

can still produce species distribution model predictions similar to samples 

collected from an unconstrained area if the environmental gradients are 

adequately captured (Tessarolo et al., 2014). For commercial vessel surveys 

to be effective, we need a framework for selecting networks of individual 

routes to accurately capture species composition, for which there is no 

precedent for despite their frequent implementation in visual cetacean surveys 

and continuous marine plankton recorder surveys (Arcangeli et al., 2017; 

Reid, Colebrook, et al., 2003). Furthermore, other survey technologies, such 

as environmental DNA (eDNA) or trawl deployment for fishery surveys, also 

require effective methods for allocating sample points along ferry routes 

(Aubert et al., 2018; Valsecchi et al., 2021). Understanding which sampling 

strategies will reduce the inherent bias of restricted sampling frames will 

allow us to best leverage these low-cost sampling opportunities. 

Species distribution models can serve as sampling backgrounds for 

simulating sampling strategies (Tessarolo et al., 2014). Individual species 
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distribution models can be summed using probability or binary predictions to 

create a stacked-species distribution model (SSDM) that predicts species 

richness (Calabrese et al., 2014). Species distribution models only consider 

environmental constraints on species distributions which can lead to 

overprediction of species richness when combining multiple models, as biotic 

mechanisms such as dispersal limitations or resource competition are not 

accounted for (Gavish et al., 2017). However, using stacking methods based 

on occurrence probabilities instead of thresholding occurrence probabilities 

leads to SSDMs which predict species richness similarly to macroecological 

models, whilst also retaining information on individual species (Calabrese et 

al., 2014; Distler et al., 2015; Grenié et al., 2020). The use of empirical versus 

simulated communities allows for complex community “organisation” to be 

included in sampling simulations and can highlight areas of important 

conservation interest, i.e. rare species distribution ranges or gradients of 

diversity (Miller, 2014). We can use the outputs from SSDMs as a benchmark 

to assess sampling biases associated with different sampling strategies 

(Braunisch & Suchant, 2010).  

This study develops a novel approach for assessing the suitability of different 

sampling strategies to reduce biases associated with spatially constrained 

sampling platforms, such as commercial vessel routes. Such a strategy could 

be used to gain high quality data from pelagic areas that are currently under-

sampled due to accessibility and monetary constraints (Hughes et al., 2021). 

Firstly, we quantify the magnitude of bias of a spatially constrained network 

of ferry routes, relative to unconstrained sampling across the Mediterranean 

Sea, employing different sampling strategies to allocate sampling points. 

Second, we consider how environmental variability or species composition 

impact the effectiveness of ferry routes as a sampling frame with different 

subsets of ferry routes. Finally, we evaluate the impact of taxonomic sampling 

biases on correctly predicting gradients in biodiversity as these biases are 

pervasive in sampling methods such as eDNA metabarcoding. We use ferry 

routes in the Mediterranean Sea, but the workflow could be applied to 

shipping networks anywhere, with any kind of vessel.  
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4.2. Methods   

4.2.1. Building Stacked Species Distribution Models 

We assembled a SSDM to represent true species distributions based on 

observational data from online biodiversity repositories and environmental 

data. An initial literature search identified 171 species of large marine 

predators (elasmobranchs, mammals, teleost fishes and turtles) with known 

occurrences in the Mediterranean. We defined a predator based on two 

criteria; maximum length greater than or equal to 100 cm and a trophic level 

greater than or equal to four as reported in FishBase 

(https://www.fishbase.se/) or SeaLifeBase (https://www.sealifebase.ca/). 

Nine species were retained that only satisfied one of the criteria (Appendix 

Table A4.1). Occurrence records for species were downloaded from GBIF 

(https://www.gbif.org, June 2020, GBIF Occurrence Download 

https://doi.org/10.15468/dd.tqx2he), OBIS (https://obis.org/) and EurOBIS 

(https://www.eurobis.org/) and supplemented by the Mediterranean Large 

Elasmobranchs Monitoring (Medlem) database and ACCOBAMS dataset for 

elasmobranchs and cetaceans respectively (ACCOBAMS Survey Initiative, 

2020; Mancusi et al., 2020). We subset occurrences to include records from 

2000 onwards to correspond with the years that environmental variables were 

available. We removed occurrence records where GPS coordinates had fewer 

than three decimal places to improve positional accuracy, and duplicates 

between the datasets based on species, coordinates, year and month (Moudrý 

& Devillers, 2020). Records which had the same species, year and month but 

different coordinates as a result of potentially rounding between databases 

were also assumed to be duplicates and removed manually. After quality 

checking, we only retained species with 40 or more occurrence records to 

improve model accuracy, leading to 43 species in the final presence only 

dataset, with records for individual species ranging from 41 to 7,822 

occurrences (Meynard et al., 2019). The selected species were representative 

of all marine vertebrates including teleost fishes (n=20), elasmobranchs 

(n=13), marine mammals (n=9) and one sea turtle species (Appendix Table 

A4.1) To account for sampling bias in data repositories, occurrences were 

spatially thinned with a nearest neighbour distance of 10 km using the spThin 

R package (Aiello‐Lammens et al., 2015). This approach prevents clusters of 
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occurrences although does not account for large scale spatial biases. This 

method resulted in less than 40 occurrences for ten species, in which case the 

original data was used instead. We downloaded six environmental predictors, 

bathymetry, sea surface temperature mean, sea surface temperature range and 

chlorophyll a mean from Bio-ORACLE, and bathymetric slope and distance 

from shore from Marspec, in WGS84 projection at a resolution of 0.83x0.83 

degrees (Assis et al., 2018; Sbrocco & Barber, 2013). These environmental 

variables are of known importance to marine predators, or their prey species 

(Azzellino et al., 2012; Klippel et al., 2016; Lambert et al., 2017). These 

variables were normalised to between 0 and 1 to account for units differing 

by orders of magnitude.  

We modelled individual species distributions with three different approaches, 

maximum entropy (MAXENT), multiple adaptive regression splices (MARS) 

and random forest (RF). MAXENT was run with 10, 000 random background 

points using the dismo R package (Hijmans et al., 2017). We selected 

presence-absence algorithms MARS and RF despite having a presence-only 

dataset as they perform better than presence-only models, when employed 

with pseudo-absence data (Barbet‐Massin et al., 2012; Zhang et al., 2019). 

We generated 1000 pseudo absences for MARS and an equal number of 

pseudo absences as presences for RF, both randomly selected within a 

restricted sampling frame using the two-degree method as recommended by 

Barbet‐Massin et al. (2012). We allowed first order interactions to be fitted 

for MARS (Wisz et al., 2008). RF was run with 5000 regression trees and a 

terminal node of 5 (Zhang et al., 2019). We randomly assigned the data set 

into training (70%) and testing (30%) sets three times for cross validation 

(Arenas‐Castro et al., 2022; Sundaram & Leslie, 2021). We assembled the 

model projections across the three modelling methods using weighted AUC 

scores for each species. Probabilities of occurrence were translated to binary 

occurrences using the sensitivity (i.e. true positive rate) equals specificity (i.e. 

true negative rate) threshold (Liu et al., 2005). The individual species binary 

ensemble models were then summed to show species richness in the final 

binary SSDM (Figure 4.1). We selected a binary SSDM as binary data was 

required for sampling simulations. This initial SSDM created with occurrence 

data from online repositories will be referred to as the ‘perfect knowledge’ 
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SSDM for sampling simulation comparisons. All species distribution 

modelling was carried out using the SSDM R Package using R version 4.1.0 

(Schmitt et al., 2017). 

 

Figure 4.1. Schematic diagram showing the workflow to create the ‘perfect 

knowledge’ SSDM using occurrence data from online repositories and extracting 

occurrence data from the ‘perfect knowledge’ SSDM to build the sampling SSDMs. 

Sampling SSDMs were compared to the ‘perfect knowledge’ SSDM to evaluate their 

predictive capacity. 

4.2.2. Sampling strategy simulations  

To enable comparisons of different sampling strategies relative to the ‘perfect 

knowledge’ SSDM, we selected fifteen operational ferry routes of varying 

lengths (both intra/inter country tracks) to represent the distribution of ferry 

routes in the Mediterranean (Figure 4.2A). We simulated two sampling 

strategies (random and regular) across different sample sizes (25, 50, 100 

sampling points) with either the ferry route network or the Mediterranean as 

a sampling frame to compare differences between biodiversity detected by a 

restricted sampling frame versus unconstrained sampling (Figure 4.1). 

Random sampling allocates sampling points anywhere within the sampling 

frame, whilst regular sampling places sampling points at uniform intervals 

but introduces randomness with a varied starting point. We explored different 

combinations of ferry routes, referred to as ‘ferry subnetworks’, to consider 

the importance of environmental and species data coverage by the ferry 

routes. We simulated each sampling strategy combination 1000 times to 

calculate the mean number of species sampled, and the mean number of 

occurrences per species in the simulations. All sampling simulations were 
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carried out using the spsample() function from the sp R package to allocate 

sampling point locations according to the defined sampling frame, strategy 

and sampling size (Bivand et al., 2008).  

For each sampling strategy simulation, species occurrences were extracted 

from the ‘perfect knowledge’ SSDM to regenerate new SSDMs from the 

simulated sampling data, referred to as ‘sampling SSDMs’. We created these 

SSDMs as before, except that species were not spatially thinned prior to 

modelling and species with >20 occurrences were retained. We chose this 

threshold to evaluate the effect of small sample sizes on model prediction 

accuracy. To compare species richness across the Mediterranean and ferry 

route network as sampling frames, 40 replicate SSDMs were built for each 

combination of sampling frame, size and strategy, using 40 different sampling 

simulations. We assessed correlation of species richness between the ‘perfect 

knowledge’ SSDM and the sampling SSDMs based on Pearson’s correlation 

coefficient to evaluate the effectiveness of different sampling strategies. A 

three-way Analysis of Variance (ANOVA) was performed to evaluate the 

effects of sampling strategy, frame and number of sampling points on the 

correlation coefficient.  
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Figure 4.2. Maps showing the layout of the a) whole ferry route network consisting 

of 15 individual ferry routes. Abbreviations for Ports: Al=Alcudia, Aj=Ajaccio, 

As=Ashdod, At=Athens, Ba=Barcelona, Bas=Bastia, Ci=Civitavecchia, GA=Golfo 

Aranci, Ge=Genoa, IR=Ille Rousse, Iz=Izmir, Ka=Kavala, Li=Livorno, Mi=Mitilini, 

Ni=Nice, Pa=Patras, Sa=Savona, Sal=Salerno, Ta=Tangier, To=Toulon, 

Va=Valencia, Ve=Venice. b) biased ferry route subnetwork, c) community ferry 

route subnetwork, d) environment ferry subnetwork. 

4.2.3. Ferry route subnetworks  

We built different ferry subnetworks to evaluate how different coverage of 

environmental variability and community composition affected the predictive 

capacity of ferry routes as a sampling frame. The environmental predictors 

were collapsed into a single index of environmental variability using principal 

component analysis to quantify the main gradients of environmental 

variability in the study area (Appendix Methods A4.1). The first four 

principal components explained >80 % of the variability in the environmental 
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predictors. Therefore, we collapsed these principal components by summing 

the site scores of each principal component weighted according to its 

contribution (Long & Fisher, 2006; Maina et al., 2008). The resulting 

environmental variability map was normalised between zero and one, where 

zero and one represent the most different environments. We quantified 

climatic bias for different ferry subnetworks by comparing the difference in 

density functions between environmental variability over the whole study 

area and those covered by the ferry routes. We split the density functions into 

5 equal bins of 0.2 to calculate the climatic bias index. We define our climatic 

bias index as the sum of the differences of density functions of environmental 

variability. Salerno-Ashdod was the only ferry route that covered the eastern 

basin and environmental variability between 0-0.2. Venice-Patras was the 

only ferry route encompassing the Adriatic Sea and environmental variability 

0.6-1. These two ferry routes were therefore used to create the environmental 

subnetwork as they covered all environmental variability in the study area 

(Figure 4.2D). 

We also considered how community composition differed between the ferry 

routes. For each ferry route, species occurrences were extracted from each 

grid cell of the ’perfect knowledge’ SSDM that overlapped with the ferry 

route. The number of grid cells that a species occurred in per route was treated 

as an abundance estimate. We applied a Hellinger transformation to the 

resulting species abundance x ferry route matrix to dampen the inflated 

abundances from longer ferry routes (Legendre & Gallagher, 2001). This 

transformed matrix was then used to create a Bray-Curtis dissimilarity matrix 

and differences in species composition between ferry subnetworks were 

quantified by Nonmetric Multidimensional Scaling (NMDS).  The NMDS 

analysis confirmed, as expected, that ferry routes closer together had more 

similar species composition, with the main cluster formed from routes in the 

north-western basin (Appendix Figure A4.1). This cluster was used to create 

a deliberately biased ferry route subnetwork (Figure 4.2B). We also used the 

NMDS analysis to reduce the number of ferry routes from the original ferry 

route network by randomly selecting one ferry route from each cluster on the 

NMDS plot to create a subnetwork representing community composition. 
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This reduced the number of ferry routes in the original network from 15 to 9 

(Figure 4.2C). 

We also produced ferry subnetworks with differing numbers of ferry routes, 

including 2, 4, 6, 8, 10 and 12 ferry routes by randomly selecting routes from 

the original ferry route network to evaluate the importance of the number of 

ferry routes. We built 10 sampling SSDMs using 50 regular sampling points 

per ferry route subset and compared to the ’perfect knowledge’ SSDM with 

Pearson’s correlation coefficient. We assessed the difference between biased, 

community and environmental subnetworks, and the difference between 

subnetworks with differing numbers of ferry routes with one-way ANOVAs. 

We performed post-hoc pairwise comparisons with the Tukey’s Test.  

4.2.4. Taxonomic biases in data collection  

The sampling SSDMs were constructed with occurrence data from every 

sampling point that overlapped with the species distribution. Realistically, no 

methods for collecting biodiversity data have perfect rates of detectability, so 

understanding how imperfect detection affects predictions of biodiversity 

patterns or gradients in biodiversity is important. All biodiversity monitoring 

techniques, including eDNA metabarcoding, suffer from taxonomic biases 

(Balint et al., 2018). However, it is unclear how such uncertainty can in turn 

bias SSDM predictions. To quantify the effect of taxonomic bias, we either 

removed taxa (Chondrichthyes or Mammalia) or a random subset of species 

before individual species distribution models were stacked. The random 

species subset removed the same number of species as the equivalent 

taxonomically biased model. The models were then compared to the ’perfect 

knowledge’ SSDM using Pearson’s correlation coefficient. We analysed the 

effect of removing specific taxa with a three-way ANOVA and post-hoc 

pairwise comparisons with the Tukey’s Test. 

4.3. Results 

4.3.1. Stacked species distribution model 

The SSDM of marine predators in the Mediterranean revealed two main 

gradients in species richness (Figure 4.3). There was higher species richness 

in the north-western basin compared to the south-eastern basin, and higher 
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species richness nearer to shore. The environmental variable with the greatest 

influence on model predictions was mean sea surface temperature, whilst the 

variable with the least influence was bathymetric slope (Appendix Table 

A4.2). The remaining variables, mean bathymetry, mean chlorophyll 

concentration, mean temperature range and distance from shore, contributed 

equally to model predictions. The model tended to overpredict species 

richness although the extent varied greatly (species richness error mean = 

19.06 ± 7.23 s.d). The proportion of presences that were correctly predicted 

(sensitivity = 0.98 ± 0.12 s.d) was much higher than the proportion of 

absences correctly predicted (specificity = 0.54 ± 0.17 s.d) (Appendix Table 

A4.3).  

 

Figure 4.3. Original binary stacked species distribution model of 43 marine predators 

in the Mediterranean using occurrence data obtained from online repositories. 

4.3.2. Comparison of Ferry Route Sampling Frame to whole 
Mediterranean  

The number of species with enough occurrences for modelling (>20) was 

consistently higher for samples collected along the ferry route network 

compared to unconstrained sampling across the Mediterranean Sea (Figure 

4.4A). For the smallest number of sampling points (25), only the ferry routes 

could detect any species with enough occurrence points for modelling 

(random = 6.3 ± 1.27 s.d, regular = 6.17 ± 0.91 s.d). With 50 sampling points, 

the ferry routes (random = 18.56 ± 1.53, regular = 18.69 ± 1.99 s.d) detected 

double the amount of species compared with the Mediterranean (random = 

9.42 ± 2.37, regular = 9.67 ± 1.74). The sampling strategy, random vs regular, 

had no effect on the number of species detected in both the ferry route and 
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whole Mediterranean simulated sampling. The number of species detected 

increased quickly at small sample sizes but asymptotes between 200 and 500 

sampling points where only 5 new species were detected using the ferry route 

network, and 7 species using the Mediterranean. 

Sampling SSDMs created from 100 regular sampling points across the 

Mediterranean were most correlated to the ‘perfect knowledge’ SSDM 

(85.2% ± 4 sd) (Figure 4.4B). Sampling SSDMs produced from 100 sampling 

points collected regularly (82.2% ± 3 sd) or randomly (78.3% ± 6 sd) across 

the ferry route network also produced SSDMs highly correlated with the 

‘perfect knowledge’ SSDM. Sample size and sampling strategy had less 

effect on the predictive capacity of sampling SSDMs produced with the ferry 

route network compared with the Mediterranean Sea. Sampling SSDMs 

created with either 25 or 50 sampling points along the ferry routes correlated 

more with the ‘perfect knowledge’ SSDM compared with 50 sampling points 

across the Mediterranean Sea regardless of sampling strategy (F(1,373)=15.8, p 

<0.001; Table 4.1). Sampling SSDMs created from randomly allocated 

sampling points correlated less with the ‘perfect knowledge SSDM compared 

to sampling SSDMs with regularly spaced sampling points. The difference in 

predictive capacity between the two sampling strategies was greater for 

samples collected using the Mediterranean instead of the ferry route network 

(F(1,373)=3.91. p = 0.05).  

Table 4.1. Three-way ANOVA table to evaluate impact of sampling strategy, 

sampling frame and number of sampling points on correlation coefficients between 

the sampling SSDMs and the ‘perfect knowledge’ SSDM.  

Factor Df Sum Sq Mean Sq F value P value 
Strategy 1 0.4564 0.45651 37.4637 <0.001* 

Size 2 1.1520 0.57601 47.2701 <0.001* 
Sampling frame 1 0.0960 0.09603 7.8804 0.005* 

Strategy:Size 2 0.0471 0.02355 1.9324 0.15 
Strategy:Sampling 

frame 
1 0.0477 0.04770 3.9147 0.049* 

Size:Sampling frame 1 0.1925 0.19249 15.7964 <0.001* 
Strategy:Size:Sampling 

frame 
1 0.0097 0.00966 0.7927 0.37 
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Figure 4.4. a) The mean number of species detected, with standard deviation bars, 

across different number of sampling points using either the ferry network or 

Mediterranean as a sampling frame and either random or regular sampling strategy. 

b) Mean Pearson correlation coefficient between the original SSDM and sampling 

SSDMs for 40 replicate simulations across the ferry network and Mediterranean for 

2 sampling strategies (random and regular) across 3 different sample sizes (25, 50 

and 100 sampling points). There was not enough occurrence data with 25 sampling 

points and the Mediterranean as a sampling frame to remake SSDMs. 
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4.3.3. Ferry route subnetworks  

Different ferry subnetworks varied in their ability to accurately capture 

community composition in the ‘perfection knowledge’ SSDM (F(1, 26)=342.96, 

p < 0.001) (Figure 4.5A; Appendix Table A4.4). The community subnetwork 

was able to predict the original community composition ~40% better than 

either the biased or environment subnetworks (Tukey’s, p<0.05). The 

community subnetwork also had a similar climatic bias index to the network 

with all ferry routes included (Appendix Table A4.5). The environment 

subnetwork predicted community composition (34.3% ±0.6) ~9% worse than 

the deliberately biased subnetwork (43.8% ±0.4) (Tukey’s, p<0.05).  The 

deliberately biased sampling strategy had the highest climatic bias index, 

whilst the environment subnetwork performed similarly to the original ferry 

network (Appendix Table A4.5). The number of ferry routes included in a 

network affected its predictive capacity (F(1, 54)=15.286, p<0.001), with 

correlation to the ‘perfection knowledge’ SSDM increasing from 32.8% ±13 

for networks with 2 ferry routes, to 69.3% ±16 with 8 ferry routes (Tukey’s, 

p<0.001)(Figure 4.5B). Increasing beyond 8 routes does not improve the 

predictive capacity of the sampling frame but reduces the variability related 

to which ferry routes are selected in the sub-network (Tukey’s, p>0.05).  
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Figure 4.5. a) Mean Pearson correlation coefficient between the original SSDM and 

sampling SSDMs for 10 replicate simulations across ferry route subnetworks using 

50 regular sampling points. b) Mean Pearson correlation coefficient between original 

SSDM and sampling SSDMs for 10 replicate simulations across subnetworks with 

differing numbers of ferry routes. 

4.3.4. Taxonomic biases in data collection  

When species in the same class were stacked together and compared to the 

‘perfect knowledge’ SSDM, Actinopterygii (91.9%) and Chondrichthyes 
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(90.9%) both had similar species richness patterns to the ‘perfect knowledge’ 

SSDM (Figure 4.6). The Mammalia only SSDM (67.96%) showed weaker 

correlation with the ‘perfect knowledge’ SSDM. Sampling SSDMs with 

different taxa removed affected the predicted community composition 

(F(1,116)=8.72, p<0.001)(Figure 4.7). Sampling SSDMs with Mammalia 

species removed improved the predictive capacity by 10% compared to 

sampling SSDMs with Chondrichthyes removed, or by 7% compared to 

random subset of species removed (Tukey’s, p<0.001). This pattern was 

consistent across a range of sampling sizes and strategies. 

 

Figure 4.6. Stacked species distribution models for Class a) Actinopterygii, b) 

Chondrichthyes, c) Mammalia. 
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Figure 4.7. Mean Pearson correlation coefficient between the original SSDM and 

sampling SSDMs with different taxonomic biases for samples collected using the 

ferry network sampling frame. 

4.4. Discussion  

Biased sampling remains a key hurdle to predicting biodiversity patterns 

(Hughes et al., 2021; Moussy et al., 2022; Tydecks et al., 2018).  We 

evaluated the feasibility of using biased sampling frames (in this case 

commercial vessels) as sampling platforms for collecting species occurrence 

data for marine species distribution modelling. In this study, we test ferry 

routes that could offer low-cost access to vessels (compared to dedicated 

research cruises) for hard-to-reach pelagic regions, but introduce biases 

because spatial sampling is restricted to the routes covered. We found that the 

inherent bias associated with restricted sampling frames did not lead to a loss 

in predictive capacity. In fact, for our case study, sampling simulations with 

ferry routes recovered species richness gradients more accurately than 

unconstrained sampling at small (25 sampling points) and medium (50 

sampling points) sample sizes as a result of ferry routes constraining sampling 

to areas with higher biodiversity. This result further highlights the cost-

effectiveness of ferry routes as sampling platforms and demonstrates that high 

quality biodiversity data can be recovered from restricted sampling frames. 
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Implementing this workflow to design surveys across the global shipping 

network, including from other vessel types (e.g. container ships), could vastly 

expand our knowledge of marine biodiversity in inaccessible areas, and is 

especially applicable for expanding the spatiotemporal scale of emerging 

techniques, such as automated environmental DNA sampling (Valsecchi et 

al., 2021).  

4.4.1. Marine predator SSDM 

The SSDM shows that predator species richness is much higher in the north-

western basin (Figure 4.3). This result is unsurprising due to the Strait of 

Gibraltar linking the western basin to the Atlantic Ocean allowing migration 

of predators into the Mediterranean (Coll et al., 2010). Critical habitat, 

including breeding and foraging grounds, for marine predators have been 

recognised in the north western basin through Ecologically or Biologically 

Significant Areas (EBSAs), and the implementation of the Pelagos Sanctuary 

for Marine Mammals (Notarbartolo‐di‐Sciara et al., 2008; 

UNEP/CBD/EBSA/WS/2014/3/4, 2014). However, there was also a greater 

density of occurrence points used to create the ‘perfect knowledge’ SSDM in 

the northwestern region compared with offshore and in the southern basin 

(Appendix Figure A4.2). This sampling bias is driven by greater economic 

resources in northern basin countries which benefit from European Union 

(EU) funding for survey and conservation initiatives (Amengual & Alvarez-

Berastegui, 2018; Coll et al., 2010). The binary SSDM tended to overpredict 

species richness, as has been previously reported (Pottier et al., 2013). 

Combining SSDMs with macroecological constraints may reduce 

overprediction by accounting for biotic interactions (d'Amen et al., 2015; 

Guisan & Rahbek, 2011). However, SSDMs can provide similar predictions 

to macroecological models or joint species distribution models when using a 

probabilistic stacking approach (Calabrese et al., 2014; Zurell, Zimmermann, 

et al., 2020). Despite its limitations, we chose to use a binary stacking 

procedure as we required presence data to re-run species distribution models 

from the simulated sampling strategies and the model represents realistic 

community patterns as a base for sampling simulations.  
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4.4.2. Comparison of Ferry Route Sampling Frame to whole 
Mediterranean  

Our selected 15 operational ferry routes are assumed to be representative of 

the spatial extent of the Mediterranean wide ferry network (Figure 4.2A). 

Using this ferry route network as a sampling frame achieved species 

distribution models that predicted the known community from the ‘perfect 

knowledge’ SSDM as well as or better than samples collected across the 

whole Mediterranean. Ideally, occurrence data for species distribution 

modelling would represent a random sample from the population of interest 

across the entire study area (Araújo & Guisan, 2006). However, 

geographically biased sampling strategies, i.e., samples only collected close 

to road networks, can still produce accurate models as long as the 

environmental predictors are not also biased, as is the case with the ferry route 

network (Kadmon et al., 2004; Tessarolo et al., 2014). Here, we demonstrate 

that with smaller sample sizes, samples collected from the biased sampling 

frame produced more accurate models than samples collected from across the 

whole Mediterranean Sea (Figure 4.4B). It is more feasible to routinely 

collect samples on board ferries than to implement dedicated research surveys 

over large spatial scales comparable to the Mediterranean Sea. Therefore, we 

show that routine sampling on ferries can serve as an important approach to 

conduct representative biodiversity sampling.   

Fewer samples are required to produce models with similar accuracy from 

ferry routes compared with the whole Mediterranean, but smaller sample 

sizes result is less species being detected. For the ferry route network, there 

is no cost benefit to doubling the sample size as this does not improve the 

SSDM community composition prediction (Figure 4.4). However, the SSDM 

made with 25 sampling points only detected between 5-8 species (11-18%) 

whereas SSDMs with 50 sampling points detected 16-21 (37-48%) species, 

and SSDMs with 100 sampling points detected 19-26 species (44-60%). If the 

aim of the study is to look at patterns in species richness, such as gradients in 

diversity, then a small sample size is adequate. However, if individual species 

distributions, or the detection of rare species is also important, then larger 

sample sizes will be required. These sample sizes are based on 100% 

detection rate of the species when they are present which is unrealistic for any 
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sampling method. However, we expect that the patterns observed between 

sample sizes and sampling frames should hold true as long as the detection 

probabilities are constant across sampling frames. Sampling SSDMs from the 

ferry networks were less affected by sampling strategy than sampling SSDMs 

from the whole Mediterranean, where random sampling consistently 

produced more poorly performing SSDMs. By limiting the available 

sampling frame to such an extent, this potentially reduces the impact of 

sampling strategy, and prevents random sampling from forming clusters 

which do not cover the study area’s environmental variability (Zhang et al., 

2020). These results suggest that ferries, or other commercial shipping routes, 

represent a promising sampling platform to alleviate constraints on access to 

pelagic environments that currently limit marine biodiversity surveys. 

4.4.3. Differences between ferry routes and subnetworks 

Environmental variability and species composition were compared between 

individual ferry routes to understand which ferry routes were important when 

building a subnetwork. The routes between Salerno-Ashdod and Venice-

Patras were the only two routes that covered the extremities of environmental 

variability and so were required in any ferry subnetwork to achieve full 

coverage of the environmental parameter space. Previous research suggests 

that sampling frames can be geographically biased as long as the full range of 

environmental variability in the whole sampling area is covered (Kadmon et 

al., 2004; Tessarolo et al., 2014). However, our results demonstrate that the 

environment subnetwork was not able to accurately predict community 

composition despite covering environmental variability, and in fact 

performed similarly to the deliberately biased subnetwork (Figure 4.5A). This 

highlights that considering environmental variability alone may not reduce 

the biases associated with restricted sampling frames. The NMDS analysis 

showed that the routes covering Salerno-Ashdod and Venice-Patras do not 

cluster with any other routes suggesting that different species compositions 

occur on these routes (Appendix Figure A4.1). Meanwhile, the community 

subset, which covered both community composition and environmental 

variability, predicted species richness in the ‘perfection knowledge’ SSDM 

most accurately. This result highlights that community composition as well 
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as environmental variability must be considered when selecting ferry routes 

to be representative sampling frames.  

The original ferry route network had a high density of shipping routes in the 

northwest Mediterranean, coinciding with the region with most biodiversity 

data available, which we expected to bias the predictive capacity of the 

sampling SSDMs using this network (Figure 4.2). However, the community 

subnetwork, with six routes removed from the northwest basin, was still able 

to accurately predict community composition suggesting this was not a 

driving factor in the effectiveness of the ferry routes as a sampling frame 

(Figure 4.5). A limitation of using existing community composition 

knowledge to select ferry routes for sampling is that it requires reliable 

occurrence data to model a ‘perfect knowledge’ SSDM. Here, the NMDS 

analysis shows that community composition along the ferry routes is related 

to the geographical location of the routes, with routes closer together having 

more similar community composition (Appendix Figure A4.1). We also 

demonstrated that increasing the number of routes within the network and 

having fewer sampling points along more routes, will lead to improved 

predictions of community composition. Therefore, we would recommend 

implementing a large number of ferry routes, at least 8, that cover as many 

different regions of a study area as possible if pre-existing occurrence data is 

unreliable or limited.  

4.4.4. Random and systematic biases in data collection  

Reports identifying taxonomic biases in biodiversity surveys are pervasive in 

the literature, but little is known about how taxonomic biases can affect 

downstream analyses such as species distribution modelling or spatial 

planning (Di Marco et al., 2017; Donaldson et al., 2016; Troudet et al., 2017). 

Instead, efforts to reduce bias in species distribution models have largely been 

directed at spatial and temporal biases in data collection (Beck et al., 2014; 

Inman et al., 2021; Kramer‐Schadt et al., 2013). We demonstrate that different 

taxa have varying species richness gradients, thus removing different 

taxonomic groups affected which species richness gradients were revealed. 

The classes Actinopterygii (fishes) and Chondrichthyes (sharks and rays) 

both showed highest species richness closest to shore whereas marine 
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mammals were more prevalent offshore. This is unsurprising as 

Actinopterygii and Chondrichthyes are more closely related, and are largely 

ectothermic so more constrained by temperature requirements than marine 

mammals (Grady et al., 2019; Losos, 2008). However, this may have been 

exaggerated by greater availability of marine mammal data offshore from 

visual ferry surveys   compared to Actinopterygii and Chondrichthyes data 

which is largely collected by coastal fisheries (Aïssi et al., 2015; Mancusi et 

al., 2020). Models with marine mammals removed were more correlated to 

the ‘perfect knowledge’ SSDM as a result of more species belonging to the 

Actinopterygii and Chondrichthyes classes than marine mammals (Figure 

4.7). This highlights that the proportion of species representing each class has 

an important influence on the overall species richness gradients captured. If 

biases lead to certain taxonomic groups being underrepresented then it is 

unlikely that their species richness gradients would be adequately captured, 

unless they follow similar distributions to another taxa. To utilise novel 

methods for biodiversity data collection most effectively, it is important to 

understand the effect taxonomic bias can have, and how new methods can 

best reduce current biases. 

4.4.5. Conclusion/Future research 

Our study demonstrates that high quality biodiversity data can be collected 

from biased sampling frames, providing they cover wide areas and diversified 

habitats. Utilising these biased sampling frames, such as ferries, allows data 

collection from challenging and remote areas which are often inaccessible to 

researchers due to logistical and financial constraints. This is particularly 

relevant for upscaling sampling for emerging biodiversity monitoring 

techniques, such as automated eDNA sampling, to reduce current spatial, 

temporal and taxonomic biases (Pawlowski et al., 2020). This study focused 

on the ferry routes in the Mediterranean to carry out simulated sampling 

strategies, but sampling from ferry routes, as well as other commercial vessel 

types, could be carried out across the global shipping network. The efficiency 

for ferry routes as sampling platforms will depend on the concentration of 

ferry routes in the study area or region of interest. Global cargo routes are 

largely concentrated in the North Atlantic, North Pacific and Indian Oceans, 

linking Europe, North America, East and Southeast Asia. High traffic routes 
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crossing the South Atlantic and South Pacific also connect with Southern 

Africa, South America and Australasia. These represent key areas where 

commercial vessels could contribute to closing gaps in biodiversity data 

(Wang & Wang, 2011). These areas also coincide with those most affected 

by human impacts emphasising the need for regular monitoring to understand 

effects on biodiversity (Halpern et al., 2008; Pirotta et al., 2019). The 

workflow presented here can be used as a template to evaluate the efficiency 

of a shipping route network in a study area of interest before undertaking 

sampling. This study focused on the impact of sampling strategies on species 

distribution models, which are frequently used as conservation features in 

marine spatial planning to designate protected areas. Therefore, our findings 

confirm that biased sampling, if designed adequately, can provide a useful 

data basis for marine species and management of marine environments. 
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Chapter 5 - Multi-taxon versus taxon specific spatial 
conservation priorities for marine predators  

5.0. Abstract  

Marine predators are globally threatened by anthropogenic stressors, but are 

key for ecosystem functioning. Their worsening conservation statuses 

indicate that current management is failing, requiring us to urgently reimagine 

their conservation needs to ensure their survival. Their life histories, threats, 

and resource needs are diverse. Consequently, spatial conservation areas 

targeting all species will overlook such heterogeneity, contributing to the 

problem. Here, we model 42 marine predator species distributions (marine 

mammals, elasmobranchs, teleost fishes) in the Mediterranean Sea using 

available biodiversity data to highlight diversity among species richness 

gradients for separate taxonomic groups. Secondly, we employ the Marxan 

spatial planning decision making tool to identify priority conservation areas 

for the different taxonomic groups and quantify overlap with the current 

marine protected area (MPA) system. Different marine predator taxonomic 

groups had heterogenous distributions, resulting in drastically different 

spatial conservation priority areas. None of the marine predators are 

sufficiently covered by Mediterranean MPAs (< 30% coverage), with marine 

mammals being the least protected despite having the greatest designated 

MPA extent, highlighting disconnects between conservation goals and 

current management outcomes. To save marine predators, taxon specific 

ecological requirements and resulting spatial heterogeneity need to be 

accounted for in marine spatial planning.   



116 
 

 
 

5.1. Introduction  

Marine predators (mammals, elasmobranchs and teleost fishes) are globally 

declining due to anthropogenic pressures including fishing, climate change 

and habitat degradation (Avila et al., 2018; Dulvy et al., 2021). Their loss 

reduces important ecosystem functions such as top-down control, 

redistribution of nutrients, habitat engineering, and carbon sequestration 

(Hammerschlag et al., 2019). They also create millions of job opportunities 

through being heavily targeted commodities in multi-billion dollar industries, 

global fisheries and eco-tourism (Cisneros-Montemayor et al., 2010; Juan-

Jordá et al., 2011). Marine predators are typically either protected within 

marine protected areas (MPAs) planned across multiple species and habitats, 

or focused on popular taxa, i.e., marine mammals (Notarbartolo Di Sciara et 

al., 2016),  but both approaches neglect the heterogeneous habitat 

requirements of predators stemming from their complex life histories, 

contributing towards their ineffectiveness (Klein et al., 2015). Further, marine 

predator home ranges typically exceed plausible sizes for MPAs, allowing 

exposure to threats outside MPA boundaries (Conners et al., 2022).  

Marine predators are some of the most globally threatened taxa, with over a 

third of marine mammals and elasmobranchs classified as threatened in IUCN 

Red List assessments, and targeted fisheries causing the loss of 90% biomass 

of large predatory fishes (Avila et al., 2018; Dulvy et al., 2021; Myers & 

Worm, 2003). Fishing is the largest threat to all marine predators through 

resource exploitation, direct harvesting and bycatch. Further, climate-induced 

habitat degradation and range shifts are increasingly prominent threats (Avila 

et al., 2018; Dulvy et al., 2021). The impacts of shipping traffic are well 

established for marine mammals, but less certain, although potentially 

significant, for sharks or teleost fishes (Schoeman et al., 2020). The loss of 

marine predators from ecosystems causes trophic cascades and reduced 

resilience to climate change (Estes et al., 2016). They also have high cultural 

and economic significance which can be both a benefit (i.e., high conservation 

interest) and a detriment (i.e., drives high demand) (Estes et al., 2016). 

Therefore, we urgently need to improve understanding of the conservation 

requirements for top marine predators to prevent further declines.  
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Marine spatial planning (Directive 2014/89/EU) offers a coordinated and 

transparent approach to managing different stakeholders using the marine 

space, whilst minimising impacts to the environment. Incorporating marine 

predators into spatial planning is important to indicate ecologically significant 

areas, i.e., with high productivity, species diversity or biomass of prey species 

(Augé et al., 2018). Incorporating multi-taxa approaches to identify priority 

areas has been advocated (Augé et al., 2018), but this oversimplifies the 

diverse habitat requirements of different taxonomic groups (Heupel et al., 

2019). In contrast, predator-specific MPAs focus on narrower objectives, i.e., 

protecting specific life stages such as breeding or feeding grounds, but this 

strategy will only be effective if the protected life history stages maximise 

population growth rates (Conners et al., 2022). Different marine predator taxa 

have distinct spatial requirements, affecting their susceptibility and exposure 

to different threats (Avila et al., 2018).  For example, divergent 

thermoregulatory strategies mean that marine mammals represent highest 

predator richness in temperate and polar waters, and in pelagic zones, while 

sharks and teleost fishes dominate tropical and coastal waters (Grady et al., 

2019). At finer-scales, spatial partitioning between species is driven by 

mechanisms such as competitive exclusion and varying life history strategies 

(Heupel et al., 2019). Attempting to maximise conservation benefits for 

taxonomic groups offers a suitable balance between species-specific 

approaches, which will not afford protection to unstudied species, and broad 

(all taxa) biodiversity objectives that fail to account for taxon-specific 

requirements.  

The Mediterranean Sea hosts a high diversity of marine predators that are 

exposed to some of the highest human impacts globally (Coll et al., 2010). 

Consequently, the Mediterranean Sea is an extinction risk hotspot for 

elasmobranchs (Dulvy et al., 2021), and local extinctions of marine mammal 

and teleost fish populations have already occurred (Bearzi et al., 2008; 

MacKenzie et al., 2009). Only 6% of the Mediterranean Sea is covered by 

MPAs, and of these, 95% have no regulations in place, owing to most being 

coastal and coinciding with high vessel density areas resulting in stakeholder 

conflicts (Claudet et al., 2020). Transboundary marine spatial planning has 

been encouraged given the large number of relatively small countries 
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bordering the Mediterranean Sea (Li & Jay, 2020), yet marine spatial 

planning for marine predators has so far focused on single species or small 

spatial scales (Carlucci et al., 2021; Mazor et al., 2016). To ensure that spatial 

planning results in the best conservation benefits for marine predators, it 

needs to be executed at scales relevant to the expansive spatial ranges of 

marine predators (Conners et al., 2022; Estes et al., 2016).    

In practice, conservation practitioners use all available biodiversity 

information for spatial planning prioritisations across taxa, and typically omit 

taxon-specific requirements. In this paper, we test whether taxa with different 

spatial ranges and habitat requirements need different conservation priority 

areas in the Mediterranean Sea. We firstly model the distributions of marine 

mammals, elasmobranchs, and large teleost fishes. Second, we identify 

separate and joint reserve prioritisation solutions for different taxa to test our 

expectation that each taxon requires specific conservation areas. Finally, we 

evaluate how different our reserve networks are compared to currently 

designated MPAs. We highlight discrepancies in the realised and required 

conservation efforts for marine predators and develop recommendations to 

facilitate the implementation of improved management measures for each 

group. 

5.2. Methods  

5.2.1. Species distribution modelling 

We classify a marine predator as having a total length ≥100 cm and a trophic 

level ≥4 based on FishBase (https://www.fishbase.se/) or SeaLifeBase 

(https://www.sealifebase.ca/) records (Boyse et al., 2023). Setting a threshold 

of ≥40 occurrence records from GBIF (https://www.gbif.org, June 2020, 

GBIF Occurrence Download https://doi.org/10.15468/dd.tqx2he), OBIS 

(https://obis.org/), EurOBIS (https://www.eurobis.org/), the Mediterranean 

Large Elasmobranchs Monitoring (Medlem) database and Accobams 

(ACCOBAMS Survey Initiative, 2020; Mancusi et al., 2020), data were 

available to model distributions of 42 marine predator species, covering three 

taxonomic groups (20 teleost fishes, 13 elasmobranchs, 9 marine mammals) 

(Appendix Table A4.1). We obtained data for six environmental predictors 

(bathymetry, bathymetric slope, chlorophyll a, distance from shore, sea 
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surface temperature mean and sea surface temperature range) from Bio-

ORACLE and Marspec in WGS84 projection and 0.83° x 0.83° resolution 

(Assis et al., 2018; Sbrocco & Barber, 2013). Prior to modelling, we spatially 

thinned occurrence records with a nearest neighbour distance of 10 km 

(Aiello‐Lammens et al., 2015).  We modelled species distributions using 

maximum entropy (MAXENT), multiple adaptive regression splices (MARS) 

and random forest (RF) algorithms with the SSDM R package (Phillips et al., 

2006; Schmitt et al., 2017). We generated 10, 000 background points for 

MAXENT. MARS and RF require pseudo-absence data, which we created 

randomly using the two-degree method, with 1000 points for MARS and an 

equal number of pseudo-absences as presence data for RF (Barbet‐Massin et 

al., 2012). We made ensemble models across the different algorithms using 

weighted AUC scores. We converted ensemble habitat suitability models for 

each species to presence-absence models using the sensitivity equals 

specificity threshold (Schmitt et al., 2017). Binary ensemble models were 

summed to produce stacked species distribution models to visualise patterns 

in species richness. 

5.2.2. Priority areas for marine predators in the Mediterranean 

We divided the Mediterranean Sea into planning units of 10 km x 10 km, in 

line with European Union guidelines on spatial planning (European 

Commission, 2007), resulting in 25,141 planning units in total, in the Lambert 

Azimuthal Equal Area projection (EPSG:3035). We assigned each planning 

unit an opportunity cost of displaced vessel traffic, represented by annual 

vessel density (hours per square kilometre) at a 1 km x 1 km resolution 

(European Marine Observation and Data Network, EMODnet; 

https://www.emodnet.eu/). We averaged annual vessel density across the 

available four years (2017-2020) and summed the data to a 10 km x 10 km 

resolution. Vessel density is a suitable surrogate for opportunity cost as this 

incorporates multiple sectors, including fishing, cargo, passenger and tankers 

which represent important threats for marine predators (Avila et al., 2018; 

Dulvy et al., 2021). 

We employed the decision support software Marxan to identify priority areas 

for marine predator conservation. Marxan provides near-optimal solutions to 
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the minimum set problem where conservation features (i.e., species) are 

adequately represented for the least possible cost (Ball et al., 2009). Our 

conservation features consisted of individual marine predator binary species 

distributions for 42 species. We set a target of 30% protection for each species 

following the post-2020 Global Biodiversity Framework guidance (CBD, 

2021). We ran Marxan using the simulated annealing algorithm and a 

boundary length modifier of 0.01 after calibration. We performed 100 

iterations for each of the conservation feature scenarios: 1) all marine predator 

species, 2) marine mammals, 3) teleost fishes and 4) elasmobranchs.  

5.2.3. Comparing conservation planning scenarios with different 
taxonomic information 

We used both the selection frequency, i.e., how many times each planning 

unit was selected in 100 iterations, and the ten solutions with the lowest 

objective scores to compare conservation priority differences across marine 

predator taxa. First, we quantified the overlap between planning unit selection 

frequencies of different taxa with Cohen’s Kappa coefficient (McHugh, 

2012). The Kappa statistic requires categorical data so we classified the 

selection frequencies into five groups, 0, <25, 26-50, 51-75, >75 (Ruiz-Frau 

et al., 2015). Second, we performed hierarchical clustering with Jaccard 

dissimilarities from the 10 best solutions across the conservation feature 

scenarios (Brumm et al., 2021). We also compared the average cost and 

number of planning units required across the different taxa.  

We downloaded the most current database for MPAs in the Mediterranean 

from MAPAMED, which includes 1,126 designated MPAs (MedPAN & 

SPA/RAC, 2022)(Figure 5.1B). We included MPAs with a national statute, 

Natura 2000 sites, and Specially Protected Areas of Mediterranean 

Importance (SPAMI) (MedPAN & SPA/RAC, 2022). We calculated the 

overlapping area between species distributions and MPAs and our ten best 

spatial prioritisation solutions to quantify which taxa are currently receiving 

most protection, and differences among taxa-specific prioritisation solutions.  
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Figure 5.1. Bathymetric maps of the Mediterranean Sea showing a) marine regions, 

and b) designated marine protected areas (MPAs) including Marine Natura 2000 

sites, MPAs with a national statute and Specially Protected Areas of Mediterranean 

Importance (SPAMIs). 

 

5.3. Results  

Different taxa of marine predators have distinct distribution patterns (Figure 

5.2). High species richness of elasmobranchs and teleost fishes is found along 

the coastlines of the north-western basin as well as the Balearic Islands, 

Corsica and Sardinia. Elasmobranchs have wider distributions in the Adriatic 

Sea, Aegean Sea and along the coastlines of Tunisia and Sicily, compared to 

teleosts. Highest species richness of marine mammals occurs in the Alboran 

Sea and between the Balearic Islands and Corsica/Sardinia. Overall, there is 

clear decrease in species richness with distance from shore, with highest 

species richness occurring in the north-western basin as well as the Adriatic 

and Aegean Seas. The marine predator SSDM overpredicted species richness, 
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with a high proportion of true presences predicted correctly (sensitivity = 

19.06 ± 7.23 SD) but a lower proportion of absences predicted correctly 

(specificity = 0.54 ± 0.17 SD) (Appendix Table A4.3).  

 

Figure 5.2. Maps of the Mediterranean Sea showing species richness from stacked 

species distribution models of a) all taxa, b) teleost fishes, c) marine mammals, and 

d) elasmobranchs.  

Conservation feature scenarios considering taxa separately resulted in vastly 

different spatial prioritisation solutions (Figure 5.3). The Kappa statistic and 

hierarchical cluster analysis show highest similarity between selection 

frequencies for elasmobranchs and all taxa (Figures 5.4). Visually, 

elasmobranchs and all taxa scenarios share similar high selection frequency 

areas occurring along the coastlines of Tunisia and Egypt, the southern 

Alboran Sea, and the northern Aegean Sea. The Kappa statistic shows 

mammals and teleosts to have similar disagreement to the all taxa scenario, 

while cluster analysis reveals greatest dissimilarity between mammals and all 

taxa. 

Including all taxa resulted in solutions with highest costs and greatest number 

of planning units (Appendix Figure A5.1). Marine mammal prioritisations 

required the lowest costs (81,939 ±2206) despite requiring the greatest 

number of planning units (5644 ±178) whilst elasmobranchs have the greatest 

costs (104,217 ±2043) despite needing a relatively similar number of 

planning units to mammals (5526 ±180).  
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Figure 5.3. Maps of the Mediterranean Sea showing the selection frequency, i.e., 

how many times each planning unit was selected in 100 iterations, from Marxan 

outputs for each of the taxa scenarios; a) all species, b) teleost fishes, c) marine 

mammals, and d) elasmobranchs.  
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Figure 5.4. a) Cohen’s Kappa coefficient showing similarity between selection 

frequency classes across the different conservation feature scenarios. b) Dendrogram 

displaying the average Jaccard distances between the ten best solutions across the 

different taxa conservation feature scenarios. 
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The Mediterranean MPA network does not fulfil the 30% coverage target for 

any of the marine predator taxa distributions (Figure 5.5). Teleost fish 

distributions overlap most with the current MPA network (24.12% ±13.27 

s.d), whilst marine mammals (16.54% ±6.49) and elasmobranchs (18.58% 

±10.81) share similar lower levels of protection. Overlap with the MPA 

network varied greatly for species within a taxonomic group, so the overall 

differences between groups were not significant (Kruskal-Wallis, p>0.05). 

Scenarios including a single taxonomic group resulted in greatest overlap 

with species distributions from that group (Kruskal-Wallis, p < 0.05) 

(Appendix Table A5.1). Our spatial prioritisation solution for marine 

mammals afforded the least co-protection to other taxa, with teleost fish 

distributions overlapping 18.42% ±11.08 and sharks 19.92% ±11.06.  

 

Figure 5.5. Average percentage distribution overlap of fish, mammal and 

elasmobranch taxa with a) the current network of Mediterranean MPAs, or 

conservation feature scenarios with b) all taxa, c) teleost fishes, d) mammals or e) 

elasmobranchs. Standard error bars shown. 

5.4. Discussion  

We discover that existing MPA systems in the Mediterranean Sea only afford 

limited protection to marine predators, with highly variable coverage within 

and between different taxonomic groups. Instead, marine predator taxa 

require different conservation priority areas, due to their specific habitat 
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requirements and life histories, as indicated by their heterogeneous 

distributions. Focussing spatial planning on all species simultaneously, as is 

common practice, captured the conservation needs well for elasmobranchs, 

but excluded sites that would gain highest conservation benefits for marine 

mammals and teleost fishes. Hence, where spatial planning aims to capture 

all (i.e., as many as possible) taxa in conservation management areas, there is 

a risk of missing conservation needs of important taxa. We advocate that 

including conservation objectives and actions specific to taxonomic groups 

will better achieve effective conservation of taxa with contrasting or 

specialised life histories and habitat needs.  

We find a striking contrast between the coastal distributions of sharks and 

teleost fishes, with the offshore ranges of marine mammals, consistent with 

globally observed patterns in predator richness (Grady et al., 2019) (Figure 

5.2). These differences may be exaggerated by greater data availability 

offshore for marine mammals from ferry-based visual surveys, whilst data for 

elasmobranchs and teleosts largely comes from coastal fisheries (Mancusi et 

al., 2020; Mannocci et al., 2018). We also find higher predator richness in the 

north-western basin, due to its proximity to the Strait of Gibraltar which is an 

important migration corridor connecting the Mediterranean Sea with the 

Atlantic Ocean (Coll et al., 2010). This result may be inflated by higher 

observation effort in the north-western basin (Coll et al., 2010). Our SSDM 

was good at correctly predicting presences but had a high false positive rate 

which could result in larger areas being protected than necessary (Appendix 

Table A4.3). Further, marine predators are often migratory with seasonal 

breeding and foraging grounds (Lascelles et al., 2014), but we had inadequate 

data to consider seasonal variations in distributions for most species. 

Increasing research efforts to reduce biases in data, and thus ensuring the most 

effective conservation actions should remain a priority. For example, 

incorporating seasonal distributions could allow for a dynamic MPA 

approach where management measures are implemented seasonally to 

correspond with marine predator presence (Maxwell et al., 2020). However, 

spatial planning should be viewed as a continuous process whereby priority 

areas are designated based on the best available data, especially given the 
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threatened statuses of Mediterranean marine predators, and then iteratively 

updated and adapted as better data become available (Smith et al., 2009). 

Contrasting distributions of marine predator taxa translated into significant 

differences in the spatial arrangement of priority areas (Figure 5.3); 

highlighting that omitting any of these taxonomic groups from conservation 

planning will locate MPAs in the wrong areas. Prioritisation solutions 

including all taxa and elasmobranchs were most similar, driven by 

elasmobranch species occupying species-poor habitats, or costlier areas 

which are avoided in the teleost fish or mammal solutions (Kujala et al., 

2018). Including representative species across different taxa granted 

protection to rare species within the taxonomic groups considered. For 

example, currently recognised important habitats for critically endangered 

angel sharks were covered in the elasmobranch priority areas despite the 

species not being included in the current analysis (Giovos et al., 2022). Most 

importantly, encompassing all taxa simultaneously provides no information 

about which species or taxa are covered by which priority areas, making it 

difficult to implement targeted management measures. The requirement for 

taxa-specific conservation actions  to be incorporated into spatial planning 

has been acknowledged through ‘Important Marine Mammal Areas’ 

(IMMAs) and ‘Ecologically and Biologically Significant Marine Areas’ 

(EBSAs) (Corrigan et al., 2014). However, obligations to act in response to 

IMMAs/EBSAs are unclear, and it is debatable how they will specifically 

contribute to area-based conservation (Corrigan et al., 2014). Specific 

objectives for separate taxa will necessitate less severe restrictions, i.e., 

banning of fishing gear which affects the target taxon, instead of a complete 

fishing ban (Tixier et al., 2021). As Marxan only incorporates a single cost 

layer, it was not possible to consider different susceptibilities of marine 

predators to threats, but some threats are likely to be more important for 

certain species, i.e., time spent at the surface will affect the likelihood of 

vessel strikes being a large threat (Schoeman et al., 2020). 

Current Mediterranean MPAs fail to achieve the 30% coverage target for any 

of the marine predator taxa (Figure 5.5). Teleost fish distributions overlap 

most with Mediterranean MPAs, despite the two largest MPAs, ‘the Pelagos 

Sanctuary for Marine Mammals’ and ‘El Corredor de Migración de Cetaceos 
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del Mediterraneo’, being designated for cetaceans (MedPAN & SPA/RAC, 

2022) (Figure 5.1B). Instead, marine mammal distributions overlapped the 

least with Mediterranean MPAs, showing misalignment between 

conservation objectives and outcomes. Currently, the majority of MPAs in 

the Mediterranean Sea are within European Union waters (Claudet et al., 

2020), but our prioritisation solutions highlight important areas for marine 

predators in the southern Mediterranean Sea, including the Alboran Sea, and 

along the Tunisian and Egyptian coastlines (Figure 5.3). The Alboran Sea has 

been classified as an IMMA with important habitat for threatened cetaceans 

and overall high cetacean diversity (IUCN-MMPATF)( Appendix Figure 

A5.2). The Tunisian and Egyptian coastlines are both included in EBSAs, and 

encompass feeding and spawning grounds for fin whales (Balaenoptera 

physalus) and bluefin tuna (Thunnus thynnus) respectively 

(UNEP/CBD/EBSA/WS/2014/3/4, 2014). Since priority areas are not shared 

equally across countries, cross-country collaborations are required to support 

those with the highest burden, which will be challenging in the dynamic 

political environment of the Mediterranean (Mazor et al., 2013). However, 

this is the most cost-effective method to prioritise key habitats for marine 

predators, and will improve the likelihood of successful compliance given 

that stakeholders and conservation features have been considered 

synergistically (Mazor et al., 2013).  

Despite the rapid expansion in the global extent of MPAs, marine predator 

distributions are not being sufficiently protected, leading to increasing 

proportions of threatened species. They are notoriously difficult to conserve 

through MPAs as their vast distributions cannot be encompassed completely, 

resulting in debate over which key habitats or life history stages should be 

prioritised in MPA systems. Here, we advocate spatial planning considering 

marine predator taxonomic groups separately to incorporate their 

heterogenous distributions arising from divergent life history strategies and 

habitat use. This approach allows key priority areas for individual taxa to be 

identified, which are otherwise excluded when considering all taxa 

concurrently. Designating taxa specific MPAs will enhance the development 

of more guided management actions to meet the requirements of different 

taxonomic groups.  
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Chapter 6 - General Discussion 

6.1. Research Summary 

Marine predators are vital for ecosystem functioning and provide important 

ecosystem services (Hammerschlag et al., 2019). Currently, they include 

some of the most threatened species and taxa globally, requiring us to 

urgently reconsider effective conservation measures to ensure their long-term 

survival (Avila et al., 2018; Dulvy et al., 2021). Spatial management 

approaches, such as marine protected areas (MPAs), are most commonly 

employed to conserve marine predators, but their effectiveness depends on 

accurate knowledge of species distributions (MacKeracher et al., 2019; 

Notarbartolo Di Sciara et al., 2016). Therefore, improved understanding of 

marine predator habitat use in relation to environmental and biological drivers 

is essential to highlight areas of overlap between marine predators and key 

threats, ensure correct placement of MPAs and facilitate dynamic 

management strategies in response to climate change (Nelms et al., 2021). 

Environmental DNA (eDNA) is an important new tool which could enhance 

our understanding of marine predator distributions, and support conservation 

decision making regarding when and where to implement management 

actions. In this thesis, I demonstrate that eDNA metabarcoding can improve 

our understanding of seasonality and heterogeneity in the fine-scale habitat 

use of marine predators in relation to key prey species within their foraging 

grounds, which are frequently the focus of MPAs. I also show that 

biodiversity surveys utilising commercial vessels can produce unbiased 

species distributions, and therefore represent promising platforms for 

upscaling eDNA surveys to increase spatiotemporal coverage in under 

surveyed areas. Enhanced understanding of species distributions resulting 

from greater taxonomic and spatiotemporal coverage offered by eDNA 

approaches can improve the effectiveness of spatial priority area designations 

within MSP and permit more dynamic management in the future.  

6.2. Chapter Overview  

Marine predator foraging grounds often cover small spatial areas, relative to 

their overall distributions, making them popular areas for MPA 

implementation (Notarbartolo Di Sciara et al., 2016). However, our 
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understanding of predator habitat use within these areas is often limited by a 

lack of accurate prey data, especially when prey species are not of commercial 

interest (Sadykova et al., 2020). In Chapters 2 and 3, I demonstrate the utility 

of eDNA to enhance our understanding of predator-prey dynamics and to 

elucidate trophic interactions, focusing on marine mammals in a newly 

implemented MPA in the Moray Firth.  In Chapter 2, I captured spatial 

partitioning between cetacean species and spatiotemporal patterns in the 

availability and abundance of key prey species, contributing evidence to a 

limited pool of eDNA studies focused on marine mammal monitoring 

(Suarez-Bregua et al., 2022). These data also reduce knowledge gaps in our 

understanding of prey availability within the MPA and provide an important 

biodiversity characterisation of the Moray Firth marine ecosystem, which will 

be essential to evaluate the effectiveness of future management measures. In 

Chapter 3, I highlight that key prey species, such as forage fish and copepods, 

which are the most abundant and highly connected taxa in Moray Firth food 

webs, are vulnerable to climate change. Given that the North Sea is warming 

three times faster than the global average, future changes in the availability 

of prey species can be expected, with cascading effects throughout the 

ecosystem (Alvarez-Fernandez et al., 2012; Belkin, 2009). In contrast, these 

key food web components were not highly connected in co-occurrence 

networks, and interactions were volatile across spatial and temporal gradients. 

Therefore, I caution the continued application of this approach to evaluate 

eDNA derived communities in unknown systems, as important ecosystem 

components may be overlooked (Goberna & Verdú, 2022). 

In Chapter 4, I provide recommendations for selecting networks of 

commercial vessel routes and point-based sampling strategies to reduce 

biases associated with spatially constrained sampling frames, allowing the 

retrieval of high-quality biodiversity data utilising these cost-effective 

sampling platforms. I demonstrate that at low sample sizes, sampling along 

ferry routes can detect more species and recover known patterns in 

community composition better than unrestricted sampling across the entire 

Mediterranean Sea, therefore representing suitable platforms to scale up the 

spatial resolution of eDNA surveys. This approach could be employed using 

the global shipping network to provide regular ocean-scale surveying with 
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eDNA, increasing understanding of species distributions from areas that are 

often expensive or inaccessible (Valsecchi et al., 2021). 

Given the substantial increases in available eDNA survey data, it is important 

to consider how these can be effectively incorporated into MSP (Bani et al., 

2020). In chapter 5, I show how improved taxonomic coverage, potentially 

offered by eDNA approaches, can more effectively identify spatial priority 

areas for different taxonomic groups. Considering all marine predator taxa 

simultaneously, as is common practice, allocated priority areas for 

elasmobranchs well, but excluded important sites for marine mammals and 

teleost fishes. However, assessing taxonomic groups separately resulted in 

very different spatial configurations of priority areas, stemming from 

heterogenous distributions among the taxonomic groups. Further, I discover 

that the current MPA system in the Mediterranean Sea fails to provide 

adequate coverage (< 30%) for all predator taxonomic groups, with marine 

mammals being the least protected despite having the largest designated 

extent, highlighting the urgent need for MPAs in the Mediterranean to be 

adapted to effectively conserve marine predators (MedPAN & SPA/RAC, 

2022).  

6.3. Biomonitoring with environmental DNA  

eDNA approaches have been widely promoted as important tools to improve 

our ability to survey biodiversity, covering more taxa and greater 

spatiotemporal scales than previously possible (Deiner et al., 2017). The 

advantages of eDNA as a surveying tool are highlighted throughout this 

thesis, including detections at low abundance, studying predator-prey 

dynamics simultaneously and whole-ecosystem based monitoring with 

ecological networks. In Chapter 2, despite sample collection within the 

Scottish MPA only being implemented across a five-month period, I detected 

a range of threatened (i.e., European eel Anguilla anguilla, bluefin tuna 

Thunnus thynnus) and invasive (i.e., pink salmon Oncorhynchus gorbuscha) 

species, and species that are difficult to survey with other conventional 

methods (i.e., Sowerby’s beaked whales). Detections of both invasive and 

threatened species at low abundance levels are essential. In the case of 

invasive species, low abundance indicates recent settlement or few 
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individuals which improves the likelihood of successful eradication 

(Giakoumi et al., 2019). Meanwhile, highly threatened species generally have 

small populations, but detections are vital to ensure mitigation against threats, 

or to detect range expansions as populations recover, as is the case for bluefin 

tuna in the Moray Firth (Boussarie et al., 2018; Horton et al., 2021).  

Marine predators are advocated as important indicators of wider ecosystem 

changes, given that they are generally easier to monitor compared to other 

ecosystem components (Hazen et al., 2019). However, not all predators will 

make good indicators, and lag times in the responses of predators to changes 

at lower trophic levels could result in delayed management actions (Hazen et 

al., 2019). In chapters 2 & 3, I demonstrate the capacity of eDNA to instead 

conduct monitoring across the entire ecosystem, increasing the likelihood of 

detecting early changes in usually unobserved ecosystem components. 

Relatively few eDNA metabarcoding studies to date have investigated 

interactions across trophic levels, but whole community responses to climatic 

anomalies such as El Niño or human pressure levels have already been 

detected (DiBattista et al., 2020; Djurhuus et al., 2020). Here, I detected clear 

seasonal differences in the Moray Firth community, particularly in the 

abundances of key prey species for minke whales, with sandeels being the 

dominant species in June and July, whereas clupeids are more abundant from 

August onwards. These forage fish species are highly connected, important 

components of food webs, and are also vulnerable to climate change owing 

to reliance on particular substrates, so may experience future population 

declines (Wright et al., 2020). Further, warming is expected to delay sandeel 

spawning which could result in less prey being available when minke whales 

first arrive at their foraging grounds (Wright et al., 2020). Therefore, 

continued monitoring of this ecosystem will be essential to detect changes in 

key forage fish availability and their impacts on North Sea predators.  

Whilst eDNA offers many advantages as a biodiversity monitoring tool, some 

limitations of eDNA have also become apparent throughout this thesis. In 

Chapters 2 and 3, I conducted eDNA surveys without comparison to other 

survey techniques, as is becoming more common practice (Hansen et al., 

2018). However, due to time and monetary constraints, only one primer set 

targeting 18S rRNA was selected to target broader eukaryotic diversity. I 
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successfully detected Copepoda that dominate North Sea zooplankton 

communities, but failed to detect other orders of Crustacea, including 

amphipods, carideans, decapods and isopods which are also important prey 

groups for planktivorous fishes (Raupach et al., 2015). The North Sea 

ecosystem has been extensively studied (Raupach et al., 2015), but caution 

should be applied when using eDNA as the sole surveying tool in less well 

known environments as it is impossible to know which important ecosystem 

components may be missing. In Chapter 3, I demonstrated that higher eDNA 

read proportions for coastal bottlenose dolphins were found in nearshore 

samples, and higher read proportions for minke whales and harbour porpoises 

offshore, accurately representing their known habitat use (Robinson et al., 

2007). However, as these cetacean species can travel great distances over 

short time periods, it is difficult to establish whether repeated detections are 

from the same individuals, or new animals entering the area, making 

abundance estimates extremely challenging. Abundance estimates are 

essential to make population-level assessments of threats such as bycatch, and 

to monitor the stability or recovery of populations following the introduction 

of conservation measures (Hammond et al., 2021; Magera et al., 2013). Here, 

I traced the availability of different key prey species temporally using the 

eDNA index described by Kelly et al. (2019), which reflects the relative 

abundance of individual species. Changes in abundances of the key forage 

fish species related to known stages of their life histories, although not all 

abundance peaks represented suitable prey for predators. Therefore, 

alternative methods to confirm age-class and size would need to be 

consolidated with eDNA data to confirm whether suitable prey are present. 

Given the advantages and disadvantages of eDNA, I foresee eDNA being 

most effective as a monitoring tool for marine predators as complementary to 

other technologies. eDNA will be particularly useful to inform where and 

when predators and their prey species are present, and direct more intensive 

surveying in these areas to gain further population parameters such as 

abundance and age structure. 

6.4. Scaling up environmental DNA surveys  

Marine predators typically cover vast ranges, but eDNA studies have largely 

been conducted at small spatial scales, i.e., a few square kilometres, or 
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onboard expensive dedicated research vessels (Closek et al., 2019; Fraija‐

Fernández et al., 2020; Jerde et al., 2019). Commercial vessels, such as 

ferries, container, navy or fishing vessels, offer alternative cost-effective 

platforms for achieving spatiotemporal coverage necessary to cover marine 

predator ranges (Jensen et al., 2023; Maiello et al., 2023; Valsecchi et al., 

2021).  However, care must be taken when utilising these platforms for 

sample collection, as sampling is spatially constrained to the set routes 

covered, which could result in biased species distributions (Tessarolo et al., 

2014). In Chapter 4, I demonstrate that high quality biodiversity data can be 

retrieved from biased sampling frames if environmental variability and 

species composition are adequately covered, encouraging the increased use 

of these opportunistic sampling platforms. However, the global density of 

shipping traffic is heterogenous, with the Northern hemisphere, particularly 

East Asia, Southeast Asia, Northwest Europe and North America being 

covered more comprehensively than other areas (Wang & Wang, 2011) 

(Figure 6.1). These areas do correspond with those experiencing highest 

cumulative anthropogenic pressures thus permitting surveying in areas where 

conservation action is most urgent (Halpern et al., 2015). The use of 

commercial vessel platforms, coupled with technological advances to 

autonomise eDNA sample collection and processing could vastly increase our 

capacity to monitor marine species at ocean wide scales regularly (Truelove 

et al., 2022).  

 

Figure 6.1. A map showing the spatial reach of major global shipping routes, which 

could expand the spatiotemporal scope of eDNA surveys, especially when combined 

with automated sampling units. The colour scale indicates change in cumulative 

human impacts from 2008-2013. From Halpern et al. (2015). 
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Further, in Chapter 4, I illustrated that ferry routes as sampling platforms 

could characterize marine predator community composition more accurately 

at small sample sizes than unconstrained sampling across the Mediterranean 

Sea. This likely stemmed from coincidental overlap between the highest 

densities of ferry routes and highest species richness concentrating sampling 

in areas where species detections were more probable. Elsewhere, 

commercial vessel routes may not cover species distributions as effectively, 

resulting in missed detections or biased distributions (Figure 6.1). I would 

therefore recommend some prior knowledge about species distributions to 

ensure that routes cover desired areas or to implement this strategy in areas 

with exceptionally good commercial vessel coverage and increased sampling 

efforts (Boyse et al., 2023). Further, some marine predators may actively 

avoid high density shipping areas which could result in lower species 

detections than is characteristic of the whole study area of interest (Pirotta et 

al., 2019). Future work will include implementing the sampling strategies 

discussed in Chapter 4, to conduct eDNA surveys across the entire 

Mediterranean Sea. This work was initially meant to form part of this thesis, 

but sampling was postponed due to the Covid-19 pandemic. I predict that 

Mediterranean-wide eDNA metabarcoding surveys will result in higher 

predator diversity in the eastern basin, which is currently under sampled, and 

improve fine-scale distributional data for rare species, such as the critically 

endangered angel shark (Giovos et al., 2022).  

6.5. Incorporating eDNA into MPA monitoring and MSP initiatives 

Associations of scientists globally have produced best practices guidelines to 

execute robust and repeatable eDNA studies, with transparent reporting of 

uncertainties, across government, industry and academia (De Brauwer et al., 

2023). These rules have largely been broadscale, i.e., general best practices 

across the eDNA workflow, or focused on specific environments, i.e., 

freshwater, and conservation applications, i.e., invasive species monitoring 

(Abbott et al., 2021; Bruce et al., 2021; De Brauwer et al., 2023; Nicholson 

et al., 2020). Different applications will require prioritisation of  different 

workflow elements depending on specific aims, but guidelines are currently 

limited for MPA biomonitoring and MSP initiatives (Bani et al., 2020). 

Through advancing understanding of species distributions, eDNA approaches 
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could improve the accuracy of MPA placement as MPA systems continue to 

expand to fulfil 30% coverage by 2030 (Visalli et al., 2020). In Chapter 5, I 

demonstrate that well-resolved taxonomic coverage permitted taxonomic 

groups to be considered separately in MSP resulting in more effective priority 

area designation for marine predators. Often, MSP initiatives rely on coarser 

ecological data, such as habitat type or bioregions, to generate spatial 

conservation priority areas, but the comprehensive taxonomic coverage 

offered by eDNA metabarcoding could permit the inclusion of more high-

resolution species data (Astudillo-Scalia et al., 2021). Inclusion of eDNA data 

in MSP decision making tools will require the transformation of point-based 

data into spatial data, through methods such as predictive distribution 

modelling (Bani et al., 2020). The spatial bounds of a point-based eDNA 

sample in marine environments is currently unclear, and will change in 

different areas depending on factors influencing the persistence of eDNA and 

transport in currents and tides, with DNA potentially travelling 10s of 

kilometres and thus increasing the spatial bounds of a sampling point 

(Andruszkiewicz et al., 2019; Harrison et al., 2019). Integrating oceanic 

models and particle tracking to increase confidence in the spatial bounds of 

DNA origins, along with further research to inform parameters within these 

models such as settling rates and decay rates will therefore be vital to reduce 

uncertainty in species distributions (Andruszkiewicz et al., 2019). Further 

uncertainties such as completeness of reference libraries or unresolved 

taxonomic issues must be explicit in all project outcomes (De Brauwer et al., 

2023). 

As well as improving MPA placement, eDNA approaches also offer the 

potential to increase biomonitoring in MPAs to evaluate the effectiveness of 

conservation actions (Bani et al., 2020). Data limitations usually impose the 

use of static maps in MPA designation, but these are unlikely to be the most 

effective way to protect highly mobile marine predators, especially as they 

respond to climate-induced prey shifts. Instead, dynamic ocean management 

(DOM) has been advocated, but this requires the use of near real time fine 

resolution spatiotemporal data of species to respond to changes or to forecast 

future responses (Cashion et al., 2020; Crespo et al., 2020). In chapters 2 and 

3, I show temporal changes in the Moray Firth ecosystem are driven by 
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changes in the abundances of dominant forage fishes and copepods, which 

are the most highly connected taxa in food webs and particularly vulnerable 

to climate change. The North Sea is warming three times faster than the global 

average, signifying likely changes in key ecosystem components, with 

rippling effects across the ecosystem, therefore representing a good candidate 

for implementing DOM (Alvarez-Fernandez et al., 2012; Belkin, 2009). 

Future work to incorporate eDNA as a biomonitoring tool for DOM will 

require standardisation across monitoring in different MPAs. For example, 

Barco et al. (2022) only found 21 fish species in the North Sea Doggerbank 

MPA and 24 in the Sylt Outer Reef MPA compared to 68 fish species and 

families detected in Southern Trench MPA in Chapter 2. These differences 

could stem from true differences in species richness, or methodological 

differences in water volume and primer sets chosen (Barco et al., 2022). 

Extending eDNA surveys outside of MPAs will improve evaluation of MPA 

protection measures and detect potential species range shifts to areas outside 

of protection. For example, Gold et al. (2021) and Boulanger et al. (2021) 

both found lower species richness in MPAs compared to unprotected areas, 

with eDNA metabarcoding. Boulanger et al. (2021) suggested that greater 

numbers of high trophic level species found in the MPA had driven lower 

species richness through trophic cascades. However, Gold et al. (2021) 

cautions that when MPAs cover specific habitats such as kelp beds, resident 

fishes congregate and dominate sequences retrieved, potentially reducing the 

likelihood of detecting rarer species and hence lowering species diversity 

indexes, compared to other habitats made up of more transient fish species, 

with generally lower detection probabilities. Therefore, ground-truthing 

eDNA diversity indexes with other techniques such as visual SCUBA surveys 

are recommended (Gold et al., 2021).  

Delineating ecological networks may allow protection coverage targets to be 

set for different networks in MSP, moving away from species centric 

approaches. Ecological networks can also identify important ecosystem 

components to protect, i.e., highly connected species within a network, or 

species which connect multiple networks together, as well as important 

interactions (Berry & Widder, 2014). Similarly, MPA conservation actions 

can be evaluated for whole ecosystems, instead of measuring MPA success 
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based on species metrics, i.e., changes in population sizes (DiBattista et al., 

2020). In Chapter 3, food webs constructed from eDNA metabarcoding and 

known diets distinguished spatial and temporal variation in highly connected 

nodes, some of which are particularly vulnerable to climate change, such as 

copepods and forage fishes. More complex food webs can be used simulate 

how food web components respond to human or climate pressures, or MPA 

protection levels, but require accurate biomass estimates (Dahood et al., 2020; 

Heymans et al., 2016). Biomass estimates from eDNA are contentious as PCR 

amplification biases can distort the starting composition of sequences per 

species, but methods to quantify these biases are increasingly improving, so 

future spatiotemporal simulations of food webs derived from eDNA may be 

possible (Shelton et al., 2023). The food webs in Chapter 3 were constructed 

using diet information derived from literature, which is less well resolved for 

lower taxonomic levels, and may be impossible for less well studied 

ecosystems. Therefore, I explored co-occurrence networks as an alternative 

method to detect spatiotemporal differences in the Moray Firth community in 

Chapter 3. I found that methodological choices had a large impact on what 

interactions were detected and discovered that highly connected nodes 

included species only when they were least abundant. This could have 

negative impacts if used to identify important ecosystem components to 

protect, for example, bottlenose dolphins are highly connected in the offshore 

co-occurrence network, but detections of dolphins here likely stem from 

eDNA dispersal which could result in protection measures being incorrectly 

placed. Therefore, I caution the use of co-occurrence networks without further 

validation and ground-truthing.  

6.6. Conclusions  

It is currently unclear whether MPA coverage and conservation measures 

implemented are protecting marine predators effectively. Accurate species 

distributions are required to ensure that marine predators are effectively 

protected in MPAs as network coverage expands, and increased long-term 

monitoring within MPAs is necessary to evaluate the impacts of conservation 

actions. In this thesis, I demonstrated how eDNA can improve our 

understanding of marine predator’s habitat use across greater spatiotemporal 

scales, in relation to key prey species, and to assess how vulnerable the 
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ecosystems within which they exist are to human impacts or climate change. 

Rapid advances in eDNA approaches are likely to further increase the utility 

of the method, i.e., with more robust abundance estimates and increased 

certainty in the spatial bounds of eDNA samples. Ultimately, the increased 

spatiotemporal and taxonomic coverage offered by eDNA approaches can 

prioritise spatial conservation areas for marine predators more effectively.  
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Supplementary Appendix 

Chapter 2 - Environmental DNA reveals fine scale spatial and temporal variation of prey species for marine mammals in a Scottish 
marine protected area 

Appendix Table A2.1. Metadata for each eDNA sampling point. Samples were named such that the first letter corresponded to the type of sample (C = 

Control, F = Fixed, S = Sighting), the first number to the monthly trip (1 = June, 2 = July, 3 = August, 4 = September/October) and the second number to 

the sample site (1 to 3 for fixed samples from west to east, or the chronological order of samples collected for that trip for control and sighing samples.) 

Name Date Time Longitude Latitude 
Bathymetry 

(m) 

Sea surface 
temperature 

(ºC) 

Chlorophyll 
a (mg/m3) 

Distance 
from shore 

(m) 

Distance 
from shore 

category 
C1.1 23/06/2021 16:17 -2.38349 57.77308 -134 13.4 0.8069 9,840 Middle far 

C1.2 24/06/2021 10:47 -2.55324 57.72608 -72 13.55 0.5582 4,896 Middle near 

C1.3 24/06/2021 12:14 -2.3384 57.7856 -99 13.81 0.8025 10,188 Far 

C1.4 24/06/2021 12:39 -2.32011 57.73321 -70 13.12 1.2222 4,278 Middle near 

C1.5 27/06/2021 13:22 -2.28656 57.69763 -20 NA 1.63 352 Near 

C1.6 30/06/2021 12:23 -2.7032 57.69119 -7 NA NA 393 Near 

C1.7 30/06/2021 14:37 -2.84249 57.73908 -27 14.21 1.2632 3,535 Middle near 

C1.8 30/06/2021 16:50 -2.57757 57.68753 -21 13.79 2.5682 458 Near 

F1.1 30/06/2021 14:55 -2.82517 57.76298 -33 14.28 1.0743 6,333 Middle near 

F1.2 23/06/2021 13:48 -2.54138 57.76318 -104 13.46 0.6049 9,065 Middle far 

F1.3 27/06/2021 15:33 -2.26 57.7637 -97 13.01 1.2358 7,765 Middle far 

S1.1 23/06/2021 12:56 -2.54576 57.74366 -91 13.36 0.5796 6,889 Middle near 

S1.2 23/06/2021 14:25 -2.51157 57.82474 -85 13.74 0.6064 16,144 Far 

S1.3 23/06/2021 15:25 -2.38127 57.83258 -91 13.56 0.8228 15,928 Far 
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S1.4 24/06/2021 11:25 -2.49849 57.79097 -77 14.07 0.6134 12,755 Far 

S1.5 24/06/2021 11:48 -2.43766 57.79806 -90 14.07 0.6742 13,794 Far 

S1.6 27/06/2021 15:21 -2.21621 57.76389 -91 12.25 1.5723 8,837 Middle far 

S1.7 28/06/2021 12:12 -2.55214 57.74915 -87 13.36 0.9526 7,407 Middle far 

S1.8 28/06/2021 15:59 -2.50392 57.78123 -82 12.94 1.148 11,625 Far 

S1.9 30/06/2021 15:18 -2.69178 57.76373 -69 13.96 1.4653 8,023 Middle far 

C2.1 14/07/2021 14:50 -2.82913 57.69946 -5 NA NA 521 Near 

C2.2 14/07/2021 16:08 -2.94661 57.73386 -24 14.93 1.3747 4,212 Middle near 

C2.3 14/07/2021 16:25 -2.94428 57.76418 -34 15.02 1.1862 7,370 Middle far 

C2.4 15/07/2021 14:46 -2.2303 57.69117 -19 14.32 9.4317 1,115 Near 

C2.5 19/07/2021 13:47 -2.26489 57.72487 -7 15.79 1.733 721 Near 

C2.6 19/07/2021 14:44 -3.26542 57.78394 -54 14.67 0.9296 6,571 Middle near 

C2.7 19/07/2021 16:25 -2.84649 57.83421 -82 14.82 1.4408 14,112 Far 

C2.8 19/07/2021 16:50 -2.65892 57.83317 -85 14.26 1.9699 15,871 Far 

F2.1 14/07/2021 17:08 -2.82509 57.76437 -33 14.98 1.0744 6,486 Middle near 

F2.2 12/07/2021 15:20 -2.54151 57.76329 -104 13.49 1.0481 9,075 Middle far 

F2.3 15/07/2021 16:13 -2.25834 57.76334 -118 14.39 1.562 7,756 Middle far 

S2.1 12/07/2021 14:44 -2.5535 57.71339 -50 13.25 1.0458 3,521 Middle near 

S2.2 14/07/2021 10:57 -2.56572 57.72279 -64 14.54 0.9909 4,383 Middle near 

S2.3 19/07/2021 15:32 -3.09144 57.81815 -71 15.23 1.0563 14,999 Far 

C3.1 08/08/2021 13:41 -2.50945 57.67346 -8 NA 0.5912 488 Near 

C3.2 10/08/2021 17:13 -2.75408 57.76392 -52 15.47 0.6513 7,301 Middle far 

C3.3 10/08/2021 18:49 -2.5058 57.69665 -33 14.99 0.7197 2,554 Middle near 

C3.4 11/08/2021 12:16 -2.4759 57.77603 -97 15.27 2.0819 11,334 Far 
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C3.5 15/08/2021 10:04 -2.81838 57.7 -12 NA NA 468 Near 

C3.6 15/08/2021 13:08 -2.64304 57.68734 -5 NA NA 236 Near 

C3.7 15/08/2021 16:31 -2.55517 57.67698 -5 NA 1.2377 373 Near 

F3.1 10/08/2021 16:57 -2.82418 57.76188 -32 15.7 0.5867 6,228 Middle near 

F3.2 10/08/2021 18:18 -2.54113 57.76343 -104 15.84 0.6061 9,095 Middle far 

F3.3 11/08/2021 13:03 -2.25863 57.76345 -118 14.9 1.9636 7,762 Middle far 

S3.1 10/08/2021 17:56 -2.57948 57.76481 -88 15.86 0.6755 9,040 Middle far 

S3.2 15/08/2021 10:23 -2.86333 57.70873 -16 NA 1.4816 305 Near 

C4.1 25/09/2021 13:51 -2.63648 57.76547 -82 13.39 1.5558 8,508 Middle far 

C4.2 28/09/2021 11:48 -2.28578 57.69962 -20 NA 4.7475 568 Near 

C4.3 28/09/2021 12:34 -2.16478 57.72858 -56 13.62 4.5537 4,042 Middle near 

C4.4 28/09/2021 13:08 -2.34827 57.72362 -53 13.69 4.2259 3,958 Middle near 

C4.5 28/09/2021 16:46 -2.77605 57.70878 -25 13.79 4.0918 1,109 Near 

F4.1 25/09/2021 13:17 -2.82406 57.76314 -33 13.53 1.9329 6,366 Middle near 

F4.2 25/09/2021 14:22 -2.54144 57.76383 -104 13.17 1.4 9,135 Middle far 

F4.3 28/09/2021 12:08 -2.26 57.76317 -118 13.34 2.0601 7,709 Middle far 

S4.1 04/10/2021 14:41 -2.2043 57.7405 -97 13.08 2.4202 6,579 Middle near 

S4.2 04/10/2021 15:40 -2.2327 57.7788 -108 13.03 1.4482 9,898 Middle far 

S4.3 08/10/2021 15:46 -2.1808 57.7623 -49 13.03 0.9055 7,735 Middle far 
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Appendix Table A2.2. Foreign OTUs detected with MarVer1 were compared to 

native relatives from the same genus or family. Reads were either reassigned to the 

native relative, removed due to low abundance or identified as a potential invasive.  

Foreign OTU North Sea relative 
(shared genus or 

family) 

Action 

Alectrias benjamini Chirolophis ascanii Reassign to native 
relative 

Ammodytes dubius 
Ammodytes hexapterus 
Ammodytes personatus 
 

Ammodytes marinus 
Ammodytes tobianus 

All reads combined as 
Ammodytes genus 

Anguilla japonica Anguilla anguilla Remove as singleton 

Chelidonichthys spinosus Eutriglia gurnardus 
Trigloporus lastoviza 

All reads combined as 
Triglidae family 

Clupea pallasii Clupea harengus Reassign to native 
relative 

Diplodus puntazzo  No congeneric in North 
Sea so potential invasive 

Gadus chalcogrammus Gadus morhua 
Melanogrammus 
aeglefinus 
Merlangius merlangus 
Pollachius pollachius 
Trisopterus minutus 
 

All reads combined as 
Gadidae family 

Hippoglossus stenolepsis Hippoglossoides 
platessoides 

Reassign to native 
relative 

Larus dominicanus Larus argentatus Reassign to native 
relative 

Myoxocephalus jaok Myoxocephalus scorpius Reassign to native 
relative 

Oncorhynchus clarkii 
Oncorhynchus mykiss 
Oncorhynchus nerka 

 Collapsed to 
Oncorhynchus genus, 
known invasive 

Parahucho perryi 
Salmo ischchan 
Salmo labrax 

Salmo salar 
Salmo trutta 

Collapsed to Salmo 
genus 

Pholis picta Pholis gunnellus Reassign to native 
relative 

Sardinella longiceps Clupea harengus 
Sprattus sprattus 

Distinct from native 
family members, 
potential native 

Sousa teuszii Tursiops truncatus Reassign to native 
relative 

Thunnus maccoyii Thunnus thynnus Reassign to native 
relative 
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Appendix Table A2.3. Foreign OTUs detected with MarVer3 were compared to 

native relatives from the same genus or family. Reads were either reassigned to the 

native relative, removed due to low abundance or identified as a potential invasive.  

Foreign OTU North Sea relative 
(shared genus or 

family) 

Action 

Ammodytes americanus 
Ammodytes hexapterus 
Ammodytes personatus 
Hyperoplus lanceolatus 

Ammodytes marinus 
Ammodytes Tobianus 

Collapse to 
ammodytidae family 

Anarhichas orientalis Anarhichas lupus Remove as <10 reads 

Anguilla rostrata Anguilla Anguilla Reassign to native 
relative 

Arctogadus glacialis 
Boreogadus saida 

Gadus morhua 
Melanogrammus 
aeglefinus 
Merlangius merlangus 
Pollachius pollachius 
Pollachius virens 
Trisopterus esmarkii 
Trisopterus minutus 
 

Reassign to native 
relative, Gadus morhua 

Clidoderma aspeerrimum  Remove as singleton 

Clupea pallasii Clupea harengus Reassign to native 
relative 

Dipturus innominatus 
Dipturus trachyderma 

Dipturus batis 
Dipturus oxyrinchus 

Collapse to Dipturus 
genus 

Eleginus gracilis 
Gadus chalcogrammus 
Gadus macrocephalus 

Gadus morhua 
Melanogrammus 
aeglefinus 
Merlangius merlangus 
Pollachius pollachius 
Pollachius virens 
Trisopterus esmarkii 
Trisopterus minutus 

Remove as <25 reads  
Remove as <3 reads 
Remove as <3 reads 

Glyptocephalus zachirus 
Hippoglossoides dubius 
Hippoglossoides 
elassodon 
Hippoglossoides 
stenolepsis 
Isoptetta isolepsis 
Lepidopsetta bilineata 
Lepidopsetta mochigarei 
Liopsetta pinnifasciata 
Parophyrs vetulus 
Platichthys stellatus 
Prosopium cylindraceum 
Psettichthys melanostictus 

Glytocephalus 
cynoglossus 
Hippoglossoides 
platessoides 
Limanda limanda 
Microstomus kitt 
Pleuronectes flesus 
Pleuronectes platessa 
 

Collapse all foreign 
species and G. 
cynoglossus, H. 
platessoides, P. flesus 
and P. platella into 
Pleuronectidae family. 
Keep L. limanda and M. 
kitt separate 
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Pseudopleuronectes 
americanus 
Pseudopleuronectes 
yokohamae 
Limanda aspera 
Limanda proboscidea 
Limanda sakhalinensis 

Limanda limanda Reassign to native 
relative 

Microgadus proximus Gadus morhua Reassign to native 
relative 

Myoxocephalus brandtii 
Myoxocephalus ochotensis 
Myoxocephalus 
polyacanthocephalus 

Myoxocephalus scorpius Reassign to native 
relative 

Oncorhynchus clarkii 
Oncorhynchus gilae 
Oncorchynchus gorbuscha 
Oncorhynchus mykiss 

 Collapse O. clarkii and 
O. gilae to 
Oncorhynchus genus 
but keep O. gorbuscha 
and O. mykiss separate. 
Known invasives. 

Phocoena sinus Phocoena phocoena Remove as singleton 

Pholis laeta Pholis gunnellus Reassign to native 
relative 

Pungitius sinensis Pungitius pungitius Reassign to native 
relative 

Pusa hispida Halichoerus grypus Reassign to native 
relative 

Salmo ischchan 
Salmo obtusirostris 

Salmo salar 
Salmo trutta 

Reassign to native 
relative, S. trutta 

   

Symphodus melamocercus Symphodus melops Remove as singleton 

Tursiop aduncus Tursiop truncatus Reassign to native 
relative 
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Appendix Figure A2.1. OTU index for minke whales in control versus sighting 

samples for (a) MarVer1 and (b) MarVer3. Minke whales were detected in 53 % of 

sighting samples and 18 % of control samples with MarVer 1 whilst they were 

detected in 88 % of sighting samples compared to 76 % of control samples with 

MarVer3. Sighting samples had significantly higher abundances of minke whales 

compared to control samples for both primer sets (Wilcoxen test, p < 0.05). 
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Appendix Table A2.4. Indicator species analysis for vertebrates per trip 

Trip OTU A B Stat P value 
1 Thunnus thynnus 0.9946 0.3684 0.605 0.025 
2 Mesoploden 

bidens 
0.8244 0.8571 0.841 0.015 

2 Leuciscus 0.9835 0.5714 0.75 0.015 
2 Spinachia 

spinachia 
0.9751 0.5714 0.746 0.02 

2 Diplodus puntazzo 1 0.4286 0.655 0.005 
2 Fulmarus glacialis 1 0.2143 0.463 0.025 
3 Oncorhynchus 0.9664 0.9167 0.941 0.005 
3 Anguilla anguilla 0.7431 0.75 0.747 0.005 
3 Lesuerigobius 

friesii 
0.9983 0.4167 0.645 0.015 

3 Mola mola 1 0.3333 0.577 0.005 
3 Pomatoschistus 

pictus 
0.9993 0.3333 0.577 0.02 

4 Micrenophrys 
lilljeborgii 

0.9947 0.6364 0.796 0.01 

4 Mullus barbatus 0.9924 0.6364 0.795 0.005 
4 Pomatoschistus 

microps 
0.9838 0.6364 0.791 0.005 

4 Gobiusculus 
flavescens 

0.9519 0.2727 0.51 0.02 

4 Lophius piscatorius 1 0.1818 0.426 0.02 
1+2 Balaenoptera 

acutorostrata 
0.9328 0.8788 0.905 0.025 

1+2 Ciliata 
septentrionalis 

0.9167 0.7879 0.85 0.005 

2+3 Leucoraja naevus 0.974 0.7692 0.866 0.025 
2+3 Pleuronectidae 0.8742 0.8462 0.86 0.005 
2+3 Centrolabrus 

exoletus 
0.9824 0.7308 0.847 0.005 

2+3 Taurulus bubalis 0.8242 0.6923 0.755 0.025 
2+3 Dicentrarchus 0.994 0.5385 0.732 0.01 
2+3 Liparis montagui 0.9989 0.5 0.707 0.005 
2+3 Zoarces 0.9982 0.4615 0.679 0.03 
2+3 Chirolophis ascanii 0.9996 0.3846 0.62 0.02 
2+4 Scyliorhinus 

canicula 
0.9587 0.68 0.807 0.015 

3+4 Salmo 0.9518 0.8261 0.887 0.005 
3+4 Trisopterus 

minutus 
0.8445 0.4783 0.636 0.01 

1+2+3 Gymnammodytes 
semisquamatus 

0.996 0.9556 0.76 0.005 

1+2+3 Phocoena 
phocoena 

0.9999 0.8667 0.931 0.005 

1+2+3 Ammodytidae 0.9764 0.8222 0.896 0.005 
1+2+3 Uria aalge 0.9895 0.7778 0.877 0.03 
1+2+3 Ctenolabrus 

rupestris 
1 0.7556 0.869 0.005 

1+2+4 Ciliata mustela 0.9416 0.8409 0.89 0.045 
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2+3+4 Phoxinus phoxinus 0.9998 0.6216 0.788 0.005 

 

Appendix Table A2.5. Indicator species analysis for eukaryotes per trip 

Trip OTU A B Stat P value 
1 Tintinnidae 1.00 0.25 0.5 0.018 
2 Attheyaceae 0.9465 0.9286 0.938 0.001 
2 Rhizophlyctidaceae 0.9796 0.7143 0.837 0.001 
2 Metacyclididae 0.7385 0.9286 0.828 0.002 
2 Codonellopsidae 0.9420 0.7143 0.820 0.001 
2 Campanulariidae 1 0.3571 0.598 0.002 
2 Harpacticidae 1 0.3571 0.598 0.002 
2 Canthocamptidae 1 0.2143 0.463 0.036 
3 Pandeidae 0.9671 0.6667 0.803 0.001 
3 Bougainvilliidae 0.9797 0.5833 0.756 0.001 
3 Trochamminidae 0.9263 0.5833 0.735 0.001 
3 Cylichnidae 0.9601 0.5 0.693 0.002 
3 Undellidae 0.7876 0.5833 0.678 0.002 
3 Cladocorynidae 0.9640 0.3333 0.567 0.008 
3 Dotoidae 0.9468 0.3333 0.562 0.02 
3 Molgulidae 0.8521 0.3333 0.533 0.016 
3 Corycaeidae 1 0.25 0.5 0.01 
3 Dictyotaceae 1 0.25 0.5 0.013 
4 Naviculaceae 0.911 1 0.954 0.001 
4 Phaeocystaceae 0.9396 0.9091 0.924 0.001 
4 Rhaphoneidaceae 0.9914 0.5455 0.735 0.001 
4 Veneridae 0.7542 0.3636 0.524 0.025 
4 Corethraceae 0.7495 0.3636 0.522 0.023 
4 Euchaetidae 0.9885 0.2727 0.519 0.021 
4 Eucalanidae 0.9804 0.1818 0.422 0.047 

1&2 Didiniidae 0.9778 1 0.989 0.001 
1&2 Noctilucaceae 0.9989 0.9706 0.985 0.001 
1&2 Spathidiidae 1 0.5882 0.767 0.001 
1&2 Xystonellidae 1 0.4706 0.686 0.002 
1&3 Bolinopsidae 0.9274 0.9062 0.917 0.001 
2&3 Calciodinellaceae 0.8654 1 0.930 0.001 
2&3 Pyrocystaceae 1 0.4615 0.679 0.001 
2&3 Halosphaeraceae 0.9906 0.4615 0.676 0.002 
3&4 Stephanodiscaceae 0.9308 1 0.965 0.001 
3&4 Syndiniaceae 0.9719 0.8261 0.896 0.001 
3&4 Calanidae 0.9279 0.7826 0.852 0.001 
3&4 Lauderiaceae 0.9941 0.4348 0.657 0.002 
3&4 Paradiniaceae 0.89 0.3478 0.556 0.05 

1&2&3 Prymnesiaceae 0.9978 1 0.999 0.001 
1&2&3 Pedinellaceae 0.9921 1 0.996 0.001 
1&2&3 Dinophysiaceae 0.9879 1 0.994 0.001 
1&2&3 Warnowiaceae 0.9839 1 0.992 0.001 
1&2&3 Goniodomataceae 0.9999 0.9565 0.978 0.001 
1&2&3 Gonyaulacaceae 0.999 0.913 0.955 0.001 
1&2&3 Coccolithaceae 0.9937 0.8913 0.941 0.001 
1&2&4 Strombidiidae 0.9959 0.9333 0.964 0.001 
1&2&4 Hemiaulaceae 0.9923 0.7556 0.866 0.002 
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1&2&4 Nephroselmidaceae 0.9844 0.6889 0.823 0.001 
1&3&4 Cymatosiraceae 0.9846 0.9535 0.969 0.002 
1&3&4 Hemiaulaceae 0.9475 0.9535 0.951 0.001 
1&3&4 Euplokamididae 0.9885 0.6279 0.788 0.004 
1&3&4 Bodinidae 0.9653 0.5349 0.719 0.01 
2&3&4 Fragilariaceae 0.9778 0.5405 0.727 0.017 
2&3&4 Ectocaraceae 0.9738 0.5135 0.707 0.03 

 

Appendix Table A2.6. Indicator species analysis for eukaryotes for distance from 

shore categories. 

Trip OTU A B Stat P value 
Far Harpacticidae 0.7433 0.3 0.472 0.035 

Near Ectocarpaceae 0.80293 1 0.896 0.005 
Near Paradiniaceae 0.98717 0.76923 0.871 0.005 
Near Ralfsiaceae 0.95006 0.76923 0.855 0.005 
Near Rhodomelaceae 1 0.69231 0.832 0.005 
Near Dasyaceae 0.99224 0.69231 0.829 0.005 
Near Ulvaceae 0.95142 0.61538 0.765 0.005 
Near Leucosoleniidae 1 0.53846 0.734 0.005 
Near Molgulidae 1 0.46154 0.679 0.001 
Near Chaetopteridae 0.74645 0.61538 0.678 0.01 
Near Siphonariidae 0.88262 0.46154 0.638 0.015 
Near Catenulaceae 0.58006 0.69231 0.634 0.015 
Near Ophiactidae 0.86935 0.46154 0.633 0.005 
Near Lauderiaceae 0.84958 0.46154 0.626 0.02 
Near Membraniporidae 1 0.38462 0.62 0.01 
Near Pyrochystaceae 0.74297 0.46154 0.586 0.01 
Near Archinotodelphyidae 1 0.30769 0.555 0.015 
Near Scystosiphonaceae 0.96654 0.30769 0.545 0.015 
Near Myrionemataceae 0.87352 0.30769 0.518 0.025 
Near Dictyotaceae 1 0.23077 0.48 0.035 
Near Pectinariidae 0.98235 0.23077 0.476 0.025 
Far + 

Middle far 
Spathidiidae 0.8088 0.5357 0.658 0.02 

Far+middle 
near+near Fragilariaceae 0.977 0.5641 0.742 0.02 

Middle 
far+middle 
near+near 

Stephanodiscaceae 0.9977 0.766 0.874 0.005 

Middle 
far+middle 
near+near 

Phaeocystaceae 0.9929 0.7021 0.835 045 
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Appendix Table A2.7. Indicator species analysis for vertebrates for distance from 

shore categories. 

Trip OTU A B Stat P value 
Far Hippoglossoides 

platessoides 
0.8783 0.5 0.663 0.005 

Near Pholis gunnellus 0.8521 0.9231 0.887 0.005 
Near Taurulus bubalis 0.9825 0.6923 0.825 0.005 
Near Labrus bergylta 0.9984 0.6154 0.784 0.005 
Near Zoarces 0.9926 0.5385 0.731 0.005 
Near Liparis montagui 0.9913 0.5385 0.731 0.01 
Near Myoxocephalus 

scorpius 
0.9589 0.4615 0.665 0.005 

Near Mola mola 1 0.3077 0.555 0.005 
Near Pomatoschistus 

pictus 
0.9995 0.3077 0.555 0.015 

Near Gaidropsarus 
mediterraneus 

1 0.2308 0.48 0.025 

Near Thorogobius 
ephippiatus 

1 0.2308 0.48 0.015 

Far+near Limanda limanda 0.9326 0.8261 0.878 0.02 
Middle near 

+ near 
Tursiops 

truncatus 
0.9961 0.8214 0.905 0.005 

Middle near 
+near 

Centrolabrus 
exoletus 

0.9843 0.5357 0.726 0.045 

Far+middle 
far+middle 

near 

Phocoena 
phocoena 

0.9759 0.8372 0.904 0.005 

Far+middle 
far+near 

Clupeidae 0.9396 0.878 0.908 0.03 

Far+middle 
near+near 

Gasterosteus 
aculeatus 

0.9654 0.8421 0.902 0.03 
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Chapter 3 - Comparing spatiotemporal variability in the Moray Firth 
ecosystem structure and complexity with co-occurrence networks and 
food webs  

Appendix Table A3.1. Ten OTUs with the highest closeness centrality in co-

occurrence networks. 

Co-occurrence networks Co-occurrence networks 

Nearshore Offshore Jun-Jul Aug-Oct 

Zoarces Dinophyceae Phaeophycea

e 

Oncorhynchu

s 

Calcarea Limanda 

limanda 

Symphodus 

melops 

Dinophyceae 

Ascidacea Salmo Centrolabrus 

exoletus 

Taurulus 

bubalis 

Granuloreticulosea Taurulus bubalis Liparis 

montagui 

Ammodytida

e 

Phocoena phocoena Ammodytidae Tursiops 

truncatus 

Zoarces 

Gasterosteus 

aculeatus 

Tursiops 

truncatus 

Salmo Anguilla 

anguilla 

Ulvophyceae Gasterosteus 

aculeatus 

Dicentrachus Larus 

argentatus 

Myoxocephalus 

scorpius 

Oncorhynchus Spinachia 

spinachia 

Pholis 

gunnellus 

Chlorodendrophycea

e 

Bacillariophycea

e 

Gasterosteus 

aculeatus 

Phocoena 

phocoena 

Craspedophyceae Ctenolabrus 

rupestris 

Chirolophis 

ascanii 

Gasterosteus 

aculeatus 
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Appendix Table A3.2. Betweenness centrality in co-occurrence networks. 

Co-occurrence networks Co-occurrence networks 

Nearshore Offshore Jun-Jul Aug-Oct 

Craspedophyceae Dinophyceae Tursiops 

truncatus 

Dinophyceae 

Phocoena 

phocoena 

Salmo Ciliata 

septentrionali

s 

Nephrophyceae 

Granuloreticulose

a 

Ammodytidae Phaeophyceae Hydrozoa 

Zoarces Limanda limanda Salmo Phocoena 

phocoena 

Larus argentatus Bacillariophycea

e 

Polychaeta Uria aalge 

Balaenoptera 

acutorostrata 

Taurulus bubalis Centrolabrus 

exoletus 

Florideophycea

e 

Ulvophyceae Oncorhynchus  Symphodus 

melops 

Oncorhynchus 

Myoxocephalus 

scorpius 

Zoomastigophora Liparis 

montagui 

Taurulus 

bubalis 

Nephrophyceae Gasterosteus 

aculeatus 

Gasterosteus 

aculeatus 

Gadidae 

Gymnammodytes 

semisquatamus 

Tursiops 

truncatus 

Maxillopoda Larus 

argentatus 
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Chapter 4 - Sampling from commercial vessel routes can capture 
marine biodiversity distributions effectively 

Appendix Table A4.1. List of 43 marine predator species that had > 40 occurrence 

points from combined data from online repositories, GBIF, OBIS and EurOBIS, 

Accobams and the Medlem database. Total length and tropic level as reported by 

FishBase (Actinopterygii and Chondrichthyes) or SeaLifeBase (Mammalia and 

Reptilia). Marine predator defined as having total length ≥ 1m and trophic level ≥ 4. 

Species that do not meet these criteria but were retained are denoted with an Asterix. 

Species 
Common 

name 
Class 

Total 
length 
(cm) 

Trophic 
Level 

Number of 
occurrences 

Conger conger 
European 

Conger 
Actinopterygii 573.3 4.3 649 

Dentex dentex 
Common 
dentex Actinopterygii 100 4.5 372 

Echelus myrus Painted eel Actinopterygii 100 4.3 45 
Epinephelus 

aeneus 
White grouper Actinopterygii 120 4 49 

Epinephelus 
marginatus 

Dusky grouper Actinopterygii 150 4.4 969 

Fistularia 
commersonii 

Bluespotted 
cornetfish 

Actinopterygii 160 4.3 63 

Lophius 
piscatorius 

Angler Actinopterygii 
200 
(SL) 

4.5 602 

Merluccius 
merluccius 

European hake Actinopterygii 140 4.4 1179 

Mola mola Ocean sunfish Actinopterygii 333 3.3 3530 
Molva 

dypterygia 
Blue ling Actinopterygii 155 4.5 119 

Muraena 
helena 

Mediterranean 
moray 

Actinopterygii 150 4.2 1061 

Ophisurus 
serpens 

Serpent eel Actinopterygii 250 4.1 47 

Pomatomus 
saltatrix 

Bluefish Actinopterygii 130 4.5 82 

Seriola 
dumerili 

Greater 
amberjack 

Actinopterygii 190 4.5 118 

Sphyraena 
sphyraena 

European 
barracuda 

Actinopterygii 165 4 159 

Sphyraena 
viridensis 

Yellowmouth 
barracuda 

Actinopterygii 
128 
(FL) 

4.3 54 

Thunnus 
alalunga 

Albacore Actinopterygii 
140 
(FL) 

4.3 270 

Thunnus 
thynnus Bluefin tuna Actinopterygii 458 4.5 177 

Xiphias gladius Swordfish Actinopterygii 455 4.5 48 

Zu cristatus 
Scalloped 
ribbonfish 

Actinopterygii 
118 
(SL) 

4.5 204 

Alopias 
vulpinas 

Common 
thresher 

Chondrichthyes 573.3 4.5 114 

Carcharhinus 
longimanus 

Oceanic 
whitetip shark 

Chondrichthyes 400 4.2 77 
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Cetorhinus 
maximus* 

Basking shark Chondrichthyes 1520 3.2 142 

Dasyatis 
pastinaca* 

Common 
stingray 

Chondrichthyes 
64 

(WD) 
4.1 163 

Echinorhinus 
brucus 

Bramble shark Chondrichthyes 310 4.4 41 

Hexanchus 
griseus 

Bluntnose 
sixgill shark 

Chondrichthyes 482 4.5 140 

Isurus 
oxyrinchus 

Short-fin mako 
shark Chondrichthyes 445 4.5 81 

Mobula 
mobular* 

Giant devil ray Chondrichthyes 
520 

(WD) 
3.7 874 

Myliobatis 
aquila* 

Common eagle 
ray Chondrichthyes 

183 
(WD) 3.6 119 

Prionace 
glauca 

Blue shark Chondrichthyes 400 4.4 324 

Raja clavata* Thornback ray Chondrichthyes 139 3.8 431 
Squalus 

acanthias* 
Spiny dogfish Chondrichthyes 95 4.4 78 

Torpedo 
marmorata 

Marbled 
electric ray 

Chondrichthyes 100 4.5 116 

Balaenoptera 
physalus 

Fin whale Mammalia 2700 3.2-4.3 1245 

Delphinus 
delphis 

Short-beaked 
common 
dolphin 

Mammalia 260 4.5 1693 

Globicephala 
melas 

Long-finned 
pilot whale 

Mammalia 670 4.5 1147 

Grampus 
griseus 

Risso’s dolphin Mammalia 380 
4.36-
4.54 

410 

Orcinus orca Killer whale Mammalia 980 4.5-4.6 115 
Physeter 

macrocephalus 
Sperm whale Mammalia 2400 4.5-4.7 2307 

Stenella 
coeruleoalba 

Striped 
dolphin 

Mammalia 260 4.5 7822 

Tursiops 
truncatus 

Bottlenose 
dolphin 

Mammalia 380 4.5 3991 

Ziphius 
cavirostris 

Cuvier’s 
beaked whale 

Mammalia 750 4.5 113 

Caretta 
caretta* 

Loggerhead 
turtle 

Reptilia 
125 
(CL) 

3.5-3.6 1557 

Ray species D. pastinaca and Torpedo torpedo were retained due to having trophic 
levels greater than 4. Total length is not reported for these species so retained 
despite their width being less than 1 metre.  

R. clavata and S. acanthias were retained as they were so close to threshold.  

Mola mola, Cethorhinus maximus, Mobular mobular, Myliobatis aquila and 
Caretta caretta were retained as they are classed as marine megafauna species 
which can exert top down effects on ecosystems, similar to that of predators 
(Pimiento et al., 2020). 

Pimiento, C., Leprieur, F., Silvestro, D., Lefcheck, J., Albouy, C., Rasher, D., Davis, M., 
Svenning, J.-C. and Griffin, J. 2020. Functional diversity of marine megafauna in the 
Anthropocene. Science Advances. 6(16), peaay7650. 
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Appendix Methods A4.1 

Principal component analysis (PCA) was used to create an environmental variability 

map. Initially, PCA was conducted on a correlation matrix of standardized 

environmental predictors used to create the SSDM using the prcomp() function in 

the ‘stats’ R package. The first four principal components were retained for 

downstream analysis as they explained >80 % of the variability in the environmental 

predictors. Site scores, i.e. weighted linear combinations of the environmental 

predictors, were used to produce surface maps of each of the first four principal 

components to visualize the main gradients of environmental variability in the study 

area. The principal components were collapsed into one surface map of 

environmental variability by summing the site scores of each principal component 

weighted according to its contribution as following the equation: 

EV = (0.3665*PC1) + inv(0.2435*PC2) + (0.164*PC3) + (0.1121*PC4) 

Mean bathymetry made an important contribution to PC1 and PC2 (factor loading 

>0.4) but a high score in PC1 related to shallow bathymetry while a high score in 

PC2 related to greater depths. Therefore, PC2 was inverted otherwise the site scores 

offset each other and the variability was lost. The final ‘environmental variability 

map’ is unitless and shows the main gradients in environmental variability in the 

study area.   

The first principal component explained 36.65 % of the variability in the 

environmental predictors where the highest values correspond to shallow bathymetry 

and low sea surface temperatures but high values of chlorophyll concentration and 

sea surface temperature range. The second principal component explained 24.35 % 

of the variability and represents variability related to distance from shore, where 

bathymetry is deepest further from shore. The third principal component explained 

16.4 % of the variation where larger values correlated to the largest bathymetric 

slope. The fourth principal component explained 11.21 % of the variation with the 

northern Adriatic clearly being the most different area due to having a high 

chlorophyll concentration and lower sea surface temperature.  

The weighted overlay of the principal components shows the overall trends in 

environmental variability where the values are unitless but the larger the range 

between values represents areas with the most different environmental conditions. 

There are two main trends in environmental variability, 1) a difference between the 

north-western and south-eastern basin, 2) a gradient with distance from shore. The 

northern tip of the Adriatic Sea is clearly most different from the rest of the 

Mediterranean.  
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Principal components respective contribution ratios. 

 PC1 PC2 PC3 PC4 PC5 PC6 
Eigenvalue 1.4828 1.2088 0.992 0.8203 0.65213 0.50760 
Contribution 
ratio (%) 

0.3665 0.2435 0.164 0.1121 0.07088 0.04294 

Cumulative 
contribution 
(%) 

0.3665 0.6100 0.774 0.8862 0.95706 1.0000 

 

Eigenvectors. Factor loadings >0.4 are highlighted in bold.   

Variable 
(units) 

PC1 PC2 PC3 PC4 

Mean 
bathymetry 
(m) 

-0.4281 0.5227 -0.2578 0.0677 

Mean sea 
surface 
temperature 
(°C) 

-0.4773 -0.3344 0.3005 0.2529 

Mean 
chlorophyll 
concentration 
(mg/m3) 

0.4436 0.1910 -0.0693 0.8660 

Sea surface 
temperature 
range (°C) 

0.4783 0.3533 -0.1049 -0.4166 

Bathymetric 
slope (°) 

-0.1490 -0.2761 -0.9079 0.0511 

Distance to 
shore (km) 

-0.3756 0.6143 0.0568 0.0735 

 

 

 
Principal component scores projected onto the study area.  
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Environmental variability map using weighted overlay of the first four principal 

components. 

  

Appendix Figure A4.1. a) Map of the Mediterranean showing regions covered by 

different ferry routes. b) Non-metric multidimensional scaling plot based on Bray-

Curtis dissimilarity matrix for species composition between different ferry routes.  

 

 

 

a 

b 
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Appendix Table A4.2. Pearson correlation coefficient calculated from the difference 

between a full model and one with each environmental variable omitted in turn for 

individual species models then averaged across species.  

 Mean 
bathymetr

y 

Mean sea 
surface 

temperatur
e 

Mean 
chlorophyll 
concentratio

n 

Mean 
temperatur

e range 

Bathymetri
c slope 

Distanc
e from 
shore 

Mea
n 

14.59 31.76 13.17 16.7 8.31 15.47 

SD 6.56 13.74 5.1 5.53 1.96 8.32 

 

Appendix Table A4.3. Results from six metrics used to evaluate the prediction 

accuracy of species assemblage predictions in the ‘perfect knowledge’ SSDM.  

 

Appendix Table A4.4. Analysis of Variance Tables  

One-way ANOVA to evaluate the impact of different ferry route subnetworks on 
correlation coefficients. 

 

Tukey’s Post Hoc Test to evaluate which ferry route subnetworks differed from 
each other.  

Group 1 Group 2 Estimate Conf. 
low 

Conf. 
high 

P value 

Biased Community 0.384 0.336 0.432 <0.001* 
Biased Environment -0.0952 -0.142 -0.0487 <0.001* 

Community Environment -0.479 -0.527 -0.431 <0.001* 
 

One-way ANOVA to evaluate the effect of the number of ferry routes in a ferry 
subnetwork. Dependent variable was square transformed prior to analysis. 

 

 

 

 Species 
Richness 

Error 

Prediction 
Success 

Kappa Specificity Sensitivity Jaccard 

Mean 19.06 5.98 0.995029 0.544447 0.983425 0.065596 

SD 7.229589 1.797052 0.000441 0.172317 0.124641 0.059542 

Factor Df Sum Sq Mean Sq F value P value 
Sampling 

frame 
2 1.20122 0.60061 342.96 <0.001* 

Factor Df Sum Sq Mean Sq F value P value 
Number of 

ferries 
5 1.2987 0.259745 15.286 <0.001* 
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Tukey’s Post Hoc Test to evaluate which ferry subnetworks differed depending on 
the number of ferry routes. 

Group 1 Group 2 Estimate Conf. low Conf. high P Value 
2 4 0.116 -0.0558 0.289 ns 
2 6 0.149 -0.0233 0.321 ns 
2 8 0.379 0.207 0.552 <0.001* 
2 10 0.364 0.191 0.536 <0.001* 
2 12 0.362 0.189 0.534 <0.001* 
4 6 0.0325 -0.140 0.205 ns 
4 8 0.263 0.0907 0.435 <0.001* 
4 10 0.247 0.0750 0.419 <0.001* 
4 12 0.245 0.0730 0.418 <0.001* 
6 8 0.230 0.0582 0.403 <0.001* 
6 10 0.215 0.0425 0.387 <0.001* 
6 12 0.213 0.0405 0.385 <0.001* 
8 10 -0.0157 -0.188 0.157 ns 
8 12 -0.0177 -0.190 0.155 ns 
10 12 -0.00194 -0.174 0.170 ns 

  

Three-way ANOVA to evaluate the impact of removing specific taxa from stacked 
species distribution models across sampling strategies (random vs regular) and 
sampling sizes (25, 50, 100 sampling points). Dependent variable (the correlation 
coefficient) was square transformed prior to analysis. 

 

Tukey’s Post Hoc Test to look at pairwise differences between taxa removed, 
sampling strategy and sampling size.  

Term Group 1 Group 2 Estimate Conf. 
low 

Conf. 
high 

P value 

Strategy Random Regular 0.0522 0.0155 0.0889 <0.05* 
Size 25 50 -0.0400 -

0.0936 
0.0136 ns 

Size 25 100 0.0715 0.0170 0.126 <0.05* 
Size 50 100 0.112 0.0580 0.165 <0.001* 
Taxa 

removed 
Chondrichthyes Mammalia 0.106 0.0428 0.169 <0.001* 

Taxa 
removed 

Chondrichthyes Random 0.0299 -
0.0241 

0.0840 ns 

Taxa 
removed 

Mammalia Random -0.0758 -0.130 -
0.0217 

<0.05* 

  
 

 

 

 

Factor Df Sum Sq Mean Sq F value P value 
Strategy 1 0.08385 0.083854 7.9500 <0.05* 

Size 2 0.26295 0.131475 12.4648 <0.001* 
Taxa 

removed 
2 0.18388 0.091941 8.7167 <0.001* 
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Appendix Table A4.5. The ferry route or ferry route subnetwork length, the number 

of species distributions overlapping with the ferry route or subnetwork, and the 

climatic bias index. 

Ferry Route Ferry length (no. 

grid cells covered) 

Number of 

species 

Climatic Bias 

Index 

SaAs 404 36 0.3944031 

TaGe 278 41 0.17952261 

VaSa 218 36 0.42306601 

VePa 194 38 1.0530864 

CiBa 144 39 0.38805581 

AtIz 81 34 1.1377996 

ToAl 69 39 0.6424208 

ToBas 55 38 0.43982341 

KaMi 52 36 1.1377996 

ToAj 48 39 0.77694461 

NiBas 43 39 0.1230776 

LiGA 42 40 1.1377996 

ToIR 42 39 0.60432561 
SaBas 35 38 0.39494239 
NiIR 32 37 0.797778 

All ferries 1744 42 0.06914759 
Biased subnetwork 513 41 0.3147127 

Community 

subnetwork 

1462 42 0.07962026 

Environment 

subnetwork 

598 39 0.08448943 
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Appendix Figure A4.2. Bathymetric map of the Mediterranean Sea showing raw 

occurrence data from the online data repositories GBIF, OBIS and EurOBIS as well 

as the ACCOBAMS and Medlem datasets for cetaceans and elasmobranchs 

respectively. 

 

Chapter 5 - Multi-taxon versus taxon specific spatial conservation 
priorities for marine predators  

 

Appendix Figure A5.1. a) Mean cost across 10 best Marxan solutions for each of the 

conservation feature scenarios. b) Mean number of planning units in solutions from 

10 best Marxan runs for each of the conservation feature scenarios.  
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Appendix Table A5.1. Kruskal Wallis tests to compare the overlap between MPAs 

or conservation feature scenarios for mammals, fishes and sharks and species 

distributions of individual taxa (mammals, fishes, sharks). 

 Chi-squared Degrees of 
freedom 

P value 

MPAs 3.2742 2 0.1945 
Mammals 108.43 2 <0.001* 

Fishes 142.49 2 <0.001* 
Sharks 55.629 2 <0.001* 
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Appendix Figure A5.2. Bathymetric map of the Mediterranean Sea displaying a) 

Ecologically or Biological Significant areas (EBSAs) and b) Important Marine 

Mammal Areas (IMMAs). 
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