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Abstract 

i 

Abstract 

Irish Sea landings used to be dominated by finfish but now mainly consist of molluscs and 

crustacea due to stock declines and changing market demands. There has been limited 

evidence of finfish recovery despite fishing effort reductions, gear restrictions, and area 

closures. Frustrated and confused, researchers, stakeholders, and policy advisors came 

together in 2015 to establish the first International Council for the Exploration of the Sea 

(ICES) Integrated Benchmark Assessment: WKIrish. Aiming to instigate an Ecosystem 

Approach to Fishery Management (EAFM) for the Irish Sea, WKIrish advocated the 

construction of multi-species models to develop an ecosystem understanding of the drivers 

of commercial stocks. This thesis describes the development of an Ecopath with Ecosim 

(EwE) food web model for the Irish Sea as part of WKIrish. The EwE model follows the 

best practices for model construction, like many of the more recently developed models, yet 

it stands apart from others due to its creation at the science-policy interface. By working 

closely with stakeholders and policy advisors, the Irish Sea model, certified as an ICES ‘key 

run’, has been put forward as the first EwE model to inform ICES catch advice. As the 

project progressed towards this end goal, opportunities were taken to develop new 

approaches for model parameterisation, collaborations were built with parallel fields to 

advance EwE uncertainty analyses, and novel methods were created for research co-

production and use of fishers’ knowledge. Environmental change stands out in many 

chapters of this thesis as a key driver of system production, with commercial stocks being 

highly susceptible to bottom-up regulation. Findings suggested that historic environmental 

change suppressed the overall production of commercial finfish, limiting opportunities for 

the fishing industry, whilst also dampening their rate of recovery despite marked reductions 

in fishing effort. This thesis culminates with the proposal of a new concept for the addition 

of ecosystem information to ICES “pretty good yield” ranges to support continued 

progression towards EAFM. 
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1 General Introduction 

1.1 Humans and the ocean 

We all depend on the resources and ecosystem services provided by the ocean. We rely on 

the ocean for food, minerals, energy, transportation (Halpern et al., 2008; Ryabinin et al., 

2019), and our health and wellbeing, not only through the provision of biomedical 

compounds (Jha and Zi-Rong, 2004), but through a psychological sense of place which 

facilitates relaxation and reduces stress (Bratman et al., 2019; Maund et al., 2019). Cultures 

and populations have grown around the ocean, providing opportunities for social and 

economic development (Martino et al., 2019). As a result, nearly 2.4 billion people live 

within 100 km of the coast (UN, 2017). By 2030 it is estimated that ocean-based industries 

will employ more than 40 million people worldwide, with growth in established industries 

such as shipping and tourism, along with growth in emerging industries such as industrial 

aquaculture, renewable energy, and deep-sea mining (OECD, 2016). 

The ocean stabilises and regulates our climate, stores heat, removes carbon from the 

atmosphere (Thornton et al., 2009), and produces roughly 50 % of the world’s oxygen as a 

by-product of photosynthesis (Behrenfeld et al., 2001). Around half of all anthropogenic 

carbon emissions over the past two centuries have been sequestered by the ocean (DeVries 

et al., 2017), with “blue carbon” ecosystems such as mangroves and seagrass beds acting as 

some of the most intense carbon sinks on the planet (Schile et al., 2017). The ocean is also 

home to a phenomenal diversity of marine organisms and habitats which are essential for the 

maintenance of ecosystem function and provision of ecosystem services (Duarte, 2000). 

While we depend on the marine environment for these important and valuable resources, our 

use has directly and indirectly altered the ocean and the ecosystem services it supports 

(Doney, 2010; Worm et al., 2009). If the “blue economy” is to grow in a sustainable manner 

it has to rely on healthy marine ecosystems, yet these ecosystems are facing considerable 

pressures (Cisneros-Montemayor, 2019). Human actions at sea have led to the over-

extraction of many living resources, oil and plastic pollution, the alteration or destruction of 

natural habitat, altered species composition, the introduction of invasive species, and the 

erosion of biodiversity (Courtene-Jones et al., 2019; Gallardo et al., 2015; Halpern et al., 

2015; Mora et al., 2011). Our footprint has not been restricted to our actions at sea. Land-

based activities have added pollutants and high nutrient loads to the coastal runoff, further 

destroying habitats and leading to eutrophication and hypoxic waters (Beman et al., 2005; 

Breitburg et al., 2018; Elmgren, 2001). These anthropogenic impacts are present in all 
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marine ecosystems globally, and are particularly severe in the North Atlantic, North America 

eastern seaboard, and China Seas (Halpern et al., 2008).  

In addition to the pollutants mentioned above, the effects of increasing greenhouse gas 

emissions arguably pose the greatest threat to the ocean, the life it supports, and the services 

we depend on (IPCC, 2019). As a vector for carbon and heat storage, the ocean moderates 

anthropogenic climate change but in return suffers profound physical, chemical, and 

ecological alterations (Gattuso et al., 2015). The ocean is warming rapidly and polar ice is 

melting (Polyakov et al., 2010), affecting ocean currents, weather patterns, and sea level. 

Rising atmospheric carbon dioxide is acidifying the ocean, altering the biogeochemical 

cycles of many elements and compounds, such as calcium carbonate, impacting the 

survivability of shell-forming and calcifying marine organisms (Hall-Spencer and Harvey, 

2019; Hoegh-Guldberg et al., 2007). There is now clear evidence of shifting species 

distributions as they reach the limits of their thermal range (Perry et al., 2005), leading to 

altered ecosystem structure and functioning and uncertain socioeconomic futures for fishing 

communities (Cheung et al., 2013). The impacts of climate change on the ocean will affect 

our economies. As well as the abundance of commercially valuable species already 

mentioned (Cheung et al., 2013), the costs of constructing coastal protection are increasing 

(Bosello et al., 2007), the risks and costs of extracting raw materials may increase (Metcalf 

et al., 2015), and the loss of habitats such as coral reefs will drastically impact tourism sectors 

(Uyarra et al., 2005), among other as yet unknown impacts.  

It is important that precautionary and sustainable management practices are applied across 

marine sectors as to not exacerbate the negative impacts of climate change (Kopke and 

O’Mahony, 2011). Many ecosystem services have already been diminished by human 

patterns of overexploitation. For example, global fisheries have seen drastic declines as a 

result of overfishing, bycatch, and habitat destruction (Pauly and Zeller, 2016). 

Overexploitation has led to stock collapses and regime shifts, impacting the structure and 

function of marine food webs and the ecosystem services we depend on (Coll et al., 2008b; 

Heymans and Tomczak, 2016; Tomczak et al., 2013; Zhang et al., 2007). Whilst overfishing 

still persists around the world, many initiatives from the United Nations (UN) have set out 

to achieve sustainable fisheries to sustain their significant contribution to global food 

security, social culture, and economies (UN, 2015a, 2015b, 2012). Fisheries is just one of 

the many marine sectors aiming to achieve sustainable social and economic objectives. 

Traditional management, focussing on species or sectors in isolation, is now widely believed 

to be insufficient for the protection of marine systems and long-term exploitation of marine 
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resources (Long et al., 2015; Pikitch et al., 2004). To preserve ecosystem health, and the 

delivery of ecosystem services, coordination is required across countries that share 

ecosystems, and across national agencies and marine sectors.  

1.2 Ecosystem-based management and an ecosystem approach to fisheries  

Ecosystem-based management (EBM) encapsulates the movement towards a more 

cooperative and holistic approach to marine resource management (Leslie and McLeod, 

2007). Whilst there is no single definition for EBM (Long et al., 2015), its general principles 

(Figure 1.1) assert that management should acknowledge the complexities and interspecific 

dynamics of ecological systems whilst accounting for social and governance objectives 

(Long et al., 2015). EBM considers the entire ecosystem, including humans, in order to 

maintain ecosystem health and resilience so that it can continue to provide the services 

humans need. EBM is an evolving concept, which is being developed as research progresses 

and the effectiveness of management practices are analysed.  

Many governing structures have EBM mandates arising from legislation and policy, such as 

Canada’ Oceans Act (Government of Canada, 1996), the European Union’s (EU’s) 

Integrated Maritime Policy (IMP) (EC, 2007) and Marine Strategy Framework Directive 

(MSFD) (EC, 2008a), and the USA’s National Environmental Policy Act (NEPA) (Caldwell, 

1998) and Magnuson-Stevens Act (National Marine Fisheries Service, 1996). Despite there 

being sufficient legal framework for the implementation of EBM, in practice EBM has seen 

limited operation (Rudd et al., 2018). That’s not to say there have been no cases of EBM 

operation; Canada, Australia, the USA, and several European countries and organisations 

have committed to implementing EBM (Rodriguez, 2017), however, these remain an 

exception in wider ocean management (Link et al., 2018). There are many reasons why EBM 

has not been operationalised, including conflicts between governing mandates and policies, 

practical factors linked to the integrations of agencies and departments, uncertainty in 

scientific research, and a lack of political will to support EBM (Patrick and Link, 2015). 
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Figure 1.1. Key principles of Ecosystem-based management (EBM). Larger font indicates 

greater importance (modified from Long et al., 2015). 

EBM is gaining increasing attention and momentum in the fisheries sector. This has resulted 

in sector specific variations such as Ecosystem-based Fisheries Management (EBFM) and 

Ecosystem Approaches to Fisheries Management (EAFM) (Garcia, 2003; Hall and 

Mainprize, 2004; Link, 2002) (Figure 1.2). EBFM recognizes the combined physical, 

biological, economic, and social trade-offs for managing the fisheries sector, addressing 

competing objectives to optimise the yields of all fisheries in an ecosystem (J. Link, 2010; 

Link and Browman, 2014). EAFM represents a smaller, yet important, step towards a more 

holistic form of management. Through EAFM, ecosystem factors are included in the 

assessment of a stock (typically a single species) to enhance understanding of fisheries 

dynamics and incorporate ecosystem information into management decisions (Link and 

Browman, 2014; Pitcher et al., 2009). Several factors have contributed to the growing call 

for EBFM/EAFM, including conflicting stakeholders and legislation and the limitations of 

single-species management (Link, 2002). 

In Europe, advisory bodies, such as the International Council for the Exploration of the Sea 

(ICES), are actively moving to deliver ecosystem-based advice (Lassen et al., 2014), 

however, fisheries management is still largely based on single-species assessments (Pitcher 

et al., 2009; Skern‐Mauritzen et al., 2016). Single-species approaches generally fail to 

account for interspecific interactions, environmental drivers, or changes in ecosystem 

structure or function. There are exceptions, for example multispecies interactions are 

considered in the assessments of Baltic Sea sprat (Sprattus sprattus) and herring (Clupea 

harengus). For these stocks, predation mortality from cod (Gadus morhua) is estimated by 

stochastic multispecies models (SMS) and used to inform the natural mortality input to the 
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single-species assessments (ICES, 2018a). The limitations of single-species models, the 

advent of EAFM, and the impending prospects of changing ecosystems under climate change 

has motivated the development of a number of quantitative approaches which describe 

ecosystems and place fisheries within an ecosystem context (Smith et al., 2007). 

 

Figure 1.2. Levels of fisheries management in relation to ecosystem-based management 

(modified from Dolan et al., 2016). 
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1.3 Ecosystem models 

Over the past few decades our understanding of marine systems has increased substantially, 

as has computing power. The jump from single-species models to ecosystem models has 

required an increase in model complexity to account for ecosystem considerations. This has 

been facilitated by the increased availability of environmental data at appropriate temporal 

and spatial resolutions. Thus, there is now a wealth of different ecosystem and multi-species 

models available for use (Hyder et al., 2015). Models vary in their purpose and scale (Figure 

1.3). Physical models, such as the Nucleus for European Modelling of the Ocean (NEMO) 

(Madec, 2015), are used to study how the ocean interacts with other components of the earth 

climate system. Others, such as the Model of Ecosystem Dynamics, nutrient Utilisation, 

Sequestration and Acidification (MEDUSA) (Yool and Popova, 2011), incorporate 

ecological components (i.e. plankton communities) within a physics based global earth 

system model. There are models that focus on biogeochemistry and lower trophic levels such 

as the European Regional Seas Ecosystem Model (ERSEM) (Baretta et al., 1995), which are 

capable of assessing, for example, the impact of light availability and nutrient inputs on 

system productivity. Multi-species models, such as the Length-based Multispecies Analysis 

by Numerical Simulation model (LeMANS) (Thorpe et al., 2015), are used to account for 

the age-size dependencies of fish communities, yet often ignore bottom-up effects from 

lower trophic levels (i.e. phytoplankton). Aggregate biomass, food web, and network 

models, such as Ecopath with Ecosim (EwE) (Villy Christensen and Walters, 2004), attempt 

to capture all trophic levels and their interactions. EwE models have been most commonly 

used to quantify the ecosystem impact of fisheries (Colléter et al., 2015; Pauly, 2000) but 

are also capable of producing indicators of ecosystem structure and function (Coll and 

Steenbeek, 2017; Heymans et al., 2014) and exploring the impacts of management plans on 

marine food webs. Finally there are end-to-end models, such as StrathE2E (Heath, 2012) 

and ATLANTIS (Audzijonyte et al., 2019; Fulton et al., 2011a), which include oceanographic 

and ecological processes, fishing fleet dynamics, and, in the case of ATLANTIS, representations 

of human behaviour, social objectives, and economics.  
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Figure 1.3. Categories of ecosystem models and the parts of the ecosystem that they 

include (modified from Hyder et al., 2015). 

Each model is tailored for a specific purpose and comes with its own strengths and 

weaknesses. The strengths of different models can sometimes be combined by coupling 

models, i.e. coupling the physics from NEMO, or the biogeochemistry from ERSEM, with 

the ecology of EwE. This is a modular approach to end-to-end modelling, taking the 

strengths from multiple models to more reliably represent the cascading effects and 

complexities of marine dynamics (Libralato and Solidoro, 2009). However, such coupling 

becomes computationally complex when there are feedbacks from one model to another. 

The structural differences, systematic discrepancies, and input uncertainties of different 

models means they often give different predictions when asked the same question. Rather 

than picking a single best model and excluding the information given by others, it is also 

possible to bring multiple models together in an ensemble to exploit the strengths of different 

models and better understand structural uncertainties (Spence et al., 2018). This has 
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successfully be done in the Climate Modelling world by the Intergovernmental Panel on 

Climate Change (IPCC; IPCC, 2019). 

The purposes of ecosystem models for management may be either strategic or tactical, where 

the output from strategic models can be used to inform an ecosystem approach for existing 

management (Collie et al., 2016). The use of ecosystem models for tactical management has 

been slow to develop. Not only do the uncertainties in model outputs and structure lead to 

limited confidence in derived advice, but integrating new methods into the regulatory 

structure of fisheries management is not easy due to the inertia and vested interests of 

fisheries management in the single-species approach (Cowan Jr et al., 2012; Gislason et al., 

2000; Hilborn, 2012; Patrick and Link, 2015; Skern‐Mauritzen et al., 2016). It is often the 

case that ecosystem information is not considered until it becomes clear that traditional silo-

structured management has failed, i.e. when species are overfished (Marshall et al., 2018).  

1.4 An ecosystem-based approach for fisheries management in the Irish Sea 

As elsewhere in the North Atlantic, many of the Irish Sea finfish stocks have been 

historically subject to high levels of fishing mortality leading to reduced spawning stock 

biomasses (SSB) and truncated age structures (Brander, 1981; ICES, 2016a, 2015a). By the 

late 1990s, the Irish Sea Atlantic cod stock had declined to the point of collapse and a 

recovery plan was introduced (EC, 2000a; ICES, 2001). This plan relied upon landing quota 

reductions, temporary closure of spawning grounds, and the introduction of technical gear 

regulations (ICES, 2003). However, despite large reductions in the fishing effort of the 

bottom trawl and seine fleet, cod SSB continued to decline by 68 % from 2003 to 2009. Up 

until 2010, estimates of fishing mortality remained above Flim (the limit reference point for 

fishing mortality), despite reducing fishing mortality being the main aim of the management 

plan. Cod spawning grounds were also closed during the spawning season but with 

exceptions (derogations) for Nephrops norvegicus trawlers and certain beam trawls. 

However, both of these fisheries have bycatches of cod, whiting (Merlangius merlangus), 

and haddock (Melanogrammus aeglefinus) (ICES, 2016a). Although a lack of discard data 

during the years of the cod recovery plan prevented an analysis of the impact of these 

derogated fisheries, it is likely that cod recovery was hindered (Kelly et al., 2006). 

The challenges facing management of the Irish Sea stocks might benefit from a more holistic 

approach, beyond the development of single-species assessment methods, to recognise 

aspects of the Irish Sea ecosystem which may be influencing the productivity of key stocks. 

In recognition of this, it was agreed that the Irish Sea would be a good candidate for ICES to 



Chapter 1: General Introduction 

9 

develop and test an integrated ecosystem benchmark. This followed the publication of the 

2014-2018 ICES Strategic Plan (ICES, 2014), which was committed to build an integrated 

ecosystem understanding implement EBFM as a continuous and iterative process. The 

benchmark was established under the title of ‘Workshop on an Ecosystem-based Approach 

to Fishery Management for the Irish Sea’, or WKIrish (Figure 1.4) (ICES, 2015a). The work 

plan for WKIrish was a multi-year process focussed on improving the single-species stock 

assessments for cod, haddock, herring, plaice (Pleuronectes platessa), and whiting in ICES 

division VIIa, incorporating a mixed fisheries model, and developing an approach for the 

integration of ecosystem aspects in order to work towards an integrated assessment (see 

https://www.ices.dk/community/groups/Pages/WKIrish.aspx).  

The first WKIrish workshop was convened in September 2015 in Dublin, Ireland to discuss 

the scope of the Irish Sea benchmark. During this meeting, a roadmap was developed 

outlining the work needed to better understand the drivers underpinning stock dynamics and 

steps needed to integrate this information into tactical advice. Work priorities were 

established in line with the Terms of Reference (ToRs) for WKIrish: 

1. With stakeholders, scope the current changes for advice provision for Irish Sea 

fisheries. 

2. Identify potential tools, data, and knowledge to investigate the challenges to fisheries 

management in the Irish Sea. 

3. Build on 1 and 2 to develop a roadmap to generate the scientific knowledge needed 

to support an ecosystem-based approach for fisheries management in the Irish Sea. 

4. Identify the intersessional work needed and the people responsible for leading the 

work. 

To meet these ToRs, WKIrish prioritised: 

1. The improvement of single-species assessment models. 

2. The development of multispecies modelling capabilities, specifically a mass-

balanced ecosystem model using EwE and a length-based ensemble model using 

LeMans. 

3. An improved ecosystem description of the Irish Sea achieved in part through an 

Integrated Trend Analysis (ITA).  

4. A better understanding of zooplankton and lower trophic levels, in collaboration with 

The Sir Alister Hardy Foundation for Ocean Science (SAHFOS).  

https://www.ices.dk/community/groups/Pages/WKIrish.aspx
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5. The development of an “Options for Delivering Ecosystem-based Marine 

Management” (ODEMM) framework. ODEMM uses expert and stakeholder 

knowledge to relate sectors, pressures, and ecological functions for the provision of 

management information.  

 

Figure 1.4. Key changes in Irish Sea fisheries from 1960-2015, which led to the necessity 

and formation of an ICES integrated ecosystem benchmark: Workshop on an Ecosystem-

based Approach to Fishery Management for the Irish Sea (WKIrish). 
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Stakeholder feedback during the first WKIrish workshop stressed the frustration felt by the 

fishing industry and advice community, with stakeholder comments highlighting how 

“management measures had failed for more than decade to recover commercial stocks 

despite reductions in fishing mortality to sustainable levels” (ICES, 2015a). The fishing 

industry expressed how they “welcome a solution and a need to put fisheries management 

within an ecosystem context”, with the hope that the WKIrish initiative “breaks us out of a 

cycle of ignorance and failure”. A central theme of the feedback from stakeholders was their 

desire to contribute to the WKIrish process at all stages, with comments such as 

“stakeholders must remain involved”, and complaints of how “anecdotal information of what 

fisheries is seeing isn’t captured in the scientific data”. An example of anecdotal evidence 

was presented in reference to the Irish Sea cod stock; a fisher commenting that “the 

perception of fishermen is that cod has recovered in the Irish Sea” and that they’re “catching 

two boxes per hour” but “no matter what we do to the data in the stock assessment, it can't 

match the two boxes an hour”. 

With scientists, policy advisors, and stakeholders invested in an integrated approach for the 

Irish Sea, WKIrish provided a means for participatory research and sustained stakeholder 

engagement. Movement towards such inclusive processes has become more prevalent as 

sectors attempt to operationalise ecosystem-based management and grapple with the 

complexity of marine management (Olson and Pinto da Silva, 2019). WKIrish existed at the 

science-policy interface and was therefore ideally placed to enable the co-production of 

knowledge (Ramirez-Monsalve et al., 2016), addressing fishers’ point that their knowledge 

may be overlooked in the scientific data. A co-production approach to knowledge generation 

offers an inclusive forum to share information and trigger positive social and ecological 

action (Armitage et al., 2011). Co-production moves away from expert built analytical 

framework’s, which may fail to capture local knowledge (Djenontin and Meadow, 2018). It 

also increases the degree to which researchers and stakeholders interact (Dilling and Lemos, 

2011), improving the alignment of research to stakeholder needs (Shirk et al., 2012) but also 

improving stakeholders’ understanding of the ‘scientific’ approach. 

Ecosystem modelling is often challenged by a shortage of data (Coll et al., 2015). In such 

cases, fishers’ knowledge offers an alternative source of information to feed into ecosystem 

models, filling gaps or complimenting existing data (Bevilacqua et al., 2016; Johannes et al., 

2000). Whilst Irish Sea fisheries statistics are relatively well documented, fishers’ 

knowledge has been overlooked as an alternative form of information, which is capable of 

enhancing management advice and strengthening policy-industry relationships (Stephenson 
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et al., 2016a). The development of multi-species models by WKIrish provided an 

opportunity to bring fishers’ knowledge into the fold and inform scientific issues relevant to 

management.  

1.5 Irish Sea food web model 

WKIrish prioritised the development of an EwE model of the Irish Sea to explore the factors 

underpinning the recovery failure of commercial fish stocks and propose mitigating 

management actions on the basis of these findings. EwE was chosen because it is the world’s 

most widely used marine ecosystem modelling approach, with approximately 8,000 users 

worldwide, over 800 peer-reviewed publications, and over 150 models available for 

download (Colléter et al., 2015). Ecopath is the first component of the EwE suite and was 

initially constructed by Polovina (1984) to quantify the standing stock and production budget 

of a coral reef ecosystem in the Northern Hawaiian Islands. This approach served as a 

simplified alternative to the complex ecosystem models developed in the late 1970’s by 

leaving out the time dimension and assuming a steady state for the period under investigation 

(typically one year). Ecopath was the first model to apply ‘path analysis’ statistics to the 

field of marine ecology, providing researchers with the means to simplify entire ecosystems 

into a network of functional groups and estimate their biomass and food consumption. In the 

years following its development, the Ecopath software was widely distributed, however, few 

applications appeared in the scientific literature. Ecopath received a second lease of life in 

the late 1980’s/early 1990’s when Christensen and Pauly (1992) released a new, user friendly 

version which combined Polvina’s initial model with an approach proposed by Ulanowicz 

(1986) for the analysis of the flows between elements of the ecosystem. The usefulness of 

Ecopath as a tool for fisheries management became apparent in its ability to estimate the 

biomasses and flows of both assessed and non-assessed groups, yet, as a steady-state model, 

its applications were limited by its inability to predict the impacts of different harvest 

strategies (Christensen, 1991). 

Ecosim, the second component of the EwE suite, emerged in 1995 and presented an approach 

for using the results of Ecopath to construct time-dynamic simulations and analyses (Walters 

et al., 1997, 2000). Through this new module, it became possible to study fishery dynamics 

for any ecosystem for which there was sufficient data to construct a simple mass-balanced 

Ecopath model. The third EwE component, Ecospace, was introduced in 1998 (Walters et 

al., 1999) as a spatially explicit module, building upon the results of Ecopath and Ecosim, to 

be used for policy evaluation and the impact assessment of MPA placement.  
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The EwE software package provides a practical modelling approach to evaluate how 

fisheries and the environment impact ecosystems. The software is constantly evolving and 

is under active development through the Ecopath Research and Development Consortium 

(Steenbeek et al., 2016). EwE has most notably been used to help fisheries researchers 

answer ‘what-if’ questions in regards to past, current, or future policy changes (Christensen 

and Walters, 2011; Villy Christensen and Walters, 2004; Pauly, 2000; Plagányi, 2007). 

Recent progress has seen the development of a Management Strategy Evaluation (MSE) 

routine within EwE, which is able to provide decision makers with the risks, uncertainties, 

and thus trade-offs of alternate fishing strategies (Mackinson et al., 2018). EwE has also 

been used to estimate indicators of food web structure and function (Coll and Steenbeek, 

2017; Heymans et al., 2007; Piroddi et al., 2015), track pollutants as they move through the 

food web using the Ecotracer module (Tierney et al., 2018; Walters and Christensen, 2018), 

simulate the impacts of climate change scenarios (Bentley et al., 2017; Corrales et al., 2018; 

Serpetti et al., 2017), and assess the impact of environmental change for policy advice 

(Canadian Environmental Assessment Agency, 2015; Christensen et al., 2014; de Mutsert et 

al., 2017). 

EwE is well suited as a tool to build a holistic understanding of the Irish Sea ecosystem. 

Modelling the flow of energy in the presence or absence of environmental and anthropogenic 

drivers can help to underpin the mechanisms which control the function, structure, and 

production of the food web. This strategic information can be used to inform tactical fisheries 

management and infer how components of the ecosystem may change under different 

management or climate scenarios (Corrales et al., 2018). However, EwE can produce 

misleading predictions, often due to user errors or the omission of key parameters 

(Christensen and Walters, 2004). The user-friendly interface and ‘black-box’ nature of EwE 

can lead to pitfalls in its application and the creation of low-quality models (Heymans et al., 

2016). As with many multi-species modelling approaches, the EwE approach is limited by 

the quality and quantity of available data. Given the complexity of EwE and the input data 

uncertainties, a single derived simulation of ecosystem structure would not be useful in a 

management context (Plagányi and Butterworth, 2004). Strategic management advice 

should only be inferred from EwE outputs if uncertainties are addressed to provide a range 

of likely scenarios (ICES, 2019a). It is unlikely that EwE could be used as an alternative to 

single-species models due to this inherent uncertainty, however it is clear that fisheries 

advice focused on single-species considerations is flawed if it fails to account for the impacts 

of the environment, competition, and predation on stock production. 
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1.6 Thesis objectives and outline 

This thesis details the construction of Ecopath and Ecosim models of the Irish Sea to address 

the questions asked by WKIRISH. The following chapters describe the rationale behind the 

models design and present novel methodology for model parameterisation, knowledge co-

production, parameter uncertainty analysis, and the addition of ecosystem information to 

fisheries advice. The overarching objective of this thesis was to increase understanding of 

the Irish Sea ecosystem whilst developing a model capable of providing management advice 

for the region. By working with ICES and stakeholders at the science-policy interface, the 

work described in this thesis aims to increase the maturity of EwE as an operational tool for 

EAFM.  

- Chapter 2 details the construction of the Ecopath component of the Irish Sea EwE 

model following best practices (Heymans et al., 2016). The model described in this 

chapter provides the foundation for subsequent chapters and has been accepted as an 

ICES ‘key run’ (Bentley et al., 2018, 2019d; ICES, 2019a).  

 

- Chapter 3 describes a new approach to assess the impact of diet uncertainty on 

indicators of ecosystem structure and function (Bentley et al., 2019a). The chapter 

adapts new approaches for uncertainty analysis from theoretical network ecology 

(Hines et al., 2018) so that they may be applied to output from Ecopath. 

- Chapter 4 introduces stakeholder collaboration, incorporating fishers’ knowledge of 

predator-prey interactions into the Ecopath diet matrix. The approach to uncertainty 

analysis described in Chapter 3 is used to assess how the addition of fishers’ 

knowledge impacts the structure of the model (Bentley et al., 2019b).  

 

- Chapter 5 presents the Ecosim component of the Irish Sea EwE model. Fishing effort 

time series for many fishing fleets were not available from scientific records, 

hindering the model’s capability to simulate catches. This chapter revisits the topic 

of fishers’ knowledge and provides a new approach for the use of fishers’ perceived 

effort trajectories as drivers of fleet activity (Bentley et al., 2019c).  

 

- Chapter 6 provides a retrospective analysis of the influence of environmental drivers 

on commercial stocks and fishing opportunities in the Irish Sea. This chapter builds 

on the Ecosim model described in Chapter 5 and focuses on building a better 

understanding of the environmental mechanisms driving the ecosystem using 

correlation analyses. Environmental drivers are then incorporated into the model 
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based on a deeper mechanistic understanding. Ecosystem dynamics are evaluated in 

the absence of environmental change to evaluate its impact on stock production.  

 

- Chapter 7 explores a new concept for the inclusion of ecosystem information in ICES 

fisheries advice. Methods are outlined, which allow for the addition of strategic 

information from the EwE model to tactical single-species catch advice. Short and 

long-term simulations are provided to evaluate the new approach, with long-term 

simulations being conducted under best and worst-case climate change projections. 

 

- Chapter 8 provides an overall summary of the work presented in this thesis and a 

discussion surrounding the use of EwE for fisheries management. 
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2 Building an Ecopath model of the Irish Sea 

The technical information which supports this chapter is published as: Bentley, J.W., 

Serpetti, N., Fox, C.J., Reid, D.G. and Heymans, J.J., 2018. Modelling the food web 

in the Irish Sea in the context of a depleted commercial fish community. Part 1: 

Ecopath Technical Report. Scottish Association for Marine Science, Oban. U.K. 

Report no. 294, p.147., https://doi.org/10.6084/m9.figshare.6323120.v1. The ICES key 

run model technical report is published as Bentley, J. W., Serpetti, N., Fox, C., Reid, 

D.G. and Heymans, J. J., 2019. Modelling the food web in the Irish Sea in the context 

of a depleted commercial fish community. Part 2: ICES Ecopath with Ecosim Key 

Run. Scottish Association for Marine Science, Oban. U.K. Report no. 297, p.86., 

https://doi.org/10.13140/RG.2.2.15136.12809. The report from the ICES Working 

Group on Multispecies Assessment methods (WGSAM) which reviews the key run is 

published as ICES, 2019. Working Group on Multispecies Assessment Methods 

(WGSAM). ICES Scientific Reports, 1, 320. https://doi.org/10.17895/ices.pub.5758. I 

was the lead developer and author of both technical reports; co-authors provided advice 

on model development and comments to shape the final reports. The WGSAM report was 

written by group chairs and members and I produced the key run appendix and helped 

shape the final WGSAM review. 

 

2.1 Introduction 

This chapter describes the initial work undertaken in developing a new Ecopath food web 

model for the Irish Sea. The management of the Irish Sea fisheries is currently challenged 

by a lack of recovery in some historically important finfish populations, including cod 

(Gadus morhua), whiting (Merlangius merlangus), and sole (Solea solea), despite the 

implementation of recovery plans and large reductions in fishing effort (EC, 2000a; ICES, 

2001). Understanding the drivers underpinning this failed recovery has been complicated by 

the fact that single-species models do not generally include additional factors which can 

affect stock production, such as predator-prey interactions (Köster and Möllmann, 2000), 

climate change (Free et al., 2019), and shifts in primary and secondary production (Capuzzo 

et al., 2018). These aspects of the Irish Sea ecosystem may have led to changes in the natural 

mortality of key commercial stocks, including cod, and thus offset the expected benefits of 

reduced fishing effort (Kelly et al., 2006). Recent moves towards ecosystem-based fisheries 

management imply that there should be an increased focus on these additional factors (Link, 

2002; Tam et al., 2017). In 2015, the International Council for the Exploration of the Sea 

https://doi.org/10.6084/m9.figshare.6323120.v1
https://doi.org/10.13140/RG.2.2.15136.12809
https://doi.org/10.17895/ices.pub.5758
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(ICES) Workshop on an Ecosystem-based Approach to Fishery Management for the Irish 

Sea (WKIrish) was established to address the issues. 

Globally, fisheries management has often been ineffective and focused on species in 

isolation, ignoring the ecosystem components and interactions which impact stock 

production (Pikitch et al., 2004). Management is now shifting towards an ecosystem-based 

approach, which takes ecosystem knowledge and uncertainty into account in order to balance 

societal objectives and achieve sustainable development and healthy ecosystems (Garcia, 

2003; Link and Browman, 2017; Tallis et al., 2010). One of the ultimate objectives of 

WKIrish therefore was to improve ecosystem understanding to provide ecosystem-based 

advice for Irish Seas stocks and fisheries. WKIrish recognized from an early stage that 

stakeholder engagement would be vital for the development of ecosystem-based 

management plans, therefore workshops were attended by the fishing industry (fishers’ and 

representatives), regulators, policy advisors, and scientists. The objectives of WKIrish 

centred on the integration of ecosystem knowledge and stakeholder knowledge into 

ecosystem assessments (Pedreschi et al., 2019) and multi-species modelling frameworks. 

Ecopath with Ecosim (EwE) was one of the two multi-species modelling approaches initially 

identified by WKIrish. 

EwE is one of the most widely used approaches to model marine food webs, often with a 

focus on fish, shellfish, fisheries, and higher trophic levels (e.g. Christensen and Walters, 

2011; Coll and Libralato, 2012; Mackinson et al., 2018; Plagányi and Butterworth, 2004). 

In 2015, there were 433 published EwE models as compiled in EcoBase, the global online 

information repository of published EwE models (Colléter et al., 2015). By November 2019 

there were 458 entries in EcoBase (accessed 11/2019; http://sirs.agrocampus-ouest.fr/), and 

likely many more in development. The Ecopath approach was initially presented by Polovina 

(1984a, 1984b) to estimate the biomass and food consumption of functional groups within 

an ecosystem and was subsequently combined with approaches from theoretical ecology for 

the analysis of energy flows between functional groups (Ulanowicz, 1986; Ulanowicz and 

Kay, 1991). The system has since been optimised for use in modelling fisheries (Christensen 

et al., 2008; Christensen and Pauly, 1992; Walters et al., 1997, 1999) and for producing 

indicators (Coll and Steenbeek, 2017; Heymans and Baird, 2000) to summarise the status of 

ecosystems (Piroddi et al., 2015). EwE models can also be used to explore the hierarchical 

importance of different species and functional groups based on the impact their biomass has 

on the structure and function of the ecosystem (Coll and Libralato, 2012).  

http://sirs.agrocampus-ouest.fr/
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EwE is open source and has an intuitive Graphical User Interface (GUI), making it widely 

available and easy to use. Unfortunately, this means EwE can also be easily misused. There 

are few automatic quality checks built into the software, instead EwE relies on the user’s 

ecological knowledge and system understanding. To combat the misuse of the software, 

Heymans et al. (2016) published a set of best practices, diagnostics (see also Link, 2010), 

and advice for evaluating uncertainty in EwE models. If followed, these guidelines aid in 

producing rigorous, consistent, and peer-reviewed EwE models. Heymans et al. (2016) finish 

their best practice guidelines by discussing the use of the ICES ‘key run’ concept as a final 

quality assurance check prior to using such models for providing management advice. An 

ICES ‘key run’ refers to a model parameterisation and output which is accepted as a standard 

by the ICES Working Group on Multispecies Assessment Methods (WGSAM). Such ‘key 

run’ models thus serve as a quality assured reference for scientific input to ICES advice 

products (https://www.ices.dk/community/groups/Pages/WGSAM.aspx). Key runs 

currently exist for the North Sea (ICES, 2015b), the Baltic Sea (ICES, 2016b), and the Irish 

Sea model described in this chapter has recently been accepted as having reached this 

standard (ICES, 2019a).  

2.1.1 Study aims 

This chapter summarises the development of a new Irish Sea Ecopath model. An Ecopath 

model already model exists for the Irish Sea (Lees and Mackinson, 2007; Tierney et al., 

2018), however for the purposes of this PhD, data transparency, and the adoption of a co-

production approach with WKIrish experts and stakeholders, the decision was made to use 

the existing model as a reference tool only. Ecopath is the foundation of the EwE suite and 

is used to build a mass-balanced snapshot of the resources in an ecosystem and their 

interactions (Villy Christensen and Walters, 2004). The objective of Ecopath is to provide a 

snapshot of the production and mortality of food web components as a baseline for 

subsequent temporal (Ecosim) and spatial (Ecospace) simulations. The Irish Sea Ecopath 

model was constructed in partnership with WKIrish as a foundation for (1) further 

exploration into the underlying drivers of commercial stocks, (2) the derivation of ecosystem 

information for management, and (3) to provide a medium for the integration of stakeholder 

knowledge into ICES advice. The focus of this chapter surrounds the methods used to 

parameterise the Ecopath model, methods for quality assurance, and the model’s limitations.  

https://www.ices.dk/community/groups/Pages/WGSAM.aspx
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2.2 Methods 

2.2.1 Irish Sea model spatial extent and baseline 

The Irish Sea model covers ICES division VIIa, an area of approximately 58,000 km-2 

(Figure 2.1). Ecopath (version 6.6 beta) (Villy Christensen and Walters, 2004; Steenbeek et 

al., 2016) was used to construct a model of the Irish Sea Ecosystem representative of 1973 

(Bentley et al., 2018). One of the aims of the Irish Sea EwE model was to increase 

understanding of the drivers underpinning the slow recovery of commercial finfish, 

particularly cod and whiting. To achieve this, the model timeframe needed to include the 

historic changes in the ecosystem which may have impacted stock production. By starting 

in 1973, the model encapsulated the fall of the herring fishery (Molloy, 2006), the rise of the 

Nephrops (norvegicus) fishery (Coughlan et al., 2015), the overexploitation and decline of 

cod and whiting (Kelly et al., 2006), the haddock biomass explosion, and the implementation 

of the cod recovery plan (EC, 2004).  

 
Figure 2.1. Map of the UK and Ireland with the surrounding waters broken down into 

their ICES statistical areas (left), along with a bathymetry map of the Irish Sea (VIIa) and 

model extent (right).  

 

2.2.2 Defining and parameterising functional groups 

In Ecopath, the food web is represented as functional groups representing primary producers 

to marine mammals, along with detrital groups which can be natural or composed of fisheries 

discards. While there are no upper limits to the number of functional groups which can be 
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included, best practice suggests that functional groups should be structured keeping in mind 

the policy or general question the model intends to address (Heymans et al., 2016). 

Furthermore, increasing the number of functional groups increases the data required to 

parameterise the diet and metabolic parameters. Modelling in Ecopath therefore requires 

careful consideration of the level of taxonomic detail with which the food web is represented. 

Functional groups can be individual species or an aggregation of species which perform a 

similar function in the ecosystem (i.e. they occupy similar niches). Functional groups can 

also be broken down into life-stages or ‘stanza’ to capture the ontogenetic differences in 

feeding, fisheries exploitation, behaviour, or habitat preference. 

From the outset, the new Irish Sea model was intended to provide a deeper understanding of 

the drivers underpinning the dynamics of the important commercial species. Keeping this in 

mind, the overarching design of the model aimed to place species of commercial importance 

into single-species or multi-stanza groups whilst species of less importance to the research 

question, or with limited data, were aggregated into multi-species groups. The following 

sub-sections detail the methods used to gather and calculate the input parameters required 

for the construction of the Irish Sea Ecopath model following the best practices described by 

Heymans et al. (2016).  

2.2.2.1 Functional group biomass 

Where available, species biomass estimates were taken from ICES stock assessments (ICES, 

2017a, 2018b). Biomass estimates for unassessed species were taken from survey data 

available through ICES Database of Trawl Surveys (DATRAS; http://www.ices.dk/marine-

data/data-portals/Pages/DATRAS.aspx). Surveys available for the Irish Sea (ICES area 

VIIa) included the Cefas Irish Sea beam-trawl survey (BTS- VIIa) and the AFBI Northern 

Irish ground fish survey (NIGFS). For groups which were unassessed or poorly represented 

in both trawl surveys, biomass estimates were taken from, or calculated using, relevant 

literature, as described below for those specific groups.  

Due to minor inconsistencies in the BTS-VIIa sampling grid before 1993, only data from 

1993 onwards was used to generate biomass estimates. The standard gear used is a 4 m beam 

trawl with chain mat, flip up rope, and a 40 mm codend liner to retain small fish (ICES, 

2009). The epibenthic by-catch from these catches has been quantified since 1997. The 

methods used to calculate abundance of surveyed species were taken from previous work to 

produce an analysis of ecosystem indices in the Irish Sea and the wider North-east Atlantic 

(IndiSeas project; Gascuel, Coll, et al., 2016). Swept area biomasses (𝐵; t.km-2) were 

http://www.ices.dk/marine-data/data-portals/Pages/DATRAS.aspx
http://www.ices.dk/marine-data/data-portals/Pages/DATRAS.aspx


Chapter 2: Building an Ecopath model of the Irish Sea 

21 

estimated using catch weight (𝐶; tonnes), towing distance (𝐷, km) and nominal horizontal 

opening (ℎ): 

with the towing distance calculated as the straight-line distance between shoot and haul sites. 

Catch was recorded from one of two depth bands: 0-20 m (strata 1) and 20+ m (strata 2). 

Strata areas were computed as part of the IndiSeas project using Surfer (3D contouring and 

surface plotting program) blanked for the coastline. Estimated areas for strata 1 and 2 were 

8,773 km2 and 38,323 km2 respectively. The average biomass for each taxa was then raised 

up to total tonnes per strata per taxa using the estimated strata area. The total biomass was 

then summed across strata and taxa and converted to t.km-2. 

Data from the NIGFS was available from 2005 - 2016. The NIGFS uses a rock-hopper otter 

trawl with a 17 m footrope fitted with 250 mm non-rotating rubber discs. The gear has a 

mean vertical opening of 3 m, door spread of around 25 m at 20 m depth to 40 m at 80 m 

depth, and a 20 mm codend liner (ICES, 2010a).  

Taxa biomass estimates were calculated using the same method implemented for the BTS-

VIIa data, however as wing spread varies with depth, towing distance (𝐷) in Equation 2.1 

was multiplied by the recorded wing spread (ℎ). 

A total of 221 species were identified and allocated to functional groups according to their 

diet, ecological and behavioural similarities and expert opinion. Species which contributed 

< 1 % towards their functional groups survey-based total biomass were not included in the 

model but their biomass contributions were distributed between all species within the group 

(allocations prorated by biomass). This step was taken to reduce the complexity of the model 

as much as possible whilst retaining the overall biomass estimates in line with survey results. 

Four species of high commercial importance (cod, whiting, haddock, and plaice 

(Pleuronectes platessa)) were separated into multi-stanza functional groups. Stanza were 

split into adults (age 2+) and juveniles (0-1) based on age at maturity proportions for the 

Irish Sea (ICES, 2016c). To parameterise multi-stanza functional groups, estimates were 

collected for (1) total mortality per stanza, (2) the von Bertalanffy 𝐾 parameter, and (3) the 

estimate of weight at maturity over weight at infinity (𝑊𝑚𝑎𝑡/𝑊𝑖𝑛𝑓) (Appendix A). Stock-

recruitment (SR) relationships for multi-stanza groups were visualised by simulating the 

mass-balanced Ecopath model over 50 years in Ecosim (the temporal component of the EwE 

software; Walters et al., 1997) and applying a ‘V’-shaped fishing pattern to drive stock 

 𝐵 =
𝐶 

𝐷 × ℎ
 Equation 2.1 
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biomasses through high and low values as suggested in the key run reports for the North Sea 

(ICES, 2016b) and Baltic Sea (ICES, 2017b). 

2.2.2.2 Fishing fleet structure and catch allocation 

The Irish Sea model contains eight fleets which are based on the aggregation of gear 

categories used in the Scientific, Technical and Economic Committee for Fisheries (STECF) 

reports (STECF, 2018a) (Table 2.1) and reflect those deemed most important by fishers 

during stakeholder workshops (ICES, 2018c). 

Table 2.1. Irish Sea Ecopath model fleet groups and their corresponding equivalents 

in STECF data. 

Ecopath fleet STECF gears STECF description 

Beam trawl BT2 Beam trawls > 80 mm and < 120 mm 

BEAM Beam trawl 

Otter trawl TR1 Bottom trawls and seines > 100 mm 

TR3 Beam trawls > 16 mm and < 32 mm 

OTTER Otter trawl 

Nephrops trawl TR2 Bottom trawls and seines > 70 mm and < 100 mm 

Pelagic nets PEL_TRAWL Pelagic trawl 

PEL_SEINE Pelagic seine 

Gill nets GN1 Gillnets and entangling nets 

Pots POTS Pots and creel 

Dredge DREDGE Dredge 

Longline LL1 Longlines 

Total landings for functional groups in 1973 were taken from ICES landing statistics (ICES, 

2018d) and working group reports (ICES, 2017c, 2018b). In the absence of fleet-based data 

prior to 2003, landings were proportioned amongst Ecopath fleets based on the proportions 

landed by STECF gears in 2003. Total discards for cod, whiting, haddock, plaice, whiting, 

and Nephrops were taken from ICES stock assessments (ICES, 2018b) and distributed 

amongst gear types based on STECF proportions. For functional groups without ICES 

discards estimates, total discards were calculated using the discard/landings ratio from 

STECF using ICES landings from 1973. The ratio of discards to landings in 1973 might have 

been different to those in the STECF data, however discard information for 1973 was 

unavailable for many unassessed species. Bycatch of marine mammals were included in the 

parameterisation of discards based on literature and records from the Irish and Celtic Seas 

(Appendix A).  
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2.2.2.3 Diets 

The models initial diet matrix for finfish was built using information held in the Cefas 

integrated DAtabase and Portal for STOMach records (DAPSTOM) (Pinnegar, 2014). 

DAPSTOM contained 26,765 records from 38,295 stomachs covering 96 predator species 

from the Irish Sea. Records dated back as far as 1836 but for the purpose of the present 

model only data from 1960-2016 were used (23,331 records). The default format for 

DAPSTOM data entry was as counts of prey item found per predator. In order to convert 

count data to weight (kg) data, weights were assigned to each prey item. For fish, these 

weights were obtained by converting length to weight. Length information was obtained 

from the BTS-VIIa in order to generate an average length and weight relative to the Irish 

Sea (Equation 2.4). For invertebrates, average weight data was acquired from SeaLifeBase 

(Palomares and Pauly, 2017). Weighted diets were then transformed into proportion diets, 

as is required by Ecopath. The diet extracted for each predator included the mean proportion 

of prey items consumed based on all the data available from 1960-present day (Figure 2.2). 

In addition, minimum, maximum, standard deviation and percentile values were extracted, 

providing a range of plausible diet proportions each prey may contribute towards a predator’s 

diet (Figure 2.2). Diets of functional groups comprising multiple species were prorated by 

the biomass proportion each species contributed towards the functional group. When 

balancing Ecopath models, diet preferences are often the first biological parameters revisited 

and adjusted in order to fix model imbalances (Heymans et al., 2016; Morissette, 2005). This 

is often done using ‘ad hoc’ tuning but with the diet preference ranges (min, max, 

percentiles) produced using DAPSTOM records it was possible to take a systematic 

approach to diet tuning, reducing the need for ‘ad hoc’ adjustments. Diets for mammals, 

seabirds and invertebrates were taken from literature sources which are provided in 

Appendix A.  

Fishers’ knowledge regarding the diets of commercially important species was shared during 

a WKIrish workshop (WKIrish4) held in Dun Laoghaire, Ireland, on the 23-27 October 2017 

(ICES, 2018c). The aim of the workshop was to update the Irish Sea model so that it used 

both scientific knowledge and fishers’ knowledge of predator-prey interactions for the 

species fishers commonly encountered in their operations, and where they would have 

observed stomach contents whilst processing catches. During the workshop, cod, whiting, 

haddock, plaice, rays (Raja spp.), and Nephrops were identified as the species for which 

fishers’ felt they had substantial knowledge. Fishers’ diet links were quantified in the model 

on a case-by-case basis. New interactions were added to the model diet matrix whilst 

ensuring that the combined predation and fishing mortality placed on each functional group 
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did not exceed production (Figure 2.2). To ensure diets remained balanced, additions of new 

prey proportions were counterbalanced by adjusting other prey proportions within the range 

of plausible values. Due to the inherent uncertainty in quantifying qualitative information, 

the diets of functional groups which were altered by fishers’ knowledge were assigned large 

confidence intervals (±80%) in the models ‘pedigree’ routine (described in section 2.2.5) 

(Villy Christensen and Walters, 2004). The large confidence intervals assigned to diets 

altered by fishers ensured, when later applying Monte Carlo simulations, that a large range 

of parameters could be tested to reflect data uncertainty in model outputs. The addition of 

fishers’ knowledge to the Ecopath diet matrix is the central theme of Chapter 4 of this thesis.  

 

Figure 2.2. Conceptual figure for the parameterisation of finfish diets in the Irish Sea Ecopath 

model. 

2.2.2.4 Vital rates 

Along with estimates of biomass, catch, and diet, each functional group requires vital rate 

estimates for production/biomass (𝑃/𝐵) and consumption/biomass (𝑄/𝐵). For the 

parameterisation of the Irish Sea model, empirical equations were used to estimate vital rates. 

 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 

 
 
 
 

           

 
  
  
 
  
 
 
  
  
 

   

   

   

   

   

   

       

       

               

           

        

             

        

                   

                        

                

              

                  

                        

        

      

           

        

       

                      

                 

                 

   

   

   

 
 
 
 
  
 
 

 
 
  
  
 

 
  
  
  
 

 
 
  
 
  
 

 
  
 
  
 
 
 
  
 
 
 
  
 
  
  
  
 

 
 
 
 
 
  
 
 
 
 

 
  
 
  
 
 
  
 
  
  
  
 

 
 
   

 
 
 

 
 
 
 
  
  
  
 
 
  
 
  
 
  
  
 
 

 
 
 
 
 
 
  
 
  

 
  
 
  
 
 
 
 
  
 
  
  
 
 

 
 
 
 
 
 
 

 
 
  
  
 
 
 
 
  
 
 
 
  
 
 
  
 

 
  
 
 
  
 
  
 
  
  
 

 
 
  
 
 
 
 
  
  
  
 

 
 
  
 
 
 
 
  
 
 
 

 
 
  
 
 

  
  
 
 
 

 
 
  
 
 
 
 
  
 
  
 

 
 
  
 
  
 
 
 
  
 
 
  
 

 
 
 
   
 
 
 
 
  
 
 
  
 

    

 
  
  
 
  
 
 
  
  
 

Atlantic cod 2+

Stage 1. Stomach records (DAPSTOM) Stage 2. Data organised into annual diet proportions after 
converting counts to weight (kg).

Stage 3. Annual averages 
were entered into Ecopath with 
upper and lower limits used as 

references to adjust diets when 
balancing the model.

Annual average

EwE balanced 
value Stage 4. Diet information 

was adjusted by the 
incorporation of fishers’ 

knowledge (Chapter 4). 
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The 𝑃/𝐵 ratio relates to the turnover rate of a functional group. For finfish this is equal to 

the total mortality (𝑍, year-1), which is equal to fishing mortality (𝐹, year-1) plus natural 

mortality (𝑀, year-1), all expressed as instantaneous annual rates. 𝐹 is easily calculated as: 

Finfish 𝑀 was calculated using Pauly’s empirical equation (Pauly, 1980): 

where 𝑊∞ is the species asymptotic weight (kg), 𝑘 is the curvature parameter of the von 

Bertalanffy growth function, and 𝑇 is the mean annual temperature (°C). Asymptotic weights 

were estimated using Equation 2.4. 

where 𝑊 is the weight (kg), 𝐿 is the length (cm) and 𝑎 (intercept) and 𝑏 (slope) are 

conversion factors estimated using linear regression through natural logarithmic 

transformation (𝑊 = ln 𝑎 + 𝑏 × ln 𝐿). Estimates for a and b unique to the Irish Sea were 

taken from Silva et al. (2013). A mean temperature of 10.9 °C was used in the estimation of 

𝑀; taken from a depth integrated estimate of Irish Sea temperature in 1973 (Rayner et al., 

2003; Wakelin et al., 2015). Estimates of 𝑘 were taken from FishBase (Froese and Pauly, 

2017).  

𝑃/𝐵 estimates for marine mammals and seabirds were taken from Trites et al. (1999), who 

proposes that homeotherm 𝑃/𝐵 should reflect half of the maximum annual population 

growth rate. Cetacean 𝑃/𝐵 was estimated to be 0.02 year-1 (Reilly and Barlow, 1986), 

pinniped 𝑃/𝐵 was estimated to be 0.06 year-1 (Small and DeMaster, 1995), and seabird 𝑃/𝐵 

was estimated to be 0.4 year-1 (Trites et al., 1999). The 𝑃/𝐵 ratios for invertebrates were 

estimated using Tumbiolo and Downing's (1994) empirical model for marine benthos: 

where 𝐵 is the biomass of the functional group (g), 𝑊𝑚 is the maximum body mass (g DM), 

𝑇 is surface temperature (°C), and 𝐷 is depth (m).  

Finfish 𝑄 𝐵⁄  values were calculated using the empirical model of Pauly et al. (1990) and 

Christensen and Pauly (1992): 

where 𝑇′ is the mean annual temperature (Kelvin), 𝑃𝑓 characterises feeding behaviour (apex 

predators, pelagic predators and zooplankton feeders = 1; other feeding types = 0) and 𝐻𝑑 

 
 𝐹𝑖𝑠ℎ𝑖𝑛𝑔 𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦 (𝐹) = 𝑐𝑎𝑡𝑐ℎ/𝑏𝑖𝑜𝑚𝑎𝑠𝑠 

Equation 2.2 

 
 𝑙𝑜𝑔10𝑀 =  −0.2107 − 0.0824𝑙𝑜𝑔10𝑊∞ + 0.675𝑙𝑜𝑔10𝑘 + 0.4627𝑙𝑜𝑔10𝑇 

Equation 2.3 

 𝑊 = 𝑎 × 𝐿𝑏 Equation 2.4 

  𝐿𝑜𝑔𝑃 = 0.24 + 0.96𝐿𝑜𝑔𝐵 − 0.21𝐿𝑜𝑔𝑊𝑚 + 0.03𝑇 − 0.16𝐿𝑜𝑔(𝐷 + 1) Equation 2.5 

  𝐿𝑜𝑔 𝑄 𝐵⁄ = 6.37 − 1.5045 𝑇′ − 0.168𝑙𝑜𝑔𝑊∞ + 1.399𝑃𝑓 + 0.2765𝐻𝑑 Equation 2.6 



Chapter 2: Building an Ecopath model of the Irish Sea 

26 

characterises food type (herbivores = 1; predators = 0). For seabirds the consumption rate 

(𝐷𝑅 or daily rate of fish consumed in g) was estimated from Nilsson and Nilsson (1976) as: 

where 𝑊 is the mean body weight of the species in g. Marine mammals consumption rate 

(𝐷𝑅 or daily rate in kg) was estimated from Innes et al. (1987) as: 

where 𝑊 is the mean body weight of the species in kg. 

2.2.3 Ecopath master equations 

 Ecopath functions under two master equations (Villy Christensen and Walters, 2004). The 

first equation describes the total production rate (𝑃𝑖) for each functional group (𝑖) under the 

assumption of mass-balance over a finite period of time (usually 1 year). The production of 

each functional group is divided into predation mortality (𝑀2𝑖𝑗) influenced by the biomass 

of other predators (𝐵𝑗); exports from the ecosystem through both fishing activities (𝑌𝑖) and 

net migration rate (𝐸𝑖; emigration-immigration); biomass accumulation (𝐵𝐴𝑖); and other 

mortality (1 − 𝐸𝐸𝑖), where 𝐸𝐸 is a group’s ecotrophic efficiency or the proportion of group 

production which is utilised within the system as described.  

Following this equation, Ecopath employs a loop of parameterisation algorithms to estimate 

‘missing’ parameters prior to ensuring mass balance between groups (Villy Christensen and 

Walters, 2004). Mass balance assumes that for each functional group in the model, the 

energy removed from a group is balanced by the energy it consumes. Energy balance is 

ensured when a group’s consumption is equal to the summed energy of its production, 

respiration, and unassimilated food (Equation 2.10). 

This is the second Ecopath master equation and is in line with Winberg (1956), who defined 

consumption as the sum of somatic and gonadal growth, metabolic costs, and waste products.  

2.2.4 Pre-balance diagnostics and model balancing 

Once the input parameters (biomass, catch, diets, and vital rates) had been added to the model 

a set of tests were applied to check whether the model followed the ecological rules of thumb 

described by Link (2010), who proposed a set of pre-balance (PREBAL) diagnostics for 

  𝐿𝑜𝑔10(𝐷𝑅) = −0.293 + 0.85 ∗ 𝐿𝑜𝑔10𝑊 Equation 2.7 

 
𝐷𝑅 = 0.1𝑊0.8 Equation 2.8 

 𝑃𝑖 = ∑ 𝐵𝑗 × 𝑀2𝑖𝑗 + 𝑌𝑖 + 𝐸𝑖 + 𝐵𝐴𝑖 + 𝑃𝑖 × (1 − 𝐸𝐸𝑖)

𝑗

 Equation 2.9 

 
𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 = 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 + 𝑅𝑒𝑠𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛 + 𝑈𝑛𝑎𝑠𝑠𝑖𝑚𝑖𝑙𝑎𝑡𝑒𝑑 𝑓𝑜𝑜𝑑 Equation 2.10 
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ecological network models, such as Ecopath. PREBAL also helps to visualise parameter 

outliers in regard to expected trends. Following the rules of PREBAL, functional group 

biomass should span 5-7 orders of magnitude and decline by 5-10 % with increasing trophic 

level; vital rates (𝑃/𝐵 and 𝑄/𝐵) should generally decline with increasing trophic level; 

production/consumption (𝑃/𝑄) should generally fall between 0.1 and 0.3 (Darwall et al., 

2010); total production and total consumption should decline with increasing trophic level; 

and functional group production/respiration (𝑃/𝑅) should fall below one. Homeotherms are 

often exempt from these rules as they tend to have lower production but higher metabolic 

rates and therefore higher consumption demands than poikilotherms (Peters, 1986). The 

criteria for PREBAL follow general ecological and fisheries principles and were checked 

both before and after the model was balanced. 

Following an initial assessment using PREBAL, the Irish Sea Ecopath model was balanced 

to ensure it followed ecological rules and maintained the laws of thermodynamics as 

summarised by Darwall et al. (2010) and updated by Heymans et al. (2016) to correct the 

rule which incorrectly suggested that net primary production should be greater than gross 

primary production. 𝐸𝐸 for any functional group cannot exceed 1, as this would suggest 

more energy is extracted from a group than is produced. As a guideline, 𝐸𝐸 tends to fall 

close to 1 if a species is heavily predated upon or fished, whereas apex predators such as 

marine mammals may have 𝐸𝐸’s closer to 0 as they suffer little predation and are not targeted 

by Irish Sea fisheries. When group 𝐸𝐸’s were greater than 1, parameters were altered 

following a methodological and justified approach in order to balance the system. Having 

upper and lower confidence intervals for predator-prey interactions provided a grounding 

for the adjustment of consumption pressures, which were often enough to correct unbalanced 

𝐸𝐸’s (Bentley et al., 2018). This was a vast improvement on the often ad hoc nature of 

Ecopath diet alterations and was facilitated by the availability of long-term stomach records 

(Pinnegar, 2014). When basic inputs were incompatible with model balancing (i.e. a biomass 

input was too low and associated with high uncertainty) it was possible to take advantage of 

Ecopath’s loop of parameterisation algorithms which estimate ‘missing’ parameters. To 

estimate functional group biomass, a value must be estimated for 𝐸𝐸, whereas to estimate 

either 𝑃/𝐵 or 𝑄/𝐵, a value must be estimated for 𝑃/𝑄. A step-by-step run through of the 

changes made to balance the initial Irish Sea Ecopath model are included in the technical 

report (Bentley et al., 2018). A summary of the final parameter set for the Irish Sea Ecopath 

model is presented in the results section of this chapter, whereas the fully described 

parameter set, with references and notes for each input parameter, can be found in Appendix 

A.  
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2.2.5 Pedigree 

To keep track of data origin, quality, and uncertainty, balanced Ecopath input data (biomass, 

𝑃/𝐵, 𝑄/𝐵, diet, catch) were placed into data pedigree categories using Ecopath’s pedigree 

routine (Villy Christensen and Walters, 2004). This routine serves a dual purpose by 

describing the data origin and assigning confidence intervals (probability distributions) to 

parameters for Monte Carlo uncertainty analyses (Funtowicz and Ravetz, 1990; Kennedy 

and O’Hagan, 2001). This process describes the probability distribution for input parameters 

and increases the transparency of the model construction process.  

2.2.6 Ecopath quality assurance through peer review 

The Irish Sea model was also assessed through multiple rounds of peer-review to check the 

models parameterisation. The model was firstly peer-reviewed by the PhD supervisory team 

prior to publication as a technical report (Bentley et al., 2018). The model was then reviewed 

three times (in 2017, 2018, and 2019) by Irish Sea and modelling experts (researchers and 

stakeholders) during WKIrish workshops (ICES, 2018e, 2018c). Copies of the model and 

model report were sent to reviewers who systematically checked the structure of the model 

and provided in-depth reports (ICES, 2018e). Finally, the model was subject to a week-long 

review by ICES WGSAM before being endorsed with ‘key run’ status. Obtaining a key run 

is the final quality assurance criteria described by Heymans et al. (2016), and is deemed 

critical for the integration and acceptance of EwE outputs into management advice. 

2.2.7 Ecosystem structure 

Ecopath has a variety of plugins which produce indicators of system function and structure 

(Christensen, 1995; Coll and Steenbeek, 2017; Heymans and Baird, 2000). These indicators 

have been explored as having the potential for use under the Marine Strategy Framework 

Directive (MSFD; EC, 2005) to quantify the health and status of marine ecosystems and 

advise targets for marine management (Piroddi et al., 2015; Safi et al., 2019). Food web 

indicators were developed and revisited throughout this thesis to understand the structure of 

the Irish Sea food web. The exploration of ecosystem indicators begins in this chapter with 

the quantification of energy transfer efficiencies and functional group importance.  

Energy transfer efficiencies between discrete trophic levels (I, II, III, VI, and V) were 

summarised using a Lindeman spine to assess the biomasses of aggregated trophic levels 

and the main flows of energy within the Irish Sea system in 1973 (Lindeman, 1942). The 

transfer efficiencies between discrete trophic levels were calculated as the ratio of the flow 
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that is transferred from one aggregated trophic level to the next (Christensen and Pauly, 

1993).  

Functional groups were ranked according to their overall trophic importance within the 

system using indicators of Relative Trophic Impact (RTI) and keystoneness (Libralato et al., 

2006). Keystone species strongly influence the biomass of other functional groups within 

the ecosystem, even though their own biomass may be relatively small (Piraino et al., 2002). 

It is therefore important to identify keystone species for their role in the maintenance of 

ecosystem integrity and biodiversity conservation under ecosystem-based management 

(Cagua et al., 2019). RTI is a component of the calculation for keystoneness and estimates 

the total impact of one functional group on the ecosystem through the summation of Mixed 

Trophic Impacts (MTI) (Ulanowicz and Puccia, 1990). MTI quantifies the net impact (𝑚𝑖𝑗) 

of a functional group on another as the difference between the positive impact the prey has 

on the predator (𝑔𝑖𝑗) minus the negative impact the predator has on its prey (ℎ𝑗𝑖):  

Estimates of 𝑚𝑖𝑗 can be either positive or negative, therefore RTI (or 𝜀𝑖), a measure of the 

overall effect of each group on the ecosystem (Libralato et al., 2006), is calculated for group 

𝑖 using the squared estimates of pairwise 𝑚𝑖𝑗: 

Using RTI, the keystoneness of each functional group was ranked as a function of their 

biomass proportion and overall trophic impact: 

where 𝐾𝑆𝑖 is the keystoneness of group 𝑖 and 𝑝𝑖 is the contribution of group 𝑖 to the total 

biomass of the food web (Libralato et al., 2006; Power et al., 1996). This index takes into 

consideration the overall effect and biomass of functional groups, with the property of 

attributing high values of keystoneness to functional groups with low biomass and a high 

overall effect. Keystoneness is not necessarily predictable and does not correlate with 

increasing trophic level (Piraino et al., 2002). For example, in shallow coastal ecosystems, 

phytoplankton and zooplankton often have high keystoneness (Libralato et al., 2006).  

 𝑚𝑖𝑗 ≡ 𝑔𝑖𝑗 − ℎ𝑗𝑖 Equation 2.11 

 𝜀𝑖 = √∑ 𝑚𝑖𝑗
2

𝑛

𝑗≠𝑖

 Equation 2.12 

 𝐾𝑆𝑖 = log [𝜀𝑖(1 − 𝑝𝑖)] Equation 2.13 
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2.3 Results 

2.3.1 Irish Sea Ecopath snapshot 

The Irish Sea Ecopath model includes 41 functional groups composed of 107 species (listed 

in Appendix A: Table A.1) and covers five trophic levels (TL), from detritus and primary 

producers (TL = 1) to toothed whales (TL = 4.9) (Table 2.2). The model includes three 

marine mammal functional groups composed of the five species which regularly occur in the 

Irish Sea: (1) ‘toothed whales’, bottlenose dolphin (Tursiops truncatus) and harbour porpoise 

(Phocoena phocoena), (2) minke whales (Balaenoptera acutorostrata), and (3) seals, 

common seal (Phoca vitulina) and grey seal (Halichoerus grypus). Seabirds were separated 

into two functional groups based on information about their consumption of fisheries 

discards in anticipation of investigations into the potential impacts of the landings obligation 

on seabird populations (Bicknell et al., 2013). If discards constituted more than 10% of a 

species diet, they were placed in a ‘high-discard diet’ seabird group. Seabirds with less than 

10% discards in their diet were placed in a ‘low-discard diet’ group (Table A.1). Finfish 

were spread across 22 functional groups, with 13 single-species groups (including four 

multi-stanzas) and nine multi-species functional groups (Table 2.2). Monkfish (Lophius 

piscatorius) and European hake (Merluccius merluccius) were initially included in the ‘other 

demersal fish’ functional group, but were subsequently separated into independent 

functional groups due to fishers interest in their roles as predators (ICES, 2018c).  

The model contains ten invertebrate groups: lobsters and large crabs, Nephrops, shrimp, 

cephalopods, scallops, epifauna, infauna, gelatinous zooplankton, large zooplankton and 

small zooplankton (Table A.1). Where available, biomass estimates for invertebrates were 

calculated using survey data corrected for poor catchability using beam trawl catchability 

estimates from Kaiser et al. (1994). Invertebrate 𝑄 𝐵⁄  parameters were estimated by Ecopaths 

loop of parameterisation algorithms to estimate ‘missing’ parameters. 𝑃 𝑄⁄    estimates were 

taken from literature (see Table A.2) to enable the estimation of 𝑄 𝐵⁄  parameters. Large (> 2 

mm) and small (< 2 mm) zooplankton groups for the Irish Sea were defined using 

Continuous Plankton Recorder (CPR) data provided by the Sir Alister Hardy Foundation for 

Ocean Science (SAHFOS; Richardson et al., 2004). The model includes two primary 

producer groups: phytoplankton and macroalgae. Phytoplankton biomass and production for 

the Irish Sea were estimated using estimates from Gowen et al. (2000). Macroalgae biomass 

for the Irish Sea was estimated using a UK wide model of kelp distribution (Burrows et al., 

2018). Finally, the model includes two non-living food groups, detritus (energy flow from 

natural mortality and unassimilated consumption) and fisheries discards.  
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Based on the input data (Table 2.2), the biomass of living organisms in the Irish Sea in 1973 

totalled 136 t.km-2 with 3616 t.km-2 year-1 of production. Irish Sea catches totalled 2.12   

t.km-2 of which 78% were finfish and 22% were invertebrates, with an average TL of 3.48. 

Of the 117 basic input parameters needed (biomass, 𝑃/𝐵, 𝑄/𝐵), 33 were unknown and 

therefore estimated by Ecopath based on 𝐸𝐸 or 𝑃/𝑄. Unknown parameters were more 

prevalent among invertebrate functional groups and multi-species groups (i.e. ‘other pelagic 

fish’) due to limited data availability or incompatibilities between production and mortality 

rates. The pedigree of input parameters for function groups are shown in Table 2.3. 
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Table 2.2. Irish Sea functional group information. Trophic level (TL), biomass t.km-2 (B), 

production/biomass year-1 (P/B), consumption/biomass year-1 (Q/B), production /consumption 

(P/Q), ecotrophic efficiency (EE), landings t.km-2.yr-1 (L), discards t.km-2.yr-1 (D). Parameters 

estimated by the model are placed in brackets. 

  Functional group TL B P/B Q/B P/Q EE L D 

 1 Toothed whales 4.85 0.005 0.02 15.52 (0.001) (0.64) 0.00 0.00007 

 2 Minke whales 4.45 0.07 0.02 6.58 (0.003) (0.14) 0.00 0.0002 

 3 Seals 4.75 0.002 0.06 14.43 (0.004) (0.12) 0.00 0.00002 

 4 Seabirds (high discard diet) 3.87 0.002 0.40 66.02 (0.006) (0.00) 0.00 0.00 

 5 Seabirds (low discard diet) 4.25 0.002 0.40 69.21 (0.006) (0.00) 0.00 0.00 

 6 Sharks 4.31 0.29 0.40 4.01 (0.10) (0.34) 0.01 0.02 

 7 Rays 3.60 (0.25) 0.85 3.28 (0.26) 0.50 0.05 0.02 

 8 Atlantic cod 2+ 4.53 0.34 0.82 3.12 (0.26) (0.92) 0.19 0.02 

 9 Atlantic cod 0-1 4.13 (0.07) 1.01 (7.64) (0.13) (0.94) 0.02 0.001 

 10 Whiting 2+ 4.37 0.56 0.76 5.39 (0.14) (0.97) 0.24 0.06 

 11 Whiting 0-1 4.12 (0.24) 1.52 (11.88) (0.13) (0.99) 0.03 0.02 

 12 Haddock 2+ 3.70 0.09 0.89 4.42 (0.20) (0.99) 0.03 0.007 

 13 Haddock 0-1 3.46 (0.05) 1.78 (10.28) (0.17) (0.99) 0.0001 0.003 

 14 European plaice 2+ 3.03 0.16 0.79 3.75 (0.21) (0.99) 0.07 0.02 

 15 European plaice 0-1 3.31 (0.03) 1.38 (10.30) (0.13) (0.90) 0.00004 0.0007 

 16 Common sole 3.12 0.11 0.81 5.61 (0.14) (0.96) 0.03 0.0004 

 17 Flatfish 3.72 0.47 (1.52) 6.07 0.25 (0.96) 0.01 0.002 

 18 Monkfish 4.71 0.03 0.49 2.75 (0.18) (0.69) 0.01 0.002 

 19 European hake 4.28 (0.09) (0.98) 3.92 0.25 0.95 0.02 0.003 

 20 Sandeels 3.29 (0.35) (2.05) 8.21 0.25 0.95 0.00002 0.00 

 21 Gurnards 3.76 0.34 (1.40) 5.61 0.25 (0.99) 0.001 0.001 

 22 Other demersal fish 4.42 (0.36) 0.96 4.32 (0.22) 0.95 0.05 0.004 

 23 Other benthopelagic fish 3.22 (1.57) (1.85) 7.38 0.25 0.95 0.002 0.0005 

 24 Atlantic herring 3.35 0.72 1.35 6.59 (0.21) (0.95) 0.40 0.00004 

 25 European sprat 3.21 (2.30) (2.43) 9.70 0.25 0.95 0.27 
0.00000

1 

 26 Other pelagic fish 3.73 (4.18) (1.28) 5.11 0.25 0.95 0.02 0.0009 

 27 Anadromous fish 4.22 0.03 0.64 3.17 (0.20) (0.34) 0.002 0.00 

 28 Lobsters and large crabs 2.71 (0.51) 0.62 (4.13) 0.15 0.95 0.007 0.0003 

 29 Nephrops 2.97 (0.91) 1.27 (8.47) 0.15 0.95 0.12 0.03 

 30 Shrimp 3.14 (2.32) 2.67 (17.80) 0.15 0.95 0.007 0.00 

 31 Cephalopods 3.44 (0.32) 1.98 15.00 (0.13) 0.95 0.002 0.0001 

 32 Scallops 2.00 (1.24) 1.15 (7.64) 0.15 0.95 0.23 0.002 

 33 Epifauna 2.39 (25.45) 1.01 (4.03) 0.25 0.95 0.07 0.00 

 34 Infauna 2.04 (25.76) 1.70 (6.80) 0.25 0.95 0.00001 0.00 

 35 Gelatinous zooplankton 3.07 1.70 (0.56) 1.88 0.30 (0.92) 0.00 0.00 

 36 Large zooplankton 2.38 6.81 10.0 (33.33) 0.30 (0.67) 0.00 0.00 

 37 Small zooplankton 2.03 16.18 18.0 (60.00) 0.30 (0.52) 0.00 0.00 

 38 Seaweed 1.00 29.30 1.00 - - (0.38) 0.00 0.00 

 39 Phytoplankton 1.00 13.83 226 - - (0.33) 0.00 0.00 

 40 Discards 1.00 0.22 - - - (0.54) - - 

 41 Detritus 1.00 100.00 - - - (0.11) - - 
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Table 2.3. Irish Sea Ecopath input data pedigree indicating data origin and confidence 

intervals for biomass (B), production/biomass (P/B), consumption/biomass (Q/B), diet, and 

catch estimates.  

Functional group B P/B Q/B Diet Catch    

1 Toothed whales 0.5 0.5 0.5 0.5 0.5 Confidence interval classifications 

2 Minke whales 0.5 0.5 0.5 0.5 0.5   

3 Seals 0.5 0.5 0.5 0.8 0.5 Biomass (B) 

4 Seabirds (high discard diet) 0.3 0.5 0.5 0.8 - 0.8: Estimated by Ecopath/from  

5 Seabirds (low discard diet) 0.3 0.5 0.5 0.8 - another model/guesstimate 

6 Sharks 0.3 0.5 0.5 0.8 0.3 0.5: Approximate or indirect method 

7 Rays 0.8 0.5 0.5 0.8 0.3 0.3: Sampling locally, low precision 

8 Atlantic cod 2+ 0.1 0.5 0.5 0.1 0.3 
0.1: Sampling locally, high 

precision 

9 Atlantic cod 0-1 0.8 0.7 0.8 0.1 0.3   

10 Whiting 2+ 0.3 0.5 0.5 0.8 0.3 Production/biomass (P/B) 

11 Whiting 0-1 0.8 0.7 0.8 0.1 0.3 0.8: Estimated by Ecopath 

12 Haddock 2+ 0.3 0.5 0.5 0.1 0.3 0.7: Guesstimate 

13 Haddock 0-1 0.8 0.7 0.8 0.1 0.3 0.5: Empirical relationship 

14 European plaice 2+ 0.1 0.5 0.5 0.8 0.3   

15 European plaice 0-1 0.8 0.7 0.8 0.8 0.3 Consumption/biomass (Q/B) 

16 Common sole 0.1 0.5 0.5 0.1 0.3 0.8: Estimated by Ecopath 

17 Flatfish 0.3 0.8 0.5 0.1 0.3 0.6: From another model 

18 Monkfish 0.3 0.5 0.5 0.8 0.3 0.5: Empirical relationship 

19 European hake 0.8 0.8 0.5 0.8 0.3   

20 Sandeels 0.8 0.8 0.5 0.1 0.3 Diet 

21 Gurnards 0.3 0.8 0.5 0.1 0.3 0.8: Altered by fishers' knowledge/ 

22 Other demersal fish 0.8 0.5 0.5 0.1 0.3 from another model 

23 Other benthopelagic fish 0.8 0.8 0.5 0.1 0.3 0.5: General species information 

24 Atlantic herring 0.1 0.5 0.5 0.1 0.3 from literature 

25 European sprat 0.8 0.8 0.5 0.1 0.3 0.1: Stomach records (quantitative, 

26 Other pelagic fish 0.8 0.8 0.5 0.1 0.3 
detailed, from Irish Sea, 

DAPSTOM) 

27 Anadromous fish 0.8 0.5 0.5 0.1 0.3   

28 Lobsters and large crabs 0.8 0.5 0.8 0.1 0.3 Catch 

29 Nephrops 0.8 0.5 0.8 0.8 0.3 0.5: National statistics 

30 Shrimp 0.8 0.5 0.8 0.1 0.3 
0.3: Local study/ICES catch 

statistics for VIIa 

31 Cephalopods 0.8 0.5 0.6 0.1 0.3  

32 Scallops 0.8 0.5 0.8 0.8 0.3   

33 Epifauna 0.8 0.5 0.8 0.5 0.3   

34 Infauna 0.8 0.5 0.8 0.5 0.3   

35 Gelatinous zooplankton 0.3 0.8 0.5 0.5 -   

36 Large zooplankton 0.5 0.5 0.8 0.8 -   

37 Small zooplankton 0.5 0.5 0.8 0.8 -   

38 Seaweed 0.3 0.5 - - -   

39 Phytoplankton 0.3 0.5 - - -   

40 Discards 0.5 - - - -   

41 Detritus 0.8 - - - -   
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Through the consolidation of stomach records (DAPSTOM), literature, and fishers’ 

knowledge, 509 predator-prey links were included in the Ecopath model (Figure 2.3; 

numeric proportions provided in Appendix A: Table A.3). The most opportunistic predators, 

with the greatest prey diversity, were sharks, adult cod, monkfish, and rays. Large and small 

zooplankton, epifauna and infauna, and other benthopelagic fish had the most predators 

whilst phytoplankton, large and small zooplankton, shrimp, sprat (Spratus spratus), and 

sandeels experienced the highest predation mortality.  

 
Figure 2.3. Irish Sea food web predator/prey diet matrix. Interactions are shaded in relation 

to the weighted proportion a prey contributes to a predator’s diet. Predators are listed on the 

x-axis and prey on the y-axis.  

 

Total landings and discard estimates for functional groups in 1973, along with fishing fleet 

proportions, are shown in Figure 2.4. Based on 1973 landings data (ICES, 2018d), the most 

landed species were herring (Clupea harengus), sprat, adult whiting, adult cod, scallops, and 

Nephrops. Discard estimates for 1973 were highest for adult whiting, adult cod, sharks, rays 
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and Nephrops. Looking at fleet contributions, pelagic nets, otter trawl, and Nephrops trawl 

had the largest catch in 1973. Landings were dominated by pelagic nets, otter trawl, and 

dredge fleets, whereas Nephrops trawl, otter trawl, and beam trawl were responsible for the 

most discards. Discards from the Nephrops trawl fleet far exceeded those of other fleets.  

 

 

 

Functional groups 
 
1 Toothed whales 

2 Minke whales 

3 Seals 

4 Seabirds (high discard diet) 

5 Seabirds (low discard diet) 

6 Sharks 

7 Rays 

8 Atlantic cod 2+ 

9 Atlantic cod 0-1 

10 Whiting 2+ 

11 Whiting 0-1 

12 Haddock 2+ 

13 Haddock 0-1 

14 European plaice 2+ 

15 European plaice 0-1 

16 Common sole 

17 Flatfish 

18 Monkfish 

19 European hake 

20 Sandeels 

21 Gurnards 

22 Other demersal fish 

23 Other benthopelagic fish 

24 Atlantic herring 

25 European sprat 

26 Other pelagic fish 

27 Anadromous fish 

28 Lobsters and large crabs 

29 Nephrops 

30 Shrimp 

31 Cephalopods 

32 Scallops 

33 Epifauna 

34 Infauna 

 

Figure 2.4. Landings and discards of functional groups in the Irish Sea Ecopath model and 

their distribution amongst fishing fleets.   
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2.3.2 Ecological checks for the balanced model 

PREBAL diagnostics were run pre- and post-model balancing to check whether the model 

followed the rules outlined by Link (2010) for ecological coherence (Figure 2.5). Biomass, 

production, consumption, 𝑃/𝐵, and 𝑄/𝐵 all declined with increasing trophic level as they 

should (Link, 2010). Homeotherms are known to not follow the rules for 𝑃/𝐵 and 𝑄/𝐵 and 

were therefore excluded from the PREBAL plots for these diagnostics. 

 

Pre-balance diagnostics Post-balance diagnostics 
Balanced 

summary 

  

Test 1. 

“Biomass 

should span 5-

7 orders of 

magnitude 

and decline by 

5-10%”. 

Spans 5 

orders of 

magnitude, 

declines by 

8.9%. 

 

  

Test 2. 

“PB should 

decline with 

increasing 

trophic level 

& no PB 

should exceed 

that of 

phytoplankton 

–FG 39”. 

Criteria met 

 

 

 

  

Test 3. 

“QB should 

decline with 

increasing 

trophic level”. 

Criteria met; 

the decline is 

greater when 

excluding 

homeotherms

. 

 

Figure 2.5. Pre- and post-balance diagnostics for the Irish Sea Ecopath 

model following the ecological rules of thumb outlined by Link (2010). 

The number in each point refers to the represented functional group as 

ordered within the Ecopath model (see Table 2.2). 

 

Homeotherm

Finfish

Invertebrate

Primary producer

Detritus
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Pre-balance diagnostics Post-balance diagnostics 
Balanced 

summary 

  

Test 4. 

“PQ should 

fall below 1 

for all 

functional 

groups and 

between 0.1 

and 0.3 for 

finfish”. 

Criteria 

met 

  

Test 6. 

“Total 

consumption 

should 

decline with 

increasing 

trophic 

level”. 

Criteria 

met 

  

Test 5. 

“Total 

production 

should 

decline with 

increasing 

trophic 

level”. 

Criteria 

met 

Figure 2.5. continued. Pre- and post-balance diagnostics for the Irish 

Sea Ecopath model following the ecological rules of thumb outlined by 

Link (2010). The number in each point refers to the represented 

functional group as ordered within the Ecopath model (see Table 2.2).  

 

2.3.3 Stock recruitment relationships 

 

The emergent Stock Recruitment (SR) trends were dependent upon the effects of the fishing 

pattern and the resulting multi-species interactions, providing an indication of how 

recruitment changes as adult biomass changes in the model. Even though this test has been 

applied for other models, it should be noted that it is not entirely robust as the emergent SR 

patterns are sensitive to how fishing mortality is applied. However, this check did help to 

reaffirm that the parameterisation of multi-stanza groups was sensible as SR patterns were 

not unrealistically erratic. The parameterisation of multi-stanza (under a ‘V’-shaped fishing 

Homeotherm

Finfish

Invertebrate

Primary producer

Detritus
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pattern) led to stock trajectories for cod and plaice which were relatively flat over a large 

range of biomass, with steep recruitment declines below a low biomass threshold (Figure 

2.6). Whiting and haddock SR trends were more dome-shaped. Ecopath SR trends were 

compared to Ricker (1954) SR trends using spawning stock biomass and recruitment data 

from ICES stock assessments (ICES, 2018b). There is a general agreement between Ecopath 

and ICES SR curves with the exception of cod (see inserted figures in Figure 2.6). 

 
Figure 2.6. Stock-recruitment (SR) relationships for multi-stanza functional groups in 

the Irish Sea Ecopath model with insets of the SR relationships (Ricker model; Ricker, 

1954) from ICES single-stock assessment models (2018) for curve comparison. 

 

2.3.4 Energy flows and keystoneness 

The energy flows between functional groups and fishing fleets are visualised in Figure 2.7. 

The Lindeman spine shows the consumption, predation, respiration, exports (catches), and 

flows to detritus through the five Irish Sea trophic levels (Figure 2.8). The dominant energy 

flows were between trophic levels I and II (1,030 t.km-2) and detritus and trophic level II 

(304 t.km-2). The transfer efficiency for the movement of energy from primary producers to 

higher trophic levels and detritus to higher trophic levels (calculated as geometric means for 

trophic levels II – IV) were 16.8 % and 17.0 % respectively. Exports, dominated by catches, 

were highest for trophic levels III (0.83 t.km-2) and IV (0.65 t.km-2). 
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Figure 2.7. Energy flow and biomass diagram for the Irish Sea Ecopath food web model. 

Functional groups and fleets are represented by nodes. The relative size of functional group 

nodes denote their biomass whilst the size of fleet nodes denote the size of their catch. Lines 

represent the flow of energy and are scaled to reflect the relative energy flow. The y-axis denotes 

group trophic level. 

Marine mammals often rank high in the keystone index due to having an impact which is 

disproportionate to their small population biomass, however keystoneness results for the Irish 

Sea suggested that plankton and benthos are more keystone to the systems function, as has been 

found in other shallow, coastal ecosystems (Libralato et al., 2006). Large zooplankton (-0.07), 

epifauna (-0.10), and other pelagic fish (-0.10) were identified as keystone species of the Irish 

Sea food web in 1973 (Figure 2.9). Adult cod (-0.22) and adult whiting (-0.16) also had relatively 

high keystoneness. Of the marine mammals, seals had the highest keystoneness (-0.40) yet 

ranked 17th by keystoneness out of the 39 living functional groups. Seabirds with high discard 

diets had the lowest keystoneness within the system (-1.43) whereas seabirds with low discard 

diets ranked much higher (-0.57).  
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Figure 2.8. Lindeman spine depicting 

the flow of energy (t.km-2 yr-1) within the 

Irish Sea food web. Trophic level I is 

split into primary producers and 

detritus.  

 

 

2.4 Discussion 

The model parameterisation described in this chapter, and published in a two-part technical 

report series (Bentley et al., 2018, 2019d), summarises the Ecopath component of the Irish 

Sea EwE model (1973-2016) and ICES key run (ICES, 2019a). This Ecopath snapshot 

provided a means to quantify the relative importance of the different functional groups and 

acted as a base for further model development. The model was designed with a focus on the 

commercial fisheries and overexploited species, and thus has greater resolution surrounding 

these ecosystem components. To constrain the total number of functional groups, many 

species were combined into multi-species functional groups. Future work which may want 

to explore these components (i.e. jellyfish or benthos ecology) would likely benefit from 

expanding these functional groups into a more detailed species resolution (Lamb et al., 

2019). It is therefore the hope that the transparency achieved through peer-review and the 

publication of technical reports will allow the research community to build on the work 

described in this thesis and augment the model for a variety of academic and advisory 

purposes.  
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Figure 2.9. Functional groups ranked according to their keystoneness and relative trophic 

importance. 

2.4.1 Irish Sea ecosystem structure 

Large zooplankton and benthic epifauna were identified as keystone species in the Irish Sea 

food web, as they were in ecosystem models of the North Sea (Mackinson, 2001), the Eastern 

Bering Sea (Trites et al., 1999) and Chesapeake Bay (Baird and Ulanowicz, 1989) among 

others (Libralato et al., 2006). Any shifts in their biomass might be expected to have major 

implications for the structure of the food web (Valls et al., 2015) suggesting that the 

ecosystem is susceptible to bottom-up regulation and may be vulnerable to the impacts of 

climate-driven changes in plankton communities (Frederiksen et al., 2006; Ware and 

Thomson, 2005). Cod and whiting were also characterised with relatively high keystoneness. 

Lynam et al. (2011) and the ICES Working Group on Ecosystem Assessment of Western 

European Shelf Seas (WGEAWESS; ICES, 2016a) suggest that the Irish Sea entered a new 

dynamic regime around the late 1980’s/early 1990’s, which was concurrent with the 

reduction of key zooplankton species such as Calanus finmarchicus and Para-

Pseudocalanus spp., and higher cod mortality. Increases in sea surface temperature (SST) 

also occurred at that time suggesting possible environmental influences on these ecosystem 

changes. Since this shift, the biomasses of other species, such as sprat and haddock, have 

also increased (ICES, 2018f, 2018b). This supports the argument that zooplankton and cod 

may be keystone components of the Irish Sea food web and brings into question whether the 
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ecosystem would be capable of sustaining high biomasses of species such as sprat and 

haddock if the biomass of cod and others (i.e. sole, whiting, herring) were to increase. A 

similar alteration between high cod and high pelagic biomasses has been suggested for the 

North Sea (Fauchald, 2010). These alternate states are hypothesised to arise from predation 

pressure by the pelagic species on the early life stages of cod. Fishery driven reductions in 

herring biomass were hypothesised to have released cod from this predation pressure.  

2.4.2 Novel methods for diet development 

The model was parameterised using novel methods for diet allocation (Bentley et al., 2019a) 

which helped to streamline model balancing and reduce the ad hoc nature of diet 

manipulation. This new approach facilitated the development of the data-based diet 

uncertainty analyses included in Chapters 3 and 4. At the first meeting of WKIrish (ICES, 

2015a) fishers were shown a diet matrix for the Irish Sea. After having doubts over some of 

the predator-prey links (present or absent), fishers voiced that they would like to share their 

experiential knowledge to help bolster the scientific diet records and fill gaps where 

appropriate. The resulting co-created diet matrix drives trophic interactions in the Irish Sea 

EwE key run. Although fishers’ knowledge has been recognized as a valuable source of 

information to support research and inform real world decisions (Stephenson et al., 2016a), 

there are relatively few examples where it has been formally incorporated into management 

models. This model and research has many of the attributes associated with the concept of 

‘post-normal’ science: (1) model development was linked to an impending decision (the first 

ICES integrated benchmark; ICES, 2015a), (2) the research was undertaken by the extended 

peer-community, and (3) multiple different knowledge types (scientific and fishers) were 

brought together (Funtowicz and Ravetz, 2003). Knowledge co-production may not always 

be harmonious, particularly if participators have competitive interests (Botha et al., 2014) 

and different desired outputs (Boon et al., 2014). Working in collaboration with social 

scientists can help to avoid the pitfalls of knowledge co-production as they have the training, 

experience, and skills necessary to conduct robust social research (Moon et al., 2019). Social 

scientists were consulted during the WKIrish process however workshops were primarily 

led by natural scientists with pre-existing relationships with the fishing industry. Using pre-

existing relationships allowed WKIrish to start with established trust between participants, 

negating the issue of mis-trust which can hinder transdisciplinary research (Trimble and 

Plummer, 2019). It is questionable whether the Irish Sea model would have had the forward 

momentum it has achieved over the past few years were it not for the participation of fishers 

with direct experience of working in the Irish Sea.  
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2.4.3 Knowledge gaps and data limitations 

One of the often-overlooked consequences of building complex ecosystem models is the 

identification of gaps in the scientific knowledge base (Fulton et al., 2019). The Irish Sea 

model benefitted from the availability of long-term stomach records, ICES reports for 

assessed species, and scientific survey data. However, as the model is based in 1973, a lot 

of the data, particularly from surveys which are from 1993 onward, do not necessarily 

represent the correct timeframe. Biomass estimates were used from as early as possible but 

where insufficient had to be estimated by the model. This issue was most pervasive amongst 

invertebrate groups for which (1) data were unavailable for 1973 and (2) the survey methods 

likely suffer from low catchability. The model would likely benefit from additional 

knowledge/data from Irish Sea invertebrate experts although the lack of benthic survey data 

covering the whole Irish Sea is difficult to address retrospectively. Another potential issue 

with the model is the distribution of landings and discards amongst fishing fleets. Catch-by-

fleet information was not available for most functional groups prior to 2003, therefore ICES 

catches from 1973 were distributed between fleets based on proportions from 2003. The 

assumption that species-fleet landings and discards proportions in 1973 were similar to those 

in 2003 is unlikely. During WKIrish 5 (ICES, 2018e) we discussed the possibility of 

hindcasting fleet catch composition using an “Fcube” (Fleet and Fisheries Forecasts) model 

(Ulrich et al., 2011). It was also suggested during WKIrish 5 that a second Irish Sea Ecopath 

model could be built for a more recent year to see whether, when projecting the 1973 model 

through time, biomass, catch, and diet projections mapped onto more recent data. Both the 

Fcube hindcast and second Ecopath model could be used to strengthen the 1973 model. 

Future development of the Irish Sea model may wish to start with these tasks. 

2.4.4 Ecopath peer-review 

The Irish Sea Ecopath model has been through multiple rounds of peer-review by Irish Sea 

experts, EwE experts, journal reviewers, multi-species modelling experts, and stakeholders. 

Exposing the model to regular scrutiny has helped it reach a level of quality acceptable for 

use in providing management advice. Peer-review from fishers led to structural alterations 

in the model functional group designs (monkfish and hake given their own groups), 

modelling experts picked up on overly high vital rate ratios for epifauna and infauna (ICES, 

2018e), and Irish Sea experts provided alternative parameters for groups including toothed 

whales (Hernandez-Milian et al., 2015) and gelatinous zooplankton (Bastian et al., 2014). 

Building an Ecopath model from scratch is a substantial and data intensive undertaking but 

the benefits from collaboration and utilising the knowledge of multiple experts are clear. The 
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Irish Sea Ecopath model also benefited greatly from the framework established by WKIrish. 

Such ICES benchmark structures may serve as ideal environments for the future 

development of other EwE models for use in providing management advice. 

2.5 Conclusion 

This chapter summarises the process undertaken to build the new Ecopath model for the Irish 

Sea. Initial analysis of species hierarchy suggested zooplankton to be a keystone component 

of the food web, with cod and whiting also showing high keystoneness. Cod and whiting 

have been historically overexploited in the Irish Sea and have shown slow recovery 

responses to management plans. As keystone species, the declines in cod, whiting, and key 

zooplankton, along with changes in climate which are further explored in Chapters 5, 6, and 

7, may be responsible for the regime shift described by Lynam et al. (2011) and ICES 

(2016b). 

The Irish Sea Ecopath model has been designed, parameterised, and reviewed by the 

extended peer-community, including experts from a range of disciplines as well as 

stakeholders and decision makers. The Ecopath model has been approved by WGSAM as a 

key run, with recommendations that that it be made publicly available through ICES and 

used to support an ecosystem approach to fisheries management in the Irish Sea. There are 

still limitations and uncertainties associated with many of the model parameters, hence the 

model would benefit from regular updates and continued engagement with researchers to 

enhance areas of the model which are weaker than others (e.g. lower trophic components). 

Working alongside stakeholders and decision makers has played a large role in the model’s 

development and acceptance by ICES, exemplifying how a post-normal/co-production 

research approach may be more beneficial when trying to inform real-world decisions. 
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3 Using diet uncertainty analysis to strengthen model-derived indicators 

of food web structure and function 

This chapter is published as: Bentley, J.W., Hines, D., Borrett, S., Serpetti, N., Fox, C., 

Reid, D.G. and Heymans, J.J., 2019. Diet uncertainty analysis strengthens model-

derived indicators of food web structure and function. Ecological indicators, 98, 

pp.239-250, https://doi.org/10.1016/j.ecolind.2018.11.008. I was the lead author of the 

paper and conducted the data collection, initial model construction, and analysis. DH and 

SB provided expert knowledge and guidance regarding ecological network analysis and 

the use of enaR (R package). DH generated the model permutations using hardware at the 

University of North Carolina Wilmington, USA. All co-authors provided inputs and 

comments to shape the final manuscript. 

 

3.1 Introduction 

This chapter builds on the work described in Chapter 2 by incorporating uncertainty into the 

diet matrix and examining the impacts of this uncertainty on a range of model state-

indicators. The production and monitoring of state-indicators that describe the structure and 

function of ecosystems has emerged as a key element for operationalising Ecosystem-based 

Management (EBM) (Link and Browman, 2017). Such indicators may be assessed 

temporally within systems but may also be compared across-systems although differences 

in model typology can render such inter-model comparisons inappropriate for certain 

indicators (Coll et al., 2016; Uusitalo et al., 2016). Within the European Union (EU), EBM 

is being enacted through the Marine Strategy framework directive whose aim is for Member 

States to achieve Good Environmental Status in Europe’s seas (EC, 2008a). The Directive 

is framed around 11 descriptors including food web structure and functioning (Descriptor 

4). Agreeing on suitable approaches for this descriptor is challenging for the management 

community, but trophic models that characterise the energy flows within marine food webs, 

are likely to be a useful approach, especially for Descriptor 4 (Niquil et al., 2014; Piroddi et 

al., 2015). The Ecopath with Ecosim (EwE) modelling approach (Christensen et al., 2008) 

is based on modelling energy flow from which a number of indicators can be derived (Dame 

and Christian, 2006; Heymans and Tomczak, 2016; Longo et al., 2015).  

For ecosystem models to be used as a basis for providing informative and robust advice to 

managers, it is important that the uncertainty in model predictions is acknowledged (Crosetto 

et al., 2000; Gal et al., 2014; Heymans et al., 2018). A widely used approach is to conduct 

https://doi.org/10.1016/j.ecolind.2018.11.008
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uncertainty analyses to investigate how model outputs vary when input parameters are 

changed (Gardner et al., 1981; Hill et al., 2007; Soldaat et al., 2017; Uusitalo et al., 2015). 

For example, Monte Carlo (MC) methods draw input parameters from assigned distributions 

to generate a distribution of plausible outcomes (Kennedy and O’Hagan, 2001). Within EwE, 

the MC routine allows users to search for Ecopath input variable combinations to test model 

sensitivity and improve the fit of model predictions to time series data (Villy Christensen 

and Walters, 2004; Heymans et al., 2016). The recent development of ECOIND (Coll and 

Steenbeek, 2017) and EcoSampler (Steenbeek et al., 2018) provides users with an even more 

sophisticated framework to assess the impact of input parameter uncertainty on a range of 

ecological indicators. ECOIND enables the standardised calculation of ecological indicators 

to further EwE’s capacity to contribute towards integrated ecosystems analysis whilst 

EcoSampler records samples from the EwE MC routine and runs them through loaded 

plugins to efficiently capture output variation. MC analysis in EwE can be used to assess the 

impact of input uncertainty on outputs such as biomass predictions, catch predictions, and 

indicators of system health and functioning (Bentley et al., 2017; Corrales et al., 2018; 

Serpetti et al., 2017; Steenbeek et al., 2018). 

Ecological Network Analysis (ENA) is used to analyse and quantify environmental 

interactions and the structure of ecological networks (Borrett et al., 2018; Patten et al., 1976; 

Ulanowicz, 1980, 1986). ENA products have been proposed as indicators that can quantify 

the health, resilience, maturity, and flow dynamics of marine systems (de Jonge et al., 2012; 

Longo et al., 2015). More specifically, OSPAR’s Intersessional Correspondence Group for 

Coordination of Biodiversity Assessment and Monitoring (ICG-COBAM) proposed a list of 

nine indicators, including those based on ENA, for capturing marine food web characteristics 

(Niquil et al., 2014). Furthermore, ENA can also be used to define and identify the roles of 

components within networks (Borrett, 2013; Estrada, 2007; Jordán et al., 2007; Patten and 

Auble, 1981), for example control analysis identifies the dependencies of components on 

one another by assessing the magnitude and transition of energy between donors and 

recipients (Fath and Patten, 1999; Patten, 1978; Schramski et al., 2006, 2007). Such 

indicators may be useful for management advice as they identify the components which 

regulate the flow of energy through an ecosystem network (Hines et al., 2016). 

Single estimates for ENA metrics are commonly taken from deterministic models, such as 

Ecopath, without exploring their uncertainty (Uusitalo et al., 2015) but quantifying the 

impacts of parameter uncertainty is important to allow judgements to be made of how much 

confidence one should place in specific indicators (Burgass et al., 2017).  
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ENAtool, an EwE routine developed by Guesnet et al., (2015), uses a MC approach to 

provide users with the means to incorporate input parameter uncertainty into the calculation 

of ENA indicators to generate ranges of plausible values. Uncertainty in this instance is 

derived from assigned data pedigree confidence intervals, and whilst increasing the 

statistical inference gained from ENA results, this approach, along with the recently added 

Dirichlet method to address diet uncertainty in EwE (Steenbeek et al., 2018), is unable to 

address the unique uncertainty ranges of individual predator-prey flows, which vary 

asymmetrically around the mean. Recent Advances in uncertainty analyses for ENA (Hines 

et al., 2018) adapt Linear Inverse Modelling (LIM) techniques (Kones et al., 2009; Vézina 

and Platt, 1988) to investigate how unique and asymmetric flow uncertainty affects model 

outcomes. This approach, adapted for EwE output, is used in this chapter to explore 

uncertainty at a higher flow resolution and estimate additional indicators, such as control, 

which are not directly calculated by EwE.  

3.1.1 Study aims 

Traditionally, Ecopath diet matrices are altered ad hoc during model-balancing (Morissette, 

2005). In this chapter, stomach records were used to establish a data-based parameter field 

to move within when balancing the model (Bentley et al., 2018). Using recent advances in 

network ecology (Hines et al., 2018), this chapter addressed the impact of heterogeneous 

flow uncertainty on ENA indicators and control measures. Such heterogenous uncertainty in 

Ecopath models arises from varying quantities and distributions of diet information for each 

predator-prey interaction. This chapter therefore demonstrated the application of these new 

network ecology methods using the Ecopath model of the Irish Sea described in Chapter 2 

(Bentley et al., 2018) with diet ranges derived from long-term stomach records (Pinnegar, 

2014). 

3.2 Methods 

3.2.1 Ecopath model 

The research in this chapter was based on the Ecopath mass-balanced snapshot of the Irish 

Sea ecosystem in 1973 described in Chapter 2 and Bentley et al., 2018. 

3.2.2 Diet composition 

Diet data for fish functional groups were obtained from the Cefas DAPSTOM database 

(integrated DAtabase and Portal for fish STOMach records) (Pinnegar, 2014). DAPSTOM 

is a compilation of fish stomach sample data from 1837 to 2012. The database presently 

holds 226,407 records from 254,202 stomachs for sea areas around the UK including the 
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Irish Sea. A subset of records for ICES Division VIIa were selected from 1960 to 2012 

comprising 23,331 records. Prey items were then combined to reflect the functional group 

structure in the Ecopath model. The default data format in DAPSTOM is counts of prey per 

predator, which were converted into weight (kg) using average estimates for each prey 

species. Average diets, along with plausible ranges were then generated for each fish 

functional group based on annual data (1960 - 2017). Where predator functional groups 

included multiple species (e.g. the ‘other demersal fish’ functional group), the contribution 

of prey to the overall group diet was prorated by predator biomass. Diets for marine 

mammals, seabirds and invertebrates were taken from literature (Bentley et al., 2018). The 

research in this chapter was conducted prior to the integration of fishers’ knowledge into the 

model’s diet matrix. The addition of fishers’ knowledge, and its impact on the results of this 

chapter, are described in Chapter 4 of this thesis. 

3.2.3 Conversion of Ecopath model into a network object using enaR 

Ecosystem flow networks (such as those described by Ecopath consumption matrices) are 

composed of nodes and edges and can be used to derive ENA indicators and measures of 

control (Fath et al., 2007; Heymans and Baird, 2000; Kay et al., 1989). Nodes represent 

living or non-living resource pools and edges connect nodes through material or energy 

transfer. Although selected ENA indicators and analyses can be calculated within Ecopath, 

the uncertainty approach and control analysis used in this chapter cannot currently be 

produced by the EwE software. The following were therefore extracted from the Irish Sea 

Ecopath model and reformatted for analysis with the enaR package (version 3.0.0) which 

runs in the R statistical software (Borrett and Lau, 2014; RStudioTeam, 2015): (1) a flow 

matrix (Ecopath consumption matrix), (2) network inputs (gross primary production in the 

Irish Sea), (3) network exports (detritus and fisheries exports), (4) respiration (calculated in 

EwE outputs) and (5) node storage (Ecopath biomass). Data was input as t.km-2 from the 

1973 Ecopath snapshot. As Ecopath does not provide estimates of gross primary productivity 

or respiration for primary producers (Heymans and Baird, 2000), methods for calculating 

respiration and gross production for aquatic plants were taken from Aoki (2006) where:  

Gross production (𝑎) is consumed by respiration (𝑟), production (𝑝), and flow to detritus 

(𝑑): 

In accordance with Aoki (2006), it is assumed that: 

 𝑎 = 𝑟 + 𝑝 + 𝑑 Equation 3.1 
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where 𝜎 is the annual respiration-gross production ratio. According to Equation 3.1 and 

Equation 3.2: 

𝑟 can therefore be estimated from values of 𝑝, 𝑑 and 𝜎, where primary production (𝑝) and 

flow to detritus (𝑑) are available from Ecopath. Values of 𝜎 for phytoplankton have been 

estimated to be 0.42 year-1 for Georges Bank (Riley, 1946), Narragansett Bay, Delaware Bay 

and Chesapeake Bay (Monaco and Ulanowicz, 1997) and 0.44 year-1 for Lake Biwa, Lake 

Yunoko, Lake Suwa and Lake Kojima (Mori and Yamamoto, 1975). For the purpose of this 

model, as previously adopted by Aoki (2006), the average value of 0.4 was used for 

phytoplankton and 0.65 was adopted for seaweed.  

Upper and lower limits for each network edge (flows, inputs, exports and respirations) were 

calculated using the 95% confidence intervals for prey contribution to predator diet from the 

DAPSTOM records. For groups other than fish, where no dietary uncertainty data were 

available, symmetric upper and lower network parameter limits were set at ± 25% of the 

balanced models estimates as, after testing limits from ± 0% to ± 100% uncertainty, this was 

the point at which the effect of uncertainty in these edges was maximised (i.e. further 

increases in uncertainty generated a predictable widening of indicator distributions). 

3.2.4 Generating Plausible Network Parameterisations 

The upper and lower constraints were applied for each network edge using the 

enaUncertainty function for the enaR package in R (Hines et al., 2018; Lau et al., 2017). 

This function uses a LIM algorithm (Soetaert et al., 2009; van den Meersche et al., 2009) in 

combination with Monte Carlo sampling to generate ten thousand balanced network 

permutations of the Irish Sea network, each of which had edge values that fell within the 

specified plausible upper and lower flow limits. Each network parameterisation in the 

resulting set of networks was considered equally plausible, and analyses were conducted 

across the entire set to evaluate uncertainty in ENA results. 

3.2.5 ENA: flow analysis 

Four commonly used flow-based network statistics were calculated to quantify the 

movement of energy through the network, namely, total system throughput (𝑇𝑆𝑇𝑝), Finn’s 

cycling index (𝐹𝐶𝐼), indirect flow intensity (𝐼𝐹𝐼) and average path length (𝐴𝑃𝐿). 𝑇𝑆𝑇𝑝 is a 

 𝑟 = 𝜎𝑎 Equation 3.2 

 𝑟 = (𝑝 + 𝑑)
𝜎

1 − 𝜎
 Equation 3.3 
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measure of the amount of material moving through a system (Rutledge et al., 1976; 

Ulanowicz, 1980, 1986), calculated as: 

𝑇𝑆𝑇𝑝 is seen as an indicator of the size or activity of the system (Finn, 1976). 𝐹𝐶𝐼 is 

calculated as: 

where cycled flow is defined as material that is recycled (passes through the same node more 

than once) before exiting the network (Finn, 1980, 1976). 𝐹𝐶𝐼 indicates the retention time 

of material within a system (Baird and Ulanowicz, 1993) and can be used to interpret 

ecosystem stability (Vasconcellos et al., 1997) and health (Wulff and Ulanowicz, 1989). 𝐼𝐹𝐼 

is the proportion of 𝑇𝑆𝑇𝑝 derived from indirect pathways (fluxes over two or more edges) 

(Borrett et al., 2006; Higashi and Patten, 1986; Salas and Borrett, 2011). 𝐼𝐹𝐼 is calculated 

as: 

Indirect effects are critical components of complex adaptive systems that can act as a 

stabilising force in the face of external perturbations (Borrett et al., 2006). 𝐴𝑃𝐿 is the average 

number of groups an inflow or outflow passes through (Finn, 1976) and is calculated as: 

𝐴𝑃𝐿 is a measure of the retention time of material within the system and is expected to be 

higher in systems with high degrees of flow diversity and cycling (Christensen, 1995). It 

also characterises the amount of activity that the system organisation can generate for each 

unit of input into the system and is therefore similar to the multiplier effect in economics 

(Samuelson, 1951). 

3.2.6 ENA: control analysis 

Two ecological control metrics, control difference (𝐶𝐷), and system control (𝑠𝑐𝑗), were used 

to quantify the pair-wise and system-wide influence of functional groups (Schramski et al., 

2006, 2007). System control analysis characterises the relative influence of each functional 

group towards the movement of energy through the system and quantifies the role of each 

component. 𝐶𝐷 enables system-based comparisons of fractional transfer (𝑐𝑑𝑖𝑗: e.g. the 

 𝑇𝑆𝑇𝑝 = ∑(𝐼𝑛𝑡𝑒𝑟𝑛𝑎𝑙 𝑓𝑙𝑜𝑤𝑠 + 𝐸𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑓𝑙𝑜𝑤𝑠) Equation 3.4 

 𝐹𝐶𝐼 =
𝐶𝑦𝑐𝑙𝑒𝑑 𝑓𝑙𝑜𝑤

𝑇𝑆𝑇𝑝
 Equation 3.5 

 
𝐼𝐹𝐼 =

𝐼𝑛𝑑𝑖𝑟𝑒𝑐𝑡 𝑓𝑙𝑜𝑤

𝑇𝑆𝑇𝑝
 

Equation 3.6 

 𝐴𝑃𝐿 =
𝑇𝑆𝑇𝑝

∑ 𝐼𝑛𝑝𝑢𝑡𝑠
 Equation 3.7 
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contribution from node 𝑖 to 𝑗 vs 𝑗 to 𝑖) to quantify pairwise dependencies (Schramski et al., 

2006, 2007). The direction of control is denoted by + or −. Estimates of 𝐶𝐷 are comparable 

across the entire matrix facilitating comparisons between the strengths of pairwise controls. 

Values of 𝑐𝑑𝑖𝑗 are additive and were summed to provide system wide control measures for 

each functional group. If 𝑠𝑐𝑗 is positive for a specific group (𝑗), this denotes that the group 

has a controlling influence over the system. Inversely, a negative 𝑠𝑐𝑗 denotes that the group 

is controlled by the system. When summed, the positive and negative values of 𝑐𝑑𝑖𝑗 and 𝑠𝑐𝑗 

are equal to zero, indicating total system balance (Schramski et al., 2006, 2007). The 

enaControl function in the enaR package was used to execute this analysis (Borrett and Lau, 

2014; Lau et al., 2017). 

3.2.7 Comparing network indicators with regional Ecopath models 

Existing Ecopath models of the Irish Sea (Lees and Mackinson, 2007), West Scotland shelf 

(Serpetti et al., 2017) and West Scotland deep sea (Heymans et al., 2010), North Sea 

(Mackinson and Daskalov, 2008) and Celtic Sea (Moullec et al., 2017) were transformed 

into network objects using the methodology described above. 𝑇𝑆𝑇𝑝, 𝐴𝑃𝐿, 𝐹𝐶𝐼, and 𝐼𝐹𝐼 

indicators were derived from each model for comparison against the indicator ranges 

calculated for the Irish Sea with and without data-derived uncertainty included. The main 

network metrics for these models are presented in Table 3.1. Because estimates of 𝑇𝑆𝑇𝑝 are 

strongly dictated by the structure and size of the network (Ulanowicz, 1986), 𝑇𝑆𝑇𝑝 is not 

directly comparable across models unless they are similar in design, however, 𝑇𝑆𝑇𝑝 is useful 

for comparing model structures. 
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Table 3.1. Main characteristics and network metrics for Ecopath base models of the Irish 

Sea (IRS; Bentley et al., 2018 and IRSO; Lees and Mackinson, 2007), west coast of 

Scotland (WCS; Serpetti et al., 2017), west Scotland deep sea (WSDS; Heymans et al., 

2010), North Sea (NS; Mackinson and Daskalov, 2008), and Celtic Sea (CS; Moullec et 

al., 2017).  

Network metrics IRS IRSO WCS WSDS NS CS Units 

Number of living groups 39 50 40 33 65 46 - 

Number of non-living 

groups 
2 3 1 1 3 2 - 

Number of edges 479 685 486 306 1,054 522 - 

Gross Primary 

Production 

1,83

1 
19,149 2,056 4,872 6,023 

4,25

2 
t.km-2.yr-1 

Fisheries exports 1.9 1.5 4.1 0.4 4.8 1.2 t.km-2.yr-1 

Sum of exports 526 11,763 621 1,632 325 434 t.km-2.yr-1 

Sum of all respiratory 

flows 

1,30

5 
12,257 1,435 3,258 5,797 

3,81

8 
t.km-2.yr-1 

Total biomass: living 

groups 
123 237 107 228 552 101 t.km-2 

Total biomass: non-

living groups 
100 100 100 50 100 326 t.km-2 

 

 

3.3 Results 

3.3.1 ENA indicators 

The ten thousand plausible model parameterisations were used to produce distributions of 

ENA metrics (Hines et al., 2018) based on the diet uncertainty data (Figure 3.1). The original 

Ecopath estimates for ENA indicators were as follows: 𝑇𝑆𝑇𝑝 = 3,553 t.km-2/yr-1, APL = 

1.94, 𝐹𝐶𝐼 = 0.03, 𝐼𝐹𝐼 = 0.19. 𝑇𝑆𝑇𝑝 in the Irish Sea network ranged from 3,893 to 4,462 

t.km2.yr-1, 𝐴𝑃𝐿 ranged from 1.93 to 2.06, 𝐹𝐶𝐼 ranged from 0.028 to 0.034, and 𝐼𝐹𝐼 ranged 

from 0.18 to 0.21. When comparing the same indicators from other models to the range 

identified for the Irish Sea model (Figure 3.2), three of the four indicators for the Lees and 

Mackinson (2007) Irish Sea model (𝐴𝑃𝐿, 𝐹𝐶𝐼, 𝐼𝐹𝐼) fell within the range identified for the 

Irish Sea model presented in this thesis. Both models for the West Scotland have two 

indicators within the Irish Sea range (west coast: 𝑇𝑆𝑇𝑝, 𝐴𝑃𝐿; deep sea: 𝐴𝑃𝐿, 𝐼𝐹𝐼) whereas 

all indicators for the North and Celtic Sea models fell outside of the Irish Sea range. 
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Figure 3.1. Probability density plots showing original estimates and distributions of (a) 

TST, (b) APL, (c) FCI and (d) IFI in the Irish Sea Ecopath network using data guided 

uncertainty. 

 

 

Figure 3.2. ENA indicators from Ecopath models of the Irish Sea (IRS (Bentley et al., 

2018), IRSO (Lees and Mackinson, 2007)), west coast of Scotland (WCS (Serpetti et al., 

2017)), west Scotland deep sea (WSDS (Heymans et al., 2010)), North Sea (NS 

(Mackinson and Daskalov, 2008)), and Celtic Sea (CS (Moullec et al., 2017)). Estimates 

are compared to the plausible distribution of ENA metric for the IRS presented in this 

work. 
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3.3.2 Control difference 

By examining control difference (𝐶𝐷) an understanding was built of the transactional nature 

through which energy moves through the Irish Sea food web. 𝐶𝐷 measures are absolute 

values and therefore it is possible compare the strength of pairwise relationships. 𝐶𝐷 

measures were initially calculated for the original Ecopath model to gain a baseline 

understanding of the pairwise relationships existing in the model (Figure 3.3). As 𝐶𝐷 

matrices are antisymmetric, relationships can be considered from the perspective of the 

donor or recipient component. 

 

Figure 3.3. Control difference (CD) matrix for the Ecopath model of the Irish Sea. The 

twenty strongest CD values are denoted with a star (*). Nodes are ordered by Ecopath 

functional group order 

The certainty of these relationships were tested by calculating 𝐶𝐷 measures for each of the 

ten thousand plausible network parameterisations (Figure 3.4). In the original Ecopath 
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model, the three highest magnitudes of control were exerted by (1) anadromous fish as prey 

for seals, (2) discards as prey for Nephrops and (3) juvenile haddock as prey for adult cod. 

The plausible ranges of 𝐶𝐷 values were used to quantify whether relationships were positive 

(plausible range of 95% confidence intervals > 0), negative (plausible range of 95% 

confidence intervals < 0) or undefined. 𝐶𝐷 relationships were undefined if the 95% 

confidence intervals of plausible 𝐶𝐷 values included zero. Out of 819 𝐶𝐷 relationships, 563 

(69.7%) were negative, 70 (8.5%) were positive and 186 (23.7%) were undefined (Figure 

3.4).  

 

Figure 3.4. Control difference (CD) roles for pairwise relationships in the Irish Sea based 

on ten thousand plausible flow parameterisations. Roles reflect the 95% confidence 

intervals (CI) of plausible CD relationships. Positive = 95% CI > 0 (row controls 

column). Negative: 95% CI< 0 (column controls row). Undefined: 95% CI include 0. 
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System control (𝑠𝑐𝑗) estimates for the original Ecopath network were calculated as the row 

sums of the 𝐶𝐷 matrix in Figure 3.4. The 95% confidence intervals for 𝑠𝑐𝑗 estimates were 

calculated using the 10,000 plausible 𝐶𝐷 matrices. The system control of each functional 

group (Figure 3.5) can be defined as positive (> zero), negative (< zero) or undefined (95% 

confidence intervals include zero). 

Marine mammals, seabirds, sharks, rays, juvenile and adult Atlantic cod and adult European 

plaice only have plausible 𝑠𝑐𝑗 values below zero, indicating that these functional groups are 

controlled by other components in the network. The majority of mid-to-low trophic groups 

have 𝑠𝑐𝑗 ranges above zero, indicating that they control other components. Five functional 

groups have 95% confidence intervals of plausible 𝑠𝑐𝑗 values that include zero (Figure 3.5) 

and therefore this study was unable to conclude that these groups had control values different 

from zero. 

 

Figure 3.5. System control (𝑠𝑐𝑗) vector for the Ecopath model of the Irish Sea. Error bars 

show the 95% distribution of system control values for the 10,000 plausible models 

produced by the uncertainty analysis. 
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3.4 Discussion 

There are increasing calls for ecosystem flow models and ENA to be used to inform decision 

making due to the ability of these tools to elucidate and quantify complex interactions in 

ecosystems (Collie et al., 2016; Leslie and McLeod, 2007; Levin et al., 2009). However, the 

application of these tools in marine management has so far been limited (Fulton et al., 

2011b). Ecopath models are usually complex and incorporate many poorly constrained 

parameters, which feed into largely unknown uncertainties in their predictions. 

These uncertainties may be sufficiently large as to render the outputs of little value, 

especially when such models are projected more than a short time into the future. One of the 

key uncertainties in marine food web models are the diets of the functional groups and 

whether these have changed over time. Long-term and open source diet data-sets, such as 

DAPSTOM, are therefore invaluable for the development and uptake of ecosystem models 

as they allow users to constrain parameters and investigate plausible model outcomes in 

reference to observed data uncertainties. In comparison to results derived from the 

application of uniform uncertainty, data-guided uncertainty improves the interpretation of 

model results, which is crucial for management (de la Vega et al., 2018), however so is low 

indicator bias and high precision (Carstensen and Lindegarth, 2016). This means too much 

uncertainty, or sensitivity to sampling changes, may make indicators difficult to use as it can 

lead to uncertainty in the environmental, social, and economic costs and benefits (Knights 

et al., 2014). 

Models which were more complex (i.e. more nodes and a greater link density) than the Irish 

Sea model, such as the Celtic Sea (Moullec et al., 2017) and North Sea (Mackinson and 

Daskalov, 2008) models, have higher estimations of ENA indicators which are associated 

with flow diversity (𝐴𝑃𝐿, 𝐼𝐹𝐼, 𝐹𝐶𝐼). The structure of the west coast of Scotland (WCS) 

model (Serpetti et al., 2017) is closer to that of the Irish Sea model as both include 41 

functional groups, a well-defined fish component with ontogenetic splits for commercially 

important species, and less finely resolved mammal, bird and invertebrate components. This 

similarity in network typology is reflected in the overlapping estimates of 𝑇𝑆𝑇𝑝, therefore 

differences between these models may reveal ecological rather than modelling structure 

differences. Differences between the Irish Sea and WCS indices imply that the WCS 

experiences a higher degree of recycling (𝐹𝐶𝐼) and indirect energy transfer (IFI), suggesting 

a greater system stability and diversity. However, these conclusions are weakened by the 

absence of diet data-based uncertainty analysis for the current WCS model. 
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3.4.1 Pairwise and system control 

EBM requires decision makers to holistically consider the linkages between species when 

making management decisions (Pikitch et al., 2004). By applying ENA control analysis to 

an Ecopath model of the Irish Sea this chapter provided a relative measure of the importance 

of pairwise and system wide interactions (Schramski et al., 2006). Understanding the roles 

of functional groups and the magnitude of dependence they have on one another can provide 

a useful means to prioritise ecosystem components when informing management. For 

example, the 𝐶𝐷 analysis highlighted the importance of discards as a controlling group over 

Nephrops, crabs and lobsters, and seabirds in all network parameterisations. With the 

introduction of the EU landings obligation (EC, 2013) the results of this chapter suggest that 

these groups may experience drastic alterations to energy availability if discards are 

removed. This in-turn will propagate across the 𝐶𝐷 matrix and impact secondary (e.g. 

Nephrops as prey for haddock) and tertiary groups (e.g. haddock as prey for cod). These 

results reinforce findings from other studies regarding potential un-intended consequences 

of implementing the landings obligation, including potential reduced system stability (Fondo 

et al., 2015), trophic cascades (Heath et al., 2014) and changes in fisheries revenue (Celić et 

al., 2018). However, the landings obligation is also expected to improve current fishing 

methods and practices through the encouragement of fishing with more selective gears, 

therefore reducing the impact of fishing on non-target species (de Vos et al., 2016). 

The majority of pairwise interactions, including the strongest interactions, support donor-

oriented control, with higher trophic levels being controlled by lower trophic levels. Fath 

(2004) noted that energy flow tends to be biased toward donor-oriented control. The largest 

𝐶𝐷 estimates (furthest from 0) correspond to flow relationships which are heavily one-sided, 

for example, consumption of anadromous fish by seals. Consumption of anadromous fish by 

other groups in the Irish Sea is very low based on available stomach records. Therefore, even 

though anadromous fish only account for 1% of seal diet, this equates to over 60% of the 

anadromous fish consumed within the food web. As seals are top predators this is a one-

sided transition, therefore the control of anadromous fish over seals is particularly high, 

which also results in a high system control estimation for anadromous fish. 

System control analysis characterises the relative influence of each functional group towards 

the movement of energy through the system and quantifies the role of each component 

(Schramski et al., 2007, 2006). All but five functional groups showed defined control 

(positive or negative) in the Irish Sea network (Figure 3.5). Generally, the levels of control 

indicated by the metrics were consistent with their perceived roles in the food web. For 
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example, marine mammals, seabirds, elasmobranchs, monkfish, adult and juvenile cod, adult 

plaice and whiting were controlled by other system components in the Irish Sea. These 

controls are likely to be prey abundance for higher trophic level predators but could also 

include predator abundance for functional groups such as juvenile cod. The metrics suggest 

that mid-to-low trophic species such as plankton, sandeels, herring, sprat and the pelagic, 

demersal and benthopelagic fish groups play central roles in controlling the movement of 

energy through the Irish Sea food web. This is consistent with expectations, as base Ecopath 

estimates of keystoneness (Libralato et al., 2006) and Relative Trophic Impact (RTI) are 

high for plankton (large-, small-, phyto-), epifauna, infauna, sprat and other pelagic fish 

functional groups (see Chapter 2), suggesting bottom-up control dominates the system. RTI 

is an indicator derived from the Mixed Trophic Impact (MTI), which describes how an 

increase in the biomass of an impacting group affects the biomass of impacted groups 

(Christensen et al., 2008; Ulanowicz and Puccia, 1990). 

Overall the system control analysis indicated bottom-up ecosystem regulation in the Irish 

Sea (Frederiksen et al., 2006), suggesting that changes in plankton communities, such as 

those driven by multidecadal oscillations in oceanic and atmospheric conditions (Edwards 

et al., 2013a; Fromentin and Planque, 1996) or climate change (Edwards et al., 2013b; 

Richardson and Schoeman, 2004a), may have a strong influence on the dynamics of higher 

trophic levels through the food web. This finding has implications for management decisions 

in relation to commercial stock recovery (Kelly et al., 2006). Furthermore, ecosystems that 

have experienced intense exploitation, such as the Irish Sea, are likely to evolve towards 

stronger bottom-up control (Perry et al., 2010). 

3.4.2 Towards applications of ENA in management and decision making 

OSPAR, the EU and others have recognized that indicators are needed for the assessment of 

overall marine ecosystem health (Niquil et al., 2014; Piroddi et al., 2015). Members of a 

recent ENA workshop, aiming to align ENA development with marine management (Safi et 

al., 2019; Schückel et al., 2018), proposed a list of ENA indicators for food web assessment 

and management. The list included three indicators used in this chapter (𝑇𝑆𝑇𝑝, 𝐴𝑃𝐿, 𝐹𝐶𝐼) 

and several others which were not, including keystoneness, mean trophic level, 

detritivory/herbivory, and ascendency (Fath et al., 2019). However, indicators of 

keystoneness, as well as MTI and RTI, are similar to the measures of control used in this 

chapter. Both approaches quantify the relationships between nodes and can identify nodes 

of high importance for ecosystem structure and function. Used in conjunction, these 

indicators may strengthen conclusions derived from indicator analysis. 
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Continuing efforts are needed to develop operational routes to transfer information derived 

from ENA indicators into environmental assessments to support sustainable marine 

management (Rossberg et al., 2017; Schückel et al., 2018). Using ecosystem flow models, 

it may be possible to identify ENA reference points from ecologically, economic and socially 

preferable time points or scenarios (Fiksel, 2006; Fiksel et al., 2014), as has been 

demonstrated in the Indiseas project (see website at www.indiseas.org) (Coll et al., 2016; 

Reed et al., 2016; Shin et al., 2018). However, these indicators need to be strengthened by 

the inclusion of uncertainty analysis and validation in order to meet the rigorous standards 

of management communities (Dame and Christian, 2006).  

There are a number of limitations to the techniques for incorporating uncertainty into models 

which were used in this chapter (Hines et al., 2018). These approaches are data intensive and 

therefore may be constrained by data availability. Whilst it is possible to run the analyses 

described here using uniform uncertainty levels (de la Vega et al., 2018), data guided 

uncertainty is preferable to develop a more informed insight into the model results. Secondly, 

these methods are not dynamic. Therefore, their application can only provide end-users with 

a snapshot of the distribution of ENA metrics for a particular year. It is however possible to 

use these methods in conjunction with other models/empirical approaches to provide 

decision makers with as much information as possible. For example, the analyses described 

here could be applied to multiple static networks extracted from EwEs temporal (Ecosim) 

and spatial (Ecospace) modules in order to build a dynamic understanding of ENA and 

uncertainty over time and space (Borrett et al., 2006; Christian and Thomas, 2003). In 

addition, temporal ENA indicators can be extracted from EwE using the Ecosim Network 

Analysis plugin (Heymans et al., 2007), therefore future work should aim to integrate this 

output with the uncertainty analysis presented here. 

Ongoing work should aim to relate environmental and human pressures to system ENA 

responses to better understand how they impact ecosystem health and function (Torres et al., 

2017). Furthermore, a standard approach, like that demonstrated by Heymans et al. (2014), 

should be developed to facilitate the comparison of ENA indicators across ecosystems by 

accounting for a) structural uncertainty or differences in network configuration, and b) the 

ways in which indicators are calculated. 

3.5 Conclusion 

This chapter has demonstrated an approach to incorporating data-driven uncertainty for the 

diets into food web modelling as a means to strengthen confidence in the model outputs. 

ENA uncertainty analyses were particularly suited to increasing confidence in the 

http://www.indiseas.org/
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interspecific dependencies of functional groups, providing clarity to the possible indirect 

consequences of management interventions. These methods are an important step in the 

maturation of ecosystem modelling and in particular the development of ENA as a tool for 

providing advice for sustainable ecosystem management. 
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4 Combining scientific and fishers' knowledge to co-create indicators of 

food web structure and function 

This chapter is published as: Bentley, J.W., Hines, D.E., Borrett, S.R., Serpetti, N., 

Hernandez-Milian, G., Fox, C., Heymans, J.J. and Reid, D.G., 2019. Combining 

scientific and fishers’ knowledge to co-create indicators of food web structure and 

function. ICES Journal of Marine Science, https://doi.org/10.1093/icesjms/fsz121. I 

was the lead author of this paper and conducted the data analysis. DGR chaired the 

WKIrish workshops. GHM attended WKIrish workshops and provided expert advice 

regarding the parameterisation of marine mammal functional groups. DH and SB provided 

expert knowledge and guidance regarding ecological network analysis and the use of enaR 

(R package). DH generated the model permutations using hardware at the University of 

North Carolina Wilmington, USA. All co-authors provided inputs and comments to shape 

the final manuscript. 

 

4.1 Introduction 

This chapter builds on the work described in Chapters 2-3 which produced a new Ecopath 

model for the Irish Sea and methods for diet uncertainty analysis. In this chapter I describe 

how fishers’ knowledge of predator-prey interactions was incorporated into the model. 

Environmental research is confounded by irreducible uncertainties in scientific knowledge 

and the need to recognize different legitimate perspectives. As a consequence, Funtowicz 

and Ravetz (1993, 2003, 2006) suggested that research is more likely to meet the challenges 

of environmental sustainability when enacted through a democratic and transdisciplinary 

approach. They coined this approach as “post-normal science”, where the extended peer 

community and multiple knowledge types are included to more sufficiently inform real 

world decisions (Ainscough et al., 2018; Strand, 2017). In its purest form, this approach 

removes the status of the fisheries scientist as a ‘high priest of arcane knowledge’ so 

transitioning to post-normal science may meet resistance from organisations and scientists 

with a traditional view of the roles of policy advisors, managers and managed. However, 

adopting a post-normal science approach does seem to have a number of advantages. Taking 

a post-normal approach to fisheries management broadens the scientific knowledge base 

through the engagement of a wider range of actors and leads to the evolution of research 

towards a participatory approach (Berghöfer et al., 2008; Hind, 2015; Stephenson et al., 

2016b; Wiber et al., 2004). Stephenson et al. (2016) suggest one of the best ways to improve 

https://doi.org/10.1093/icesjms/fsz121
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fisheries governance is by involving stakeholders throughout the scientific to policy advice 

process. This is in line with the recent trends for co-production of knowledge in 

environmental sciences, where collaboration leads to genuine knowledge sharing rather than 

simply harvesting an additional data source (Djenontin and Meadow, 2018; Meadow et al., 

2015; Wall et al., 2017). It is also called for in European level policy documents such as the 

European Marine Board’s foresight document: Navigating the Future V (EMB, 2019), which 

highlights the need for transdisciplinary sustainability science. 

Fishers’ knowledge holds considerable value as a source of information to support and 

inform fisheries research and management (Bentley et al., 2019c; Haggan et al., 2007; 

Johannes et al., 2000; Macdonald et al., 2014; Moreno-Báez et al., 2010; Raymond-

Yakoubian et al., 2017). The unique experiences and perspectives of fishers provide not only 

fishery information, but also the ecological, institutional, social, and economic knowledge 

often passed from generation to generation (Berkes et al., 2000; Haggan et al., 2007; Martins 

et al., 2018; Silvano and Valbo-Jorgensen, 2008). This breadth of knowledge can aid 

fisheries management when combined with scientific knowledge (Mackinson et al., 2015; 

Mackinson and Nottestad, 1998), particularly where data and resources for at-sea-surveys 

are lacking (Berkström et al., 2019; Lopes et al., 2018). Whilst fisheries research has 

historically been dominated by more narrowly focused quantitative fisheries biology (Hind, 

2015), fisheries management has been reaching for an ecosystem-based and integrated 

approach for some years, where fishers’ knowledge forms part of the best available 

information needed to inform management (Figus et al., 2017; Stephenson et al., 2016b). 

Progress has thus been made towards the integration of fishers’ knowledge into science and 

management, with successful examples indicating that fishers’ knowledge is best 

implemented through the co-production of knowledge, appropriately designed for the 

conversion of fishers’ knowledge into actionable advice (Mackinson and Wilson, 2014; 

Röckmann et al., 2012; Stange et al., 2014; Stephenson et al., 2016b). Those closest to the 

fishery, including fishers themselves but also other stakeholders such as NGOs, are 

increasingly interested in contributing to the scientific process (Jasanoff, 2004; Pita et al., 

2010). It is therefore promising to see that the growing instances of positive collaboration 

are changing attitudes towards fishers’ knowledge and leading management organisations 

are beginning to place greater value on such alternative types of stakeholder knowledge 

(Djenontin and Meadow, 2018; Stephenson et al., 2018). 

In 2015, scientists, fishers, NGO representatives, and industry managers were invited to 

work towards the first International Council for the Exploration of the Seas (ICES) integrated 
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benchmark assessment for the Irish Sea: WKIrish (ICES, 2015a), using a co-production 

approach. One of the aims of WKIrish was to combine scientific and stakeholder knowledge 

to build multi-species food web models that could ultimately be used to provide advice in an 

ecosystem-based context. One of the potential food web modelling approaches identified by 

the attendees Ecopath with Ecosim (EwE) (Christensen et al., 2008). 

At an initial meeting of WKIrish on 14-15 September 2015, fishers proposed that their 

knowledge of the diets of commercial species would be a valuable source of information to 

support the data available from stomach records and literature. Several studies have 

previously used fishers’ knowledge of fish diets to support conventional management 

decisions, with fishers’ knowledge often showing a high degree of concordance with 

scientific literature (Johannes et al., 2000; Ramires et al., 2015; Silvano and Begossi, 2010, 

2012). Bevilacqua et al. (2016) investigated whether fishers’ knowledge could be used to 

parameterise an entire ecosystem model of the Barzilian northeast coast by gathering 

additional knowledge such as fish size, weight, growth rates, longevity, stock size, and catch 

rates. Whilst Bevilacqua et al. (2016) found fishers were able to provide precise information 

regarding species diets and weights, they were unable to inform on the growth rates, 

longevity, biomasses, and stock sizes of modelled species. In this instance, fishers’ possessed 

knowledge for parameters which were observable (e.g. stomach contents) but lacked 

knowledge of those which were not (e.g. growth rates). However, the amount of knowledge 

fishers possess on their target species may be very different for other locations around the 

world. For ecosystem modelling, the true benefit of fishers’ knowledge may lie in its 

potential as a source of knowledge to be hybridised with existing scientific information.  

4.1.1 Study aims 

Following the initial WKIrish (WKIrish1), two workshops were held to evaluate the 

scientific (fisheries) data available for the region (WKIrish2) and update Irish Sea single-

stock assessments (WKIrish3). In this chapter, the methodological approach to sharing 

scientists’ and fishers’ knowledge of species’ diets, which occurred during the fourth 

workshop (WKIrish4), is described. This chapter examines how the inclusion of fishers’ 

knowledge impacted the structure and function of the Irish Sea EwE model (Bentley et al., 

2018, 2019a) using the suite of ecological indicators introduced in Chapter 3 which 

characterise: 1) the entire food web, 2) individual functional groups, and 3) trophic 

interactions. Whilst fishers’ knowledge may be limited relative to the parameter demands of 

an end-to-end ecosystem model, it was hypothesised that fishers’ knowledge would 
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influence model derived advice, particularly surrounding commercial species, and enable 

stakeholder buy-in for future management. 

4.2 Methods 

Following declines in commercial finfish stocks, the fisheries landings from the Irish Sea 

shifted in 1994 from being dominated by finfish such as cod (Gadus morhua), whiting 

(Merlangius merlangus), herring (Clupea harengus), sole (Solea solea), and plaice 

(Pleuronectes platessa) to invertebrates such as Nephrops (Nephrops norvegicus), scallops 

(Aequipecten opercularis and Pecten maximus), blue mussels (Mytilus edulis), and whelks 

(Buccinum undatum) (Figure 4.1). 

 
Figure 4.1. ICES landings statistics (tonnes) for the Irish Sea from 1950-2014. 

4.2.1 Ecopath model 

The Ecopath model has been described in Chapter 2 and Bentley et al. (2018) where it was 

briefly mentioned that fishers’ knowledge was used during the assignment of functional 

group diets alongside stomach records from the integrated DAtabase and Portal for fish 

STOMach records (DAPSTOM; Pinnegar, 2014) (Table 4.1). Here I describe the co-

production of this knowledge in more detail. Fishers’ knowledge regarding the diets of 

commercially important species was shared during a WKIrish workshop (WKIrish4) held in 

Dun Laoghaire, Ireland, on the 23-27 October 2017 (ICES, 2018c). The meeting was 

attended by nine scientists, nine fishing industry stakeholders (fishers’ and their 

representatives), an NGO representative, and a recreational fisherman. The scientist 

attendees were from multiple disciplines, primarily focussed on the Irish Sea region, and 
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included multi-species modellers, marine mammal experts, and fisheries scientists. Their 

role was to participate in the group discussions and share their knowledge with stakeholders. 

Stakeholders from the fishing industry were selected by their Producer Organisations (PO’s), 

who were asked to invite those who would have knowledge dating back to the 1970s. 

Stakeholders from the fishing industry therefore had between 30 and 40 years of fishing 

experience, with several coming from families with multi-generational experience. 

Table 4.1. Number of surveys and stomachs of each species that are reported in 

DAPSTOM and that provided data for the parameterisation of the Irish Sea Ecopath diet 

matrix. 

Functional group 
DAPSTOM 

Number of surveys Number of stomachs 

Sharks 6 9,980 

Rays 8 691 

Atlantic cod 2+ 13 6,574 

Atlantic cod 0-1 15 5,714 

Whiting 2+ 9 530 

Whiting 0-1 10 819 

Haddock 2+ 7 399 

Haddock 0-1 7 636 

European plaice 2+ 10 5,392 

European plaice 0-1 17 9,109 

Common sole 5 199 

Flatfish 15 3,836 

Monkfish 5 1,065 

European hake 4 169 

Sandeels 2 15 

Gurnards 8 2,071 

Other demersal fish 11 730 

Other benthopelagic fish 7 612 

Atlantic herring 3 1,240 

European sprat 3 2,077 

Other pelagic fish 5 220 

Anadromous fish 2 43 

 

The aim of the workshop was to build a diet matrix which included both scientific and 

fishers’ knowledge of predator-prey interactions for the species they commonly encountered 

in their operations, and where they would have observed stomach contents whilst processing 

catches. During the workshop, cod, whiting, haddock, plaice, rays (Raja spp.), and Nephrops 

were identified as the species for which fishers’ felt they had substantial knowledge. The 

knowledge co-production process is shown in Table 4.2. The process was informed by 
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guidance given in the GAP2 “Oral Histories Tool, http://gap2.eu/methodological-

toolbox/oral-histories/. 

Each of the six selected species were considered in turn, with fishers being asked to provide 

knowledge as far back in time as possible, ideally to the early 1970s as the EwE snapshot 

was constructed to represent the system in 1973. Every effort was taken to avoid leading 

fishers’ responses; the only guidance from the scientists was to focus discussion species by 

species. Thereafter, the inclusion and strength of any interaction was driven only by the 

stakeholders. Fishers were asked to list the predator-prey interactions for the species of 

interest, along with any qualitative information that might influence how the information 

was entered into the model (i.e. were interactions observed frequently or infrequently). 

Where possible, fishers were asked to differentiate between juvenile and adult fish for 

functional groups in the Irish Sea Ecopath model represented with multi-stanzas. Fishers 

were finally asked about any other information they could contribute regarding diets of 

mammals and seabirds. An example of a completed appraisal for cod is presented in stage 2 

of Table 4.2. 

4.2.2 Incorporating fishers’ knowledge into EwE 

As mentioned in Chapter 2 (section 2.2.2.3), new diet links identified by fishers’ were 

quantified in the model on a case-by-case basis whilst ensuring that the combined predation 

and fishing mortality placed on each functional group did not exceed production (Bentley et 

al., 2018). Fishers’ contributions were qualitative and spoke very little to the magnitude of 

predator-prey interactions. Each new interaction was therefore quantified in the model as a 

value which prevented imbalances in the energy demands placed on functional groups. These 

values were thus associated with high uncertainty however they ensured that fishers’ 

suggested predator-prey interactions were possible in the model. To recognise the inherent 

uncertainty in quantifying qualitative information, the diets of functional groups which were 

altered by fishers’ knowledge were assigned large confidence intervals (±80%) in the models 

‘pedigree’ routine (Table 4.3) (Villy Christensen and Walters, 2004), which served a dual 

purpose by describing the origin of the data whilst also assigning confidence intervals based 

on data origin. The large confidence intervals assigned to diets altered by fishers ensured, 

when later applying Monte Carlo simulations, that a larger range of parameters could be 

tested to reflect data uncertainty in model outputs. 

 

http://gap2.eu/methodological-toolbox/oral-histories/
http://gap2.eu/methodological-toolbox/oral-histories/
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Table 4.2. Workshop methodology. Using fishers’ experiential and inherited knowledge 

to better understand the predator-prey interactions of commercial species in the Irish Sea. 

Stage 1: PRE-WORKSHOP 

Research 

impetus and 

preparation 

• During WKIrish1, stakeholders expressed knowledge of commercial species diets as 

well as an interest in using this knowledge in an ecosystem modelling context. 

• Between WKIrish1 and WKIrish4, the EwE model was constructed using stomach 

record data and literature, with the foresight that new interactions from stakeholders 

would be incorporated during WKIrish4. 

Stage 2: WORKSHOP: WKIrish 4 

Introduction 

and workshop 

aims 

(2 hours) 

• The workshop began with a briefing 

presentation, familiarising stakeholders with 

ecosystem modelling. (20-30 mins) 

• The aims of the workshop were discussed. (1 

hour) 

• Visual aids were provided of the models 

functional groups. 

• Discussion took place to identify the species 

stakeholders were familiar with. (30-40 

mins) 

 

 

 

Example stakeholder diet for Atlantic 

cod produced during WKIrish4 

Information 

collection 

(3 hours) 

• Diets for the six commercial species 

commonly encountered by fishers’ (rays, 

cod, whiting, haddock, plaice, Nephrops) 

were collected one at a time with participants 

gathered around a flipchart. 

• Food webs were drawn by a scientific 

member of the workshop whilst stakeholders 

provided information. 

• Visual aids were projected onto monitors to 

support discussion, i.e. if a participant was 

talking about a specific species, that species 

would be projected to inform others in the 

room. 

Discussion 

(1 hour) 

• Time was put aside to discuss the workshop 

and answer stakeholder questions and share 

scientific knowledge on the subject of 

species diets. 

Stage 3: POST-WORKSHOP 

Network 

analysis 

• Stakeholder information was incorporated into the ecosystem models diet matrix. 

Comparisons were made between model statistics with and without stakeholder’s 

additions. 

Follow-up 

workshop 

• Final results and the value of fishers’ knowledge were presented back to participants 

during WKIrish 5 via an oral presentation. Research briefs were also produced for 

stakeholders to convey the research undertaken from 2017-2018.  
 

 

 

4.2.3 Impact of fishers’ knowledge on food web structure and function 

To quantify the impact of incorporating fishers’ knowledge into the Irish Sea food web 

model, a suite of Ecological Network Analysis (ENA) indicators were calculated both before 

and after changes were made. ENA indices are capable of identifying the impact of stress 

and disturbance on ecosystem status and trophic conditions (Dame and Christian, 2007). 

Whilst efforts are underway to establish the most appropriate indicators to assess ecosystem 

status (Borrett et al., 2018; Schückel et al., 2018), the development of methods to perform 
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sensitivity and uncertainty analysis for ENA is essential to make stronger inferences 

regarding network thresholds (Borrett et al., 2016) and the differences between networks 

(Hines et al., 2018). Eight indicators were used (Table 4.4), four of which (Total system 

throughput (𝑇𝑆𝑇𝑝), Average path length (𝐴𝑃𝐿), Finn’s cycling index (𝐹𝐶𝐼), and Shannon 

based flow diversity (𝐻) - see Table 4.4 for definitions) have recently been proposed as key 

indicators for food web assessment for management advice (Fath et al., 2019; Safi et al., 

2019; Schückel et al., 2018). The selected indicators explore the impact of incorporating 

fishers’ knowledge on ecosystem structure and function (𝑇𝑆𝑇𝑝, 𝐴𝑃𝐿, 𝐹𝐶𝐼, Indirect flow 

intensity (𝐼𝐹𝐼), 𝐻), on species importance in the food web (Trophic level (TL) and Relative 

trophic impact (RTI)), and on pairwise dependencies (Mixed trophic impact (MTI)). 

4.2.4 Calculating indicators and uncertainty in Ecopath 

Calculation of indicators followed the methodologies described in Chapter 3 but the methods 

are briefly reiterated here for completeness. TL and RTI were calculated using the Ecopath 

software (Villy Christensen and Walters, 2004). The inbuilt Monte Carlo routine (Heymans 

et al., 2016; Kennedy and O’Hagan, 2001) was used to generate 500 permutations of (1) the 

original Ecopath model without fishers’ knowledge (FK) and (2) the modified version of the 

original model with FK using the ‘pedigree’ based confidence intervals assigned to the diets 

of each functional group (Table 4.3). Model iterations were stored using the EcoSampler 

plugin (Steenbeek et al., 2018). Estimates of TL and RTI were extracted for the calculation 

of 95% confidence intervals. 

 

 

 

 

 

 

 

 



Chapter 4: Combining scientific and fishers’ knowledge 

 70 
 

Table 4.3. Confidence intervals assigned to predator diets within Ecopath. Diets taken 

from local stomach data were assigned low confidence intervals of 0.1, diets taken from 

literature were assigned confidence intervals of 0.5. Diets altered by fishers’ knowledge 

were assigned higher confidence intervals of 0.8. 

Functional group 
Confidence intervals 

Without FK With FK 

1 Toothed whales 0.5 0.5 

2 Minke whales 0.5 0.5 

3 Seals 0.5 0.8 

4 Seabirds (high discard diet) 0.5 0.8 

5 Seabirds (low discard diet) 0.5 0.8 

6 Sharks 0.1 0.8 

7 Rays 0.1 0.8 

8 Adult cod 0.1 0.1 

9 Juvenile cod 0.1 0.1 

10 Adult whiting 0.1 0.8 

11 Juvenile whiting 0.1 0.1 

12 Adult haddock 0.1 0.1 

13 Juvenile haddock 0.1 0.1 

14 Adult plaice 0.1 0.8 

15 Juvenile plaice 0.1 0.8 

16 Common sole 0.1 0.1 

17 Flatfish 0.1 0.1 

18 Monkfish 0.1 0.8 

19 European hake 0.1 0.8 

20 Sandeels 0.1 0.1 

21 Gurnards and dragonets 0.1 0.1 

22 Other demersal fish 0.1 0.1 

23 Other benthopelagic fish 0.1 0.1 

24 Atlantic herring 0.1 0.1 

25 European sprat 0.1 0.1 

26 Other pelagic fish 0.1 0.1 

27 Anadromous fish 0.1 0.1 

28 Lobsters and large crabs 0.5 0.5 

29 Norway lobster 0.5 0.8 

30 Shrimp 0.5 0.5 

31 Cephalopods 0.5 0.5 

32 Scallops 0.8 0.8 

33 Epifauna 0.5 0.5 

34 Infauna 0.5 0.5 

35 Gelatinous zooplankton 0.5 0.5 

36 Large zooplankton 0.8 0.8 

37 Small zooplankton 0.8 0.8 
 

 

4.2.5 Calculating indicators and uncertainty using enaR 

The remaining indicators (𝑇𝑆𝑇𝑝, 𝐴𝑃𝐿, 𝐹𝐶𝐼, 𝐼𝐹𝐼, 𝐻, and MTI) were calculated in RStudio 

(version 1.0.153) (RStudioTeam, 2015) using recent advances in uncertainty analyses for 

ecological network analysis (ENA) which facilitate the estimation of data-based flow 

uncertainty (Bentley et al., 2019a; Hines et al., 2018). Following the methodology of Chapter 
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3, section 3.2.3, and (Bentley et al., 2019a), the Irish Sea food web models, both with and 

without FK, were transformed into network objects using the ‘network’ package (version 

1.14-377) (Butts, 2008) for analysis with the ‘enaR’ package (version 3.0.0) (Borrett and 

Lau, 2014). Each network edge (energy flows, exports and respirations) was assigned an 

upper and lower limit calculated using the 95% confidence intervals for prey contribution to 

predator diet from the DAPSTOM records. 

Limits were assigned to each network flow using the enaUncertainty function from the enaR 

package (Lau et al., 2017). This function uses a linear inverse modelling (LIM) algorithm 

from the limSolve package (version 1.5.5.3) (Soetaert et al., 2009; van den Meersche et al., 

2009) in combination with Monte Carlo sampling to generate a plausible set of network 

permutations. For flows where no dietary uncertainty data were available (i.e. fishers’ 

knowledge and published literature), symmetric upper and lower network parameter limits 

were set at ± 25% of the balanced models estimates as, after testing limits from ± 0% to ± 

100% uncertainty, this was found to be the point at which the effect of uncertainty in these 

edges was maximised (i.e. further increases in uncertainty generated a predictable and 

symmetrical increase of indicator distributions). 

Ten thousand balanced network permutations were generated for the Irish Sea model without 

FK, and another ten thousand for the model with FK. All permutations had edge values that 

fell within the assigned upper and lower limits and were therefore considered equally 

plausible. Indicators were calculated for each network permutation to produce distributions 

for each model. Indicators were compared with and without FK to identify whether FK 

significantly impacted their distributions. The impact of FK was considered to be significant 

if there was no overlap between the 95% confidence intervals for indicator distributions 

(Hines et al., 2018). 
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Table 4.4. List of food web indicators used to compare the Irish Sea food web model with 

and without fishers’ knowledge. 

Food web 

indicator 
Equation Indicator description References 

Trophic level 

(TL) 
𝑇𝐿𝑖 = 1 + ∑(𝑇𝐿𝑗 × 𝐷𝐶𝑖𝑗)

𝑗

 

𝑇𝐿𝑖 signifies the position group 𝑖 occupies 

within the food web, where 𝑇𝐿𝑗 is the 

fractional trophic level of prey 𝑗 and 𝐷𝐶𝑖𝑗 

is the fraction of 𝑗 in the diet of 𝑖. 

(Christensen et 

al., 2008; 

Odum and 

Heald, 1975) 

Relative total 

impact 

(𝑅𝑇𝐼 (𝜀𝑖)) 
𝜀𝑖 = √∑ 𝑚𝑖𝑗

2

𝑛

𝑗≠𝑖

 

RTI (𝜀𝑖) is calculated for group 𝑖 using 

their estimated pairwise mixed trophic 

impacts (𝑚𝑖𝑗), taking into consideration 

that 𝑚𝑖𝑗 can be positive or negative to 

calculate an overall effect on the food web.  

(Libralato et 

al., 2006) 

Total system 

throughput 

(𝑇𝑆𝑇𝑝) 

𝑇𝑆𝑇𝑝

= ∑(𝐼𝑛𝑡𝑒𝑟𝑛𝑎𝑙 𝑓𝑙𝑜𝑤𝑠

+ 𝐸𝑥𝑡𝑒𝑟𝑛𝑎𝑙 𝑓𝑙𝑜𝑤𝑠) 

TSTp is a measure of the amount of 

material moving through a system and is 

seen as an indicator of system size and 

activity. 

(Borrett and 

Lau, 2014; 

Rutledge et al., 

1976; 

Ulanowicz, 

1986, 1980) 

Average path 

length (𝐴𝑃𝐿) 
𝐴𝑃𝐿 =

𝑇𝑆𝑇

∑ 𝐼𝑛𝑝𝑢𝑡𝑠
 

APL is a measure of the retention time of 

material within the system and is expected 

to be higher in systems with high degrees 

of flow diversity and cycling (Christensen, 

1995). It also characterises the amount of 

activity that the system organisation can 

generate for each unit of input into the 

system and is therefore similar to the 

multiplier effect in economics. 

(Borrett and 

Lau, 2014; 

Christensen, 

1995; Finn, 

1976; 

Samuelson, 

1951) 

Finn's cycling 

index (𝐹𝐶𝐼) 
𝐹𝐶𝐼 =

𝐶𝑦𝑐𝑙𝑒𝑑 𝑓𝑙𝑜𝑤

𝑇𝑆𝑇
 

Cycled flow is defined as material that is 

recycled before exiting the network. FCI 

therefore indicates the retention time of 

material within a system and can be used 

to interpret ecosystem stability and health. 

(Baird and 

Ulanowicz, 

1993; Borrett 

and Lau, 2014; 

Finn, 1976; 

Vasconcellos et 

al., 1997) 

Indirect flow 

intensity (𝐼𝐹𝐼) 
𝐼𝐹𝐼 =

𝐼𝑛𝑑𝑖𝑟𝑒𝑐𝑡 𝑓𝑙𝑜𝑤

𝑇𝑆𝑇
 

IFI characterises the indirect effects within 

a system, which can be critical 

components of complex adaptive systems 

that can act as a stabilising force in the 

face of external perturbations 

(Borrett et al., 

2006; Borrett 

and Lau, 2014) 

Shannon based 

flow diversity 

(𝐻) 

𝐻 = −1 ∑ 𝑝𝑖  log (𝑝𝑖)

𝑛

𝑖−1

 

This Shannon entropy-based metric of 

total flow diversity captures the effects of 

both richness (the length of the vector, n) 

and the evenness of the distribution. In this 

application 𝑝𝑖 is the proportion of group 𝑖 
relative to the total number of groups. 

(Borrett and 

Lau, 2014; 

MacArthur, 

1955) 

Mixed trophic 

impact (MTI) 
𝑞𝑖𝑗 ≡ 𝑔𝑖𝑗 − ℎ𝑗𝑖 

MTI quantifies the net impact (𝑞𝑖𝑗) of a 

network compartment on another as the 

difference between the positive impact the 

prey has on the predator (𝑔𝑖𝑗) minus the 

negative impact the predator has on its 

prey (ℎ𝑗𝑖).  

(Borrett and 

Lau, 2014; 

Ulanowicz and 

Puccia, 1990) 

 

 

Following the calculation of indicator distributions, a secondary uncertainty analysis was 

applied. Unlike the primary uncertainty analysis which explored whether network metrics 

were different given the assigned uncertainty to network edges, here it was acknowledged 

that the original networks (without and with FK) were not identical, and therefore steps were 
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taken to investigate how much (or little) edge uncertainty was necessary to obscure the 

differences between networks. Questioning the level of uncertainty at which differences 

between network objects become apparent strengthens conclusions from comparative 

assessments (Hines et al., 2016). In this study, comparisons were conducted using the 

uncertainty proportions assigned to each edge and an uncertainty scalar, as introduced by 

Hines et al. (2018). The scalar is a proportion of the assumed uncertainty, ranging from 0.03 

to 0.1, where the original assumed uncertainty is equal to 1. Upper and lower uncertainty 

limits were calculated as: 

where 𝑂𝑖𝑗 is the original edge value between groups 𝑖 and 𝑗, 𝐿𝑖𝑗 is the lower edge limit and 

𝑈𝑖𝑗 is the upper edge limit. Calculating upper and lower edges independently facilitates the 

calculation of asymmetric uncertainty for edges with asymmetric upper and lower limits. 

The range of 0.03-0.1 was selected as at this level of uncertainty differences began to appear 

between indicators with and without FK. Values above 0.1 were not tested as significant 

differences were obscured beyond this point. This window will likely be different for each 

model comparison. 

4.3 Results 

4.3.1 Fishers’ knowledge 

Fishers identified a total of 80 predator-prey interactions involving rays, cod, haddock, 

whiting, plaice or Nephrops (Figure 4.2, Table 4.5). Of these, 50 were already included in 

the Irish Sea EwE model without FK, thus fishers identified 30 new linkages. The addition 

of these new predator-prey interactions increased the number of edges in the food web 

network from 479 to 509. New predators were identified for rays, cod, haddock, whiting, 

plaice, and Nephrops. Notably, monkfish (Lophius piscatorius) was identified as a predator 

on rays, cod, whiting and haddock. Within functional group predation was identified for rays 

and Nephrops and discard consumption was identified for rays, whiting and plaice. Despite 

multiple prey being suggested for cod and haddock, no new prey items were identified 

reflecting the opportunistic diet of these species, as indicated also by DAPSTOM data used 

for ‘without FK’ model construction. Including fishers’ knowledge altered the diet profile 

for rays the most, with five new prey items being identified (not including within-group 

predation). Fishers’ knowledge also proved valuable in providing insights into new 

 𝑙𝑜𝑤𝑒𝑟 =  𝑂𝑖𝑗  −  ((𝑂𝑖𝑗 − 𝐿𝑖𝑗) × 𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 𝑠𝑐𝑎𝑙𝑎𝑟) 

Equation 4.1 

 𝑢𝑝𝑝𝑒𝑟 =  𝑂𝑖𝑗  +  ((𝑈𝑖𝑗 − 𝑂𝑖𝑗) × 𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 𝑠𝑐𝑎𝑙𝑎𝑟) 
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interactions between commercial species and marine mammals and seabirds, including the 

consumption of rays and Nephrops by seals and the consumption of juvenile plaice by 

seabirds. Overall, 14% of the flows in the model were modified to accommodate fishers’ 

knowledge (Table 4.5). 

 

Figure 4.2. Energy flow and biomass diagram for the Irish Sea Ecopath food web model. 

Functional groups (black) and fleets (orange) are represented by nodes and are ordered 

on the y-axis by trophic level. The relative size of nodes for functional groups denotes their 

biomass, whereas the relative size of nodes for fishing fleets represents their catch volume. 

Lines represent the flow of energy and include interactions based on scientific data only 

(grey lines), interactions from fishers’ knowledge (red lines), and interactions from 

fishers’ knowledge which was also present in the scientific data (blue lines). 

4.3.2 Changes to species-level indicators 

The addition of fishers’ knowledge had small impacts on the trophic levels of the functional 

groups (Figure 4.3). Small declines were generated in the baseline trophic levels of seals, 

rays, adult whiting, juvenile plaice, and adult plaice, whereas the trophic level of monkfish 

increased. Only the trophic levels of juvenile and adult plaice were significantly altered by 

incorporating fishers’ knowledge, where the 95% confidence intervals from plausible 

models were used to make statistical comparisons. 
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Table 4.5. Changes made to the Irish Sea Ecopath diet matrix using fishers’ knowledge. New interactions are underlined. 

Predator/Prey Seals 
Seabirds 

(high discard) 

Seabirds 

(low discard) 
Sharks Rays Adult whiting Adult plaice Juvenile plaice Monkfish 

European  

hake 
Nephrops 

Fishers knowledge Before After Before After Before After Before After Before After Before After Before After Before After Before After Before After Before After 

Sharks 0.009 0.009                                         

Rays   0.045           0.020   0.010               0.010         

Adult cod 0.040 0.040     0.014 0.014 0.001 0.001 0.049 0.045               0.035         

Juvenile cod 0.009 0.009 0.012 0.012     0.001 0.001 0.011 0.010   0.005           0.020   0.010     

Adult whiting 0.031 0.031         0.004 0.004     0.032 0.030           0.028         

Juvenile whiting     0.027 0.027     0.012 0.012   0.020 0.074 0.070         0.085 0.075   0.008     

Adult haddock 0.005 0.005           0.005                   0.020         

Juvenile haddock 0.005 0.005           0.035   0.005   0.020           0.005 0.009 0.009     

Adult plaice 0.002 0.002         0.001 0.001                             

Juvenile plaice       0.020   0.020 0.020 0.020                 0.034 0.030         

Common sole 0.020 0.020         0.008 0.008 0.004 0.004                 0.012 0.012     

Flatfish 0.057 0.057 0.047 0.027 0.030 0.010 0.130 0.100 0.055 0.050 0.045 0.042         0.181 0.160         

Monkfish 0.001 0.001     0.027 0.027                                 

European hake                       0.016         0.013 0.011         

Sandeels 0.060 0.060 0.091 0.091 0.329 0.329 0.002 0.002 0.083 0.076 0.005 0.005 0.068 0.068 0.049 0.049             

Gurnards and dragonets 0.023 0.023 0.036 0.036 0.073 0.073 0.070 0.070 0.003 0.003         0.037 0.037 0.085 0.075         

Other demersal fish 0.220 0.185 0.083 0.083 0.020 0.020 0.007 0.007                 0.036 0.032         

Other benthopelagic fish 0.221 0.195 0.040 0.040 0.013 0.013 0.208 0.178 0.003 0.003 0.160 0.150 0.027 0.027 0.001 0.001 0.111 0.098 0.102 0.100     

Atlantic herring 0.045 0.045 0.087 0.087 0.124 0.124 0.011 0.011     0.021 0.020 0.023 0.000     0.180 0.159 0.407 0.400     

European sprat 0.045 0.045 0.087 0.087 0.125 0.125 0.002 0.002     0.299 0.280     0.001 0.001 <0.001 <0.001 0.020 0.019     

Other pelagic fish 0.075 0.075 0.118 0.118 0.094 0.094 0.176 0.176   0.005 0.160 0.150     0.068 0.068 0.227 0.200 0.202 0.199     

Anadromous fish 0.090 0.090     0.017 0.017                                 

Lobsters and large crabs 0.008 0.008     0.013 0.013 0.014 0.014 0.014 0.013     0.015 0.015                 

Nephrops   0.016         0.075 0.075 0.110 0.050 0.007 0.007 0.236 0.000 0.078 0.000 0.001 0.001       0.036 

Shrimp             0.002 0.002 0.022 0.020 0.002 0.002 0.001 0.001 0.003 0.003 <0.001 <0.001 0.003 0.003 0.014 0.014 

Cephalopods 0.035 0.035 0.002 0.002     0.037 0.037 0.007 0.007 0.016 0.015     0.008 0.008 0.045 0.040     0.020 0.020 

Scallops             0.007 0.007   0.050     0.086 0.086 0.049 0.049             

Epifauna     0.107 0.107 0.001 0.001 0.206 0.206 0.493 0.448 0.141 0.132 0.341 0.341 0.279 0.279 <0.001 <0.001     0.400 0.400 

Infauna     0.050 0.050 0.082 0.082 0.005 0.005 0.140 0.127 0.037 0.035 0.203 0.203 0.366 0.366         0.069 0.069 

Gelatinous zooplankton                     <0.001 <0.001                     

Large zooplankton     0.013 0.013 0.017 0.017 <0.001 <0.001 0.002 0.002 <0.001 <0.001 <0.001 <0.001 0.001 0.001 <0.001 <0.001 0.244 0.240 0.120 0.120 

Small zooplankton             <0.001 <0.001 0.003 0.003 0.001 0.001     0.059 0.059         0.092 0.092 

Seaweed             0.001 0.001             0.002 0.002             

Discards     0.201 0.201 0.019 0.019       0.050   0.020   0.259   0.078         0.286 0.150 

Detritus                                           0.100 
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Figure 4.3. Trophic Level (TL) and Relative Total Importance (RTI; Libralato et al, 2006) 

network metrics, ranked highest to lowest, before and after the addition of new predator-

prey links suggested by fishers. Bars indicate baseline Ecopath estimates of all living 

functional groups of the two models (without vs. with fishers’ knowledge (FK)) and error 

bars indicate 95% confidence intervals calculated using a Monte Carlo approach. Stars 

indicate significant differences between metrics with and without fishers’ knowledge. 

* Seabirds 1 = high discard diet; Seabirds 2 = low discard diet 

Relative trophic impact, or RTI, identifies groups which have the largest effects on the food 

web. The groups with the highest RTI with and without FK were epifauna, zooplankton, and 

phytoplankton. In the model without FK, adult cod also had a high RTI, however fishers’ 

additions significantly reduced this, as well as the RTI of toothed whales and adult plaice. 

The RTI for adult whiting and European hake increased in the model with FK. RTI for the 

remaining groups showed a lack of significant difference between the model with FK vs the 

model without FK. 

 



Chapter 4: Combining scientific and fishers’ knowledge 

77 

4.3.3 Changes to ecosystem-level indicators 

Sets of ten thousand plausible models were generated for the Irish Sea Ecopath models with 

and without FK. These sets were used to produce distributions of ENA metrics for 

comparative assessment. The 95% ranges of all the network metrics overlapped so no 

significant differences were observed between the metrics estimated with and without FK 

(Figure 4.4).  

 

Figure 4.4. a) Probability density plots showing the distribution of TSTp, APL, FCI, IFI 

and H in the Irish Sea networks using data guided uncertainty. Network metrics were 

calculated before and after fisher’s knowledge (FK) was incorporated into the models diet 

matrix. Vertical lines indicate original metrics of the two baseline models. b) Asymmetric 

uncertainty analysis showing the uncertainty necessary to obscure the differences between 

network metrics with and without fishers’ knowledge using scalar asymmetric uncertainty 

ranging from 3-10%. See table 3 for indicator definitions. 
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Uncertainty sensitivity analysis highlighted how little data variability was needed to reveal 

significant differences between indicator estimates from the model without FK vs the model 

with FK. Differences in the distributions of Finn’s cycling index (𝐹𝐶𝐼), indirect flow 

intensity (𝐼𝐹𝐼), and diversity (𝐻) were observed between the two models when the 

uncertainty ranges around predator-prey interactions were below 4-5% of their original 

uncertainty. For total system throughput (𝑇𝑆𝑇𝑝) and average path length (𝐴𝑃𝐿), significant 

differences were not observed above 3% of the original uncertainty. 

4.3.4 Changes to pairwise species dependencies 

The MTI routine was used to explore how a small increase in the biomass of any functional 

group impacted the biomass of the other groups. The routine was applied to each of the ten 

thousand model iterations with and without FK to calculate the plausible MTI ranges and 

visualise the impact of including FK. An average MTI matrix was created for the model with 

FK using the ten thousand iterations (Figure 4.5). Increases in the biomasses of lower trophic 

levels, notably phytoplankton, had the largest positive impacts on the biomasses of other 

functional groups, whereas increases in the biomasses of higher trophic groups negatively 

impacted their prey species, such as the impact of adult cod on haddock. Cannibalistic 

functional groups negatively impacted themselves. 

MTI values are relative and comparable between groups, therefore cumulative MTI’s were 

calculated for each functional group to explore their average impact on other groups as well 

as the average impact of other groups on them. The full range of MTI values were utilised 

from the ten thousand models to provide 95% confidence intervals around the cumulative 

MTI’s (Figure 4.5). Increases in the biomasses of phytoplankton, epifauna, infauna, 

zooplankton, and detritus had positive cumulative impacts on the system biomass. Sandeels, 

herring, sprat (Sprattus sprattus), and other pelagic fish also positively impacted the systems 

biomass, with predominantly positive MTI ranges. Sharks, rays, cod, and whiting showed 

largely negative MTI ranges, suggesting that increases in their biomass would, on average, 

negatively impact other groups. When looking at the impacted functional groups, the average 

cumulative MTI tended to increase with increasing trophic level. Discards and detritus also 

show positive responses to increases in system biomass. 
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Figure 4.5. Mixed trophic impact (MTI) analysis for the Irish Sea food web co-created by 

scientists and stakeholders. Values in the MTI matrix represent the average impacts 

across 10,000 model iterations. Bars highlight the average cumulative MTI’s for each 

group, showing how they impact the food web and how they are impacted by the food web. 

Error bars show the 95% confidence intervals for cumulative impacts based on the 10,000 

models produced. 

To investigate the impact of fishers’ knowledge on the MTI routine, the distributions of 

plausible MTI values were compared between model sets with and without FK (Figure 4.6). 

The greatest changes in MTI distributions were seen for the group interactions which 

included one of the six species altered by fishers’ knowledge. On average, the percentage 

overlap for distributions of MTI values for the six species targeted by fishers’ knowledge 

were reduced by 30% with the addition of fishers’ knowledge. However, the indirect 

consequences of these changes propagated through the food web, with the average 

percentage overlap for distributions of MTI values for all other groups being reduced by 
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18% after the addition of fishers’ knowledge. Overall, 168 of the MTI distributions from the 

model with FK shared less than 50% overlap with the distributions from the model without 

FK. Of these 168 interactions, 67 shared less than 95% overlap with estimates prior to the 

addition of fishers’ knowledge, and were therefore significantly altered. Adult plaice, rays, 

and discards showed the largest changes in the ways they impacted other groups whereas 

adult plaice, rays, Nephrops, and hake experienced the largest changes in the ways they were 

impacted by other groups. 

 

Figure 4.6. Impact of fishers’ knowledge on mixed trophic impact (MTI) analyses. 

Proportional overlaps were calculated between MTI distributions with and without 

fishers’ knowledge. The direction of distribution shifts were defined as positive (+) or 

negative (-). Bars highlight the average overlap for each impacted and impacting group. 

Values towards zero indicate large differences in MTI estimates with the inclusion of 

fishers’ knowledge. 
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4.4 Discussion 

A number of new food web interactions were identified and added to the Irish Sea Ecopath 

model through a co-production of knowledge approach. Fishers’ knowledge of predator-prey 

interactions came from their observations of stomach contents during processing but likely 

also from their observations of in-net feeding. Fishers’ did not distinguish for the most part 

where the knowledge came from, however it is likely their knowledge of interactions such 

as Nephrops cannibalism and marine mammal predation arose from observations of in-net 

feeding which may not necessarily occur in the wild. The difficulty in assigning qualitative 

information to a quantitative model was addressed through LIM uncertainty analysis (Hines 

et al., 2018) and the assignment of large confidence intervals (Christensen et al., 2008) to 

diets which included fishers’ knowledge. Whilst this introduced more uncertainty into the 

diet matrix, it was considered preferable to address larger uncertainty ranges than to omit 

trophic interactions. If interactions are not included in the Ecopath model, they will not be 

incorporated into further spatial and temporal extensions so that model scenarios intended 

to inform management will not be able to replicate these interactions. 

Fishers have been shown on multiple occasions to have a detailed and accurate 

understanding of the diets of the species they frequently observe and process (Bevilacqua et 

al., 2016; Ramires et al., 2015; Silvano and Begossi, 2012, 2010). Our study revealed 

generally good agreement between fishers’ knowledge and the available data, as 63% of 

fishers suggested predator-prey interactions were already included in the model. Having 

information from fishers’ knowledge and scientific knowledge in agreement aids to validate 

and reinforce both sources of information. It also encouraged greater confidence in the new 

interactions put forward by fishers, which have implications for model outputs used to 

inform fisheries and ecosystem management and enhance fishers’ uptake of management 

measures based on these models. Fishers’ knowledge is therefore a valid, yet underutilised, 

source of information which could be used to improve fisheries management (Stephenson et 

al., 2016b). However, factors such as fishers’ experience, the degree to which they work 

spatially, the times of year they fish, education levels, and the trust between fishers and 

scientists will impact the knowledge held and shared (Baigún, 2015; Hind, 2015; Johannes 

et al., 2000). Therefore trust and relationship building is a necessary pre-cursor to a 

successful co-production process (Djenontin and Meadow, 2018). 

4.4.1 Food web indicators 

Given the levels of uncertainty assumed as plausible, the study was unable to detect 

significant differences in ecosystem-level indicators when comparing models before and 
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after the addition of fishers’ knowledge. The high overlap in ecosystem level metrics is not 

surprising given the relatively small amount of changes fishers’ knowledge made to the 

network structure. Further testing of the level of uncertainty at which statistically meaningful 

differences would become apparent indicated that even at 10% of the original uncertainty 

there would still be considerable overlap in most of the system-level metrics. However, 

diversity (𝐻), Finn’s cycling index (𝐹𝐶𝐼), and indirect flow intensity (𝐼𝐹𝐼) were more 

sensitive with significant differences appearing when using only 4-5% of the original 

uncertainty. When comparing two separate ecosystems, or an ecosystem changing over time, 

using limited data to establish uncertainty bounds may lead to Type 1 errors, i.e. the 

perception of a genuine difference when there is not one. The opposite is also true, where 

too much assigned uncertainty can lead to Type 2 errors, i.e. the perception of no difference 

when there is one. Sensitivity analyses, such as the example provided here, should therefore 

be further developed and used to check ENA results, considering available data, to make 

more informed conclusions. Furthermore, indicators are also sensitive to network structure 

and topology, making it difficult to compare indicators from models with different structures 

(i.e. one which accounts for a microbial loop against one which does not) (Bentley et al., 

2019a). Developing methods to address these sensitivities represents a vital step in the 

maturation of ENA as decision makers consider applying it more broadly for environmental 

management. Alternatively, a Bayesian philosophy could be adopted whereby the frequentist 

emphasis on significance testing is abandoned in favour of a data-driven weight of evidence 

approach (Coll et al., 2019). 

Lower trophic organisms, such as primary producers, invertebrates, and the microbial loop, 

have been identified as the dominant/structural components of numerous ecosystems 

globally (D’Alelio et al., 2016; Heymans et al., 2014; Libralato et al., 2006; Pavés and 

González, 2008; Ulanowicz et al., 2014). Our findings indicate that the Irish Sea is consistent 

with this trend. Indicator analysis highlighted zooplankton, phytoplankton and epifauna as 

the food web components with the greatest relative total impact (RTI). Adding fishers’ 

knowledge did not change this conclusion on the high importance of the lower trophic level 

organisms. However, the addition of fishers’ knowledge did alter the trophic level of adult 

and juvenile plaice and the importance of toothed whales, adult cod, adult whiting, adult 

plaice, and hake. Trophic levels of functional groups are determined by the trophic levels of 

their prey (Odum and Heald, 1975). Fishers’ advised that plaice eat Nephrops as discards 

only, as they do not find that they consume whole Nephrops, often just the heads, which are 

discarded at sea during processing. As discards is a detrital group, this alteration significantly 

lowered the trophic level of plaice in the Irish Sea. This also drew attention to the importance 
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of cautiously assigning stomach record data, as records do not always differentiate between 

primary consumption and scavenging. Collaboration between fishers and scientists to create 

conceptual food webs therefore improved the credibility of the ecosystem model, reinforcing 

the idea that early involvement of stakeholders is a crucial first step for the effective co-

development of participatory research (Djenontin and Meadow, 2018). 

Incorporating fishers’ knowledge changed the diet of adult whiting and hake and 

significantly increased their RTI (Figure 4.3), increasing their impact and importance within 

the system. Conversely, fishers’ knowledge-based changes reduced the impact that a change 

in the biomass of adult cod, adult plaice, rays, and toothed whales had on other food web 

components. The modelled change in the importance of toothed whales is a consequence of 

declines in the importance of the prey species (i.e. cod and plaice). 

The largest changes which occurred as a consequence of incorporating fishers’ knowledge 

into the Irish Sea EwE model were to the nature of pairwise group interactions. The mixed 

trophic impact (MTI) routine is a useful tool to quantify and visualise the combined direct 

and indirect impacts that an increase in any of the functional groups is predicted to have on 

all other groups (Ulanowicz and Puccia, 1990). Adding fishers’ information to the model 

changed the MTI results for all functional group interactions. Most changes were 

insignificant due to the high overlap between MTI indicators with and without fishers’ 

knowledge, however 67 of the MTI distributions from the model with FK shared less than 

5% of the parameter space estimated by the model without FK. These changes were 

important as they primarily altered the MTI information of the commercial components of 

the food web. The role of adult plaice in the food web was changed dramatically due to its 

increased consumption of discards and reduced trophic level. Monkfish and hake became 

more substantial predators in the model with FK, experiencing greater biomass increases in 

response to small increases in the biomasses of cod, whiting, and haddock, whilst small 

increases in the biomasses of monkfish and hake are estimated to have a more negative 

impact on the biomasses of cod, whiting, and haddock. As the MTI analysis is often used for 

identifying keystone species (Libralato et al., 2006), the addition of fishers’ knowledge 

might change the perception of keystone species in an ecosystem. This information helps us 

to better understand how the impacts of stressors such as fishing or climate change, which 

directly impact one or multiple food web components, could be indirectly propagated 

throughout the ecosystem. Fishers’ knowledge therefore led to network changes which will 

influence pairwise advice derived from the model to support ecosystem-based management 

and policy. 
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4.4.2 Impact of fishers’ knowledge on the modelled role of discards 

Previous analysis without fishers’ knowledge highlighted the importance of discards as a 

controlling group over seabirds, crabs and lobsters, and Nephrops in ten thousand network 

parameterisations (Chapter 3 ; Bentley et al., 2019a). By adding fishers’ knowledge, the 

impact of discards on plaice, whiting, and rays significantly increased. DAPSTOM does not 

differentiate prey as being as being consumed through primary consumption or scavenging, 

therefore the importance of discards may be understated in such databases. It is likely to be 

difficult for those conducting stomach surveys to determine if prey were consumed as 

discards either due to unfamiliarity with the signs that prey were consumed dead (i.e. only 

Nephrops heads being consumed) or due to stomach contents being digested, making it 

harder to identify scavenging. The model developed through a co-production approach 

suggests that the EU landing obligation (EC, 2013), which requires all catches of regulated 

commercial species to be landed, thus reducing discards, may have trophic implications for 

a wider range of functional groups than previously thought. However, it is challenging to 

identify how significant this impact would be, as none of these functional groups solely 

depend on discards (Depestele et al., 2019; Heath et al., 2014). Nevertheless, this alteration 

demonstrates the capacity of participatory research to reveal unforeseen impacts of 

anthropogenic and environmental change. 

4.4.3 Fishers’ knowledge: localised benefits and global discourse 

Transdisciplinary approaches and co-design are now being called for at both the scientific 

and policy level (EMB, 2019). The positive impacts of scientific research are likely to be 

strengthened by engaging stakeholders in its design, development, and delivery and by 

providing feedback on the impact and value of their contribution (Djenontin and Meadow, 

2018; Johannes et al., 2000; Mackinson et al., 2011; Reed, 2008). ICES is at the forefront in 

providing scientific advice on European fisheries and therefore is in an ideal position to 

develop and promote such participatory research and guide its integration into management 

(Mackinson et al., 2011). 

Focussing on the localised benefits of the WKIrish experience, the co-production of 

knowledge approach improved the rigor of the Irish Sea model and provided an opportunity 

to test and develop new methodologies to forward the field of research (Bentley et al., 2019c; 

Pedreschi et al., 2019). From a stakeholder perspective, inclusion of FK influenced the 

structure of the model, which increased stakeholder buy-in and engagement with the process, 

and continues to guide the direction of future collaboration and research objectives (ICES, 

2018e). Fishers’ recommended that researchers prioritise ecosystem modelling in the future, 
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with the desire to better understand (i) the roles of food web components not currently under 

management, (ii) the impact of area closures on commercial stocks and the ecosystem, and 

(iii) how best to maximise the sustainability of fisheries and socio-economic benefits. 

In the context of the global scientific discourse, experts expect that stakeholder participation 

in research will become fundamental for the delivery of credible and more readily usable 

results to support and legitimise management (EMB, 2019; Raymond-Yakoubian et al., 

2017; Stephenson et al., 2016b). For this to succeed, standards and frameworks need to be 

provided in order to develop the participatory approach. WKIrish serves as an example of 

successful participatory research which is en-route to incorporate co-produced ecosystem 

information into ICES fisheries advice (ICES, 2018e). Through WKIrish, fishers’ 

knowledge was used to feed into studies on species diets, historical fishing effort (Chapter 

5; Bentley et al., 2019c), and integrated ecosystem assessments (Pedreschi et al., 2019). 

However, through the methodologies established here and in other co-production studies, 

fishers’ knowledge could be used to feed into studies on temporal and spatial abundances 

(Macdonald et al., 2014), population dynamics (DeCelles et al., 2017), and socio-economic 

dynamics (Scholz et al., 2004), in order to inform different management processes and policy 

dimensions. Listed below are the lessons from WKIrish which were key to the positive co-

production experience and useful for the wider fishers’ knowledge and co-production 

discourse: 

• The research was initially requested by the fishing industry and linked to impending 

changes in the policy advice for Irish Sea fisheries, establishing immediate 

stakeholder buy-in and research engagement.  

• Working relationships and trust between stakeholders and scientists were 

established prior to WKIrish. Harnessing pre-existing relationships facilitated open 

discussions and negated the often-combated issue of mistrust. 

• Stakeholders participated at all stages of WKIrish, including definition of the 

problem, development of the benchmark structure, data collection, data analysis, 

testing results, and knowledge dissemination.  

• Knowledge was shared, not harvested, and time was taken to reach mutual 

understandings by combining multiple knowledge sources from stakeholders in an 

open and informal forum.  

• Results and the value of stakeholder contributions were disseminated back to 

stakeholders via presentations and printed research briefs (summaries) to overcome 

the inaccessibility of primary scientific information. 
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4.4.4 Study limitations 

There are two main limitations to this present study. Firstly, from the discussion with fishers, 

only six species, in a food web model with 41 compartments, were considered and respective 

trophic interactions modified. Furthermore, 63% of interactions identified by fishers were 

already included in the model without FK. Whilst more a reality than a limitation, this limited 

the scope to observe any impact of fishers’ knowledge on whole system indicators (𝑇𝑆𝑇𝑝, 

𝐹𝐶𝐼, 𝐴𝑃𝐿, 𝐼𝐹𝐼, 𝐻) as these indicators are products of all the flows of energy throughout the 

system, of which only 14% were modified. Additionally, system indicators tend to be more 

critically influenced by the few strong links with big energy flows, such as those between 

primary producers and lower trophic levels, than they are by the relatively small and diverse 

energy flows at higher trophic levels which were altered by fishers’ knowledge (Ulanowicz 

et al., 2014). However, since this was an exercise in co-production, the path taken remains 

preferable for the development of a food web model using the best available knowledge. 

Secondly, fishers provided qualitative information which was quantified in the model based 

on the values already assembled from scientific data. This approach ensured the model 

remained mass-balanced (i.e. demands on functional group did not exceed their production) 

and provided an environment within which qualitative diet information could be readily 

quantified relative to other parameters in the model such as species biomass, consumption 

rates, and production rates. However, by not quantifying fishers’ knowledge independently 

of scientific knowledge, the plausible inputs for fishers’ new additions were restrained by 

scientific data. Again, whilst this limited the scope of impact of fishers’ knowledge on food 

web indicators, this approach provided a means to co-create knowledge using qualitative 

fishers’ knowledge within the boundaries of the available quantified scientific knowledge. 

4.5 Conclusion 

WKIrish has been key to increasing the interest of stakeholders in the continued development 

of an ecosystem modelling capacity for the Irish Sea. By disseminating results back to 

fishers’, it was possible to demonstrate the visible impact and value of their knowledge and 

together build a road map for future collaboration (ICES, 2018e). Based on the experience 

of participating in WKIrish, it is recommended that the approach taken by WKIrish should 

be considered for other ICES regions, and by other organisations which hold a similar 

position of influence. Not only has this work increased our ecosystem understanding, but 

through stakeholder buy-in, the process has strengthened relationships between fishers’ and 

scientists and serves as a positive example of the co-production approach. 
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5 Using fishers’ knowledge of historic fishing effort to drive temporal 

food web simulations 

This chapter is published as: Bentley, J.W., Serpetti, N., Fox, C., Heymans, J.J. and 

Reid, D.G., 2019. Fishers’ knowledge improves the accuracy of food web model 

predictions. ICES Journal of Marine Science, 76, 4, pp. 897–912, 

https://doi.org/10.1093/icesjms/fsz003. I was the lead author of this paper, developed the 

new methodologies and conducted the data analysis. DGR chaired the WKIrish 

workshops. All co-authors provided inputs and comments to shape the final manuscript. 

 

5.1 Introduction 

This chapter builds on the work described in Chapters 2-4 which resulted in a new Ecopath 

model of the Irish Sea providing a mass-balanced snapshot of how the food web may have 

appeared in 1973. In this chapter the model was extended into a dynamic version 

incorporating historical fishing trends. As discussed in Chapter 4, considerable progress has 

been, and continues to be made towards the integration of fishers’ knowledge into science 

and management (Stephenson et al., 2016b). In developing countries, where less data may 

be available, it is not uncommon for fishers’ knowledge to be the primary source of 

information for fisheries management (Johannes, 1998; Johannes et al., 2000). Fishers have 

valuable knowledge relating to changes in stock sizes (Eddy et al., 2010), habitat preferences 

(Bergmann et al., 2004), fish behaviour (Moreno et al., 2007), dietary preferences as 

demonstrated in Chapter 4 (Bentley et al., 2019a; Drew, 2005), and changes in fishing effort 

(McCluskey and Lewison, 2008). The dialogue required to capture fishers’ knowledge can 

be effective in strengthening credibility, collaboration and trust between fisheries 

stakeholders, scientists, and managers as well as leading to a more complete understanding 

of the ecosystem for all parties (Steven Mackinson, 2001; Mackinson et al., 2011; 

Stephenson et al., 2016b). Recent trends for co-production of knowledge in environmental 

sciences go one-step further in involving stakeholders throughout the scientific to policy 

advice process. This means that the incorporation of knowledge becomes genuine 

knowledge sharing, rather than simply harvesting of an additional data source (Djenontin 

and Meadow, 2018; Meadow et al., 2015; Wall et al., 2017). 

As mentioned in the Chapter 1, ecosystem modelling would likely benefit from a co-

production of knowledge approach. Because ecosystem models are capable of bringing to 

life scenarios which are far too complex to observe or measure in situ, ecosystem models 

https://doi.org/10.1093/icesjms/fsz003
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lend themselves to ecological education and elucidation. However, the parameterisation of 

ecosystem models is demanding; scientific knowledge alone is often too limited to fully 

realise a model’s potential. As discussed in Chapter 4, a ‘post-normal’ approach to 

ecosystem modelling may be beneficial for both modellers and stakeholders. To date, few 

ecosystem models have incorporated fishers’ knowledge into their parameterisation, 

although examples do exist for northern British Columbia (Ainsworth and Pitcher, 2005) 

and the Brazilian northeast coast (Bevilacqua et al., 2016). These examples gathered fishers’ 

knowledge using interview style approaches and used the information to parameterise 

biological attributes for functional groups and to reconstruct historical stock biomass time 

series. 

In Ecopath with Ecosim (EwE), Ecopath is used to set up a mass-balanced representation of 

the food web in a reference year and Ecosim is then used to reconstruct the food web 

dynamics over time since the reference year (Villy Christensen and Walters, 2004). Ecosim 

thus requires time-series to drive the simulation. These time-series are typically fishing effort 

(or mortality) plus potential environmental drivers. 

When building the Irish Sea EwE model, fishing effort data was only available back to 2003 

for a number of gear types (pots, gill nets, long-lines, pelagic nets and dredges). However, 

commercial stock assessment estimates of biomass for the main commercial species are 

available back to 1973. It is in instances such as these that fishers’ knowledge has been 

championed as a valuable additional source of information to complete the data gaps 

(Johannes et al., 2000; Mackinson and Nottestad, 1998). During benchmark workshops for 

WKIrish, fishers were therefore invited to share their knowledge of historic fishing effort in 

the Irish Sea (ICES, 2018c). In order to avoid one-directional data harvesting, the results 

from this study were shared with stakeholders at a follow-up WKIrish event, where a 

roadmap was co-developed for future research and collaboration. 

Parameterisation of EwE models are vulnerable to input uncertainty because of the amount 

of information required for each functional group (Gal et al., 2014). Recognising this, Monte 

Carlo approaches (Kennedy and O’Hagan, 2001) were used to generate a range of plausible 

inputs (Heymans et al., 2016; Steenbeek et al., 2018). Production of the corresponding range 

of model outputs allowed the end-users to make stronger ecological inferences from the 

results (de la Vega et al., 2018).  
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5.1.1 Study aims 

This chapter demonstrates how fishers’ knowledge on historical fishing effort was 

incorporated into the Irish Sea EwE model, taking account of uncertainty around this input. 

The overall aim was to investigate whether incorporating fishers’ knowledge would increase 

the capacity of the model to simulate historic biomass and catch trends, and therefore better 

understand the drivers of ecosystem change in the Irish Sea. 

5.2 Methods 

5.2.1 Ecopath model 

Ecopath (version 6.6 beta) was used to construct a model of the Irish Sea Ecosystem 

representative of 1973 (Bentley et al., 2018). Refer to Chapters 2, 4, and Appendix A for an 

in-depth description of the methods and parameters used in the model’s construction.  

5.2.2 Introduction to Ecosim 

This chapter introduces the Ecosim component of the Irish Sea EwE model. Ecosim uses the 

mass balanced Ecopath model to simulate temporal change in the ecosystem (Walters et al., 

2000, 1997). Temporal biomass dynamics are expressed through a series of coupled 

differential equations derived from the Ecopath master equation for production (Chapter 2), 

taking the form of: 

where 𝑑𝐵𝑖 𝑑𝑡⁄  represents the growth rate of group 𝑖 in terms of its biomass (𝐵𝑖) during the 

time interval 𝑑𝑡; 𝑔𝑖 is the net growth efficiency of group 𝑖; 𝑀𝑖 is the ‘other’ (non-predation) 

natural mortality rate estimated from the ecotrophic efficiency; 𝐹𝑖 is the fishing mortality 

rate; 𝑒𝑖 is the emigration rate; 𝐼𝑖 is the immigration rate. Consumption rates (𝑄𝑗𝑖) are 

calculated based on the ‘foraging arena’ concept, wherein 𝐵𝑖’s are divided into vulnerable 

and invulnerable components (Walters et al., 1997). As a consequence of user requests for 

adding new facilities to Ecosim, the equation for consumption has grown into the following 

elaborate expression:  

where 𝑎𝑖𝑗 is the effective search rate for predator 𝑗 feeding on a prey 𝑖, 𝑣𝑖𝑗 is vulnerability 

expressing the rate with which prey 𝑖 move between being vulnerable and not-vulnerable 

(further described in section 5.2.5), 𝐵𝑖 is prey biomass, 𝑃𝑗 is predator abundance, 𝑇𝑖 

𝑑𝐵𝑖

𝑑𝑡
= 𝑔𝑖 ∑ 𝑄𝑗𝑖

𝑗

− ∑ 𝑄𝑖𝑗 +

𝑗

𝐼𝑖 − (𝑀𝑖 + 𝐹𝑖 + 𝑒𝑖) × 𝐵𝑖 Equation 5.1 

𝑄𝑖𝑗 =
𝑎𝑖𝑗 × 𝑣𝑖𝑗 × 𝐵𝑖 × 𝑃𝑗 × 𝑇𝑖 × 𝑇𝑗 × 𝑀𝑖𝑗/𝐷𝑗

𝑣𝑖𝑗 + 𝑣𝑖𝑗 × 𝑇𝑖 × 𝑀𝑖𝑗 + 𝑎𝑖𝑗 × 𝑀𝑖𝑗 × 𝑃𝑖 × 𝑇𝑗/𝐷𝑗
 × 𝑓(𝐸𝑛𝑣𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 , 𝑡) 

Equation 5.2 
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represents prey relative feeding time, 𝑇𝑗 is predator relative feeding time, 𝑀𝑖𝑗 is mediation 

forcing effects, and 𝐷𝑗  represents handling time as a limit to consumption rate (Ahrens et al., 

2012; Christensen et al., 2008). 𝑓(𝐸𝑛𝑣𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 , 𝑡) is the environmental response function 

that restricts the size of the foraging arena to account for external environmental drivers 

which change over time, such as temperature, salinity or ocean acidity (Bentley et al., 2017; 

Christensen et al., 2008). 

In Ecosim, multi-stanza groups are split into juvenile and adult components using a Deriso-

Schnute delay-difference model (Deriso, 1980; Schnute, 1987) to keep track of the numbers 

that recruit from juvenile to adult stages, and the numbers at age/size in the adult groups. 

The recruitment function predicts the number of age 0 juveniles produced in month 𝑡 from 

adult biomass (𝐵𝐴,𝑡), numbers (𝑁𝐴,𝑡), and food consumption (𝐶𝐴,𝑡): 

𝑅(𝐵𝐴,𝑡, 𝑁𝐴,𝑡, 𝐶𝐴,𝑡) Equation 5.3 

Ecosim estimates a baseline recruitment rate (𝑅0) for each adult pool by assuming 

equilibrium in Equation 5.3. Recruitment occurs at 𝑘 months, and baseline recruitment at 

age 0 months is calculated as: 

𝑅0
∗ = 𝑅0exp (𝑍𝐽,0𝑘) Equation 5.4 

where 𝑍𝐽,0𝑘 is the juvenile pool total mortality rate at 𝑘 months. To affect a change in 𝑅∗over 

time, it is assumed that 𝑅∗ is limited by recent feeding rates using the function: 

𝑅(𝐵𝐴,𝑡, 𝑁𝐴,𝑡, 𝐶𝐴,𝑡) = 𝑅0
∗  × (

𝑁𝐴,𝑡

𝑁𝐴,0
) × [

(1 − 𝑃𝑔
𝑟𝑒𝑎𝑙𝑖𝑧𝑒𝑑) × 𝑄𝐴,𝑡

(1 − 𝑃0) × 𝑐𝐴,0
] Equation 5.5 

 

where 𝑅 is scaled relative to 𝑅0
∗ by the ratio of adult abundance at time 𝑡 (𝑁𝐴,𝑡) to the initial 

abundance (𝑁𝐴,0) and by the ratio of per biomass food consumption allocated to reproduction 

((1 − 𝑃𝑔
𝑟𝑒𝑎𝑙𝑖𝑧𝑒𝑑) × 𝑄𝐴,𝑡) to the baseline food allocation ((1 − 𝑃0) × 𝑐𝐴,0).  

5.2.3 Fishers’ knowledge 

WKIrish stakeholder workshops (WKIrish4) were held in Dun Laoghaire, Ireland, on the 

23- 27/10/2017 and in Kilkeel, Northern Ireland, on the 08/12/2017 (ICES, 2018c). The first 

meeting was attended by nine fishing industry stakeholders, an NGO representative, and a 

recreational fisherman, the second by 12 fishing industry stakeholders. The stakeholders 

were invited via their Producer Organisations (PO). There was no specific selection, 

however, the POs were asked to invite those fishers who would have knowledge of the 

fisheries of interest back to 1973. This meant that they were in an age bracket between 45 
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and 65 years old, with between 30 and 40 years of fishing experience. Several were also sons 

of fishermen and could convey the knowledge of their predecessors. Each industry 

stakeholder had worked with or had knowledge of most of the different gear types in the 

model, therefore each effort trend was reconstructed as a group exercise. The group included 

mainly representatives from Ireland, with one person each from Northern Ireland and 

mainland UK. The knowledge co-production process is illustrated in Figure 5.1. The process 

was informed by the guidance given in the GAP2 “Oral Histories Tool”, 

http://gap2.eu/methodological-toolbox/oral-histories/. 

Fishers were shown the STECF data on a graph and asked to fill in the 1973-2003 gaps in 

information to the best of their knowledge. Fishers were asked to perceive fishing effort as 

a fleets ‘killing power’, avoiding the potential inclination to link effort to factors such as 

number of vessels or time at sea which may be misrepresentative of fishing effort in kilowatt 

(KW) days. The actual process involved fishers describing changes in the fishing effort as a 

narrative, the chairman then made a tentative interpretation of that on the graphs pictured in 

Figure 5.1. The fishers would then agree or disagree, and the graphed trend altered as they 

directed until a consensus was arrived at. Every effort was taken to avoid leading the fishers’ 

views in any particular direction, the role of the chairman was simply to interpret what they 

had said on the graphs. Fishers’ trends were incorporated into the Ecosim model during the 

workshop and preliminary results were shared to provide immediate feedback and enhance 

the fishers’ experience of ecosystem models in action (ICES, 2018c). 

The second workshop was held in Kilkeel, Northern Ireland one month after the first 

workshop. This second workshop was attended by 12 fishers, with a similar age and 

experience profile. The main focus of this workshop was on the pelagic effort trends, as this 

metier in the Irish Sea is mainly operated from this port. The Kilkeel fishers were also shown 

the other effort trends from the first workshops and asked if they agreed with these, which 

they did. Many of these fishers would also have worked in the other Irish Sea demersal and 

Nephrops fisheries. 

http://gap2.eu/methodological-toolbox/oral-histories/
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Figure 5.1. Methodology for the construction of historic fishing effort trends for the Irish Sea using fishers’ experiential and inherited 

knowledge. 
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5.2.4 Adjusted fishers’ knowledge 

During preliminary data testing, the addition of fishers’ perceptions of historical fishing 

effort to the model caused numerous functional groups to collapse. This outcome could be 

due either to incorrect model parameterisation (i.e. the initial catches in Ecopath being too 

high), or overestimation of the historical changes in fishing effort. The initial catches in 

Ecopath are taken from official landings reports, and whilst there may be errors in the data 

reported, altering the model inputs would require assumptions that could not be justified 

without additional evidence. Research proceeded under the assumption that the trends fishers 

provided were more accurate than the magnitude of change over time. 

Bayes’ Theorem was used to estimate adjusted fishers’ efforts (posterior probability 

distribution) as a consequence of the ability of unadjusted fishers’ efforts (prior probability 

distribution) to simulate observed trends (likelihood function). Posterior probability 

distributions are an alternative to P-values and provide a direct measure of the degree of 

belief that can be placed on parameter estimates (Ellison, 2004). The process designed for 

this study has been conceptually illustrated in Figure 5.2. 

Fishers’ trends were transformed into probability distributions, spanning ± 99% of the 

fishers’ baseline estimate based on the largest deviation between scientific and fishers’ effort 

magnitudes. Effort magnitude changes resulting in trends which fell below zero were 

excluded. Biomass and catch trends were simulated for ten thousand random magnitude 

combinations using Multi-Sim (Steenbeek et al., 2016). Multi-Sim is an Ecosim plugin 

which automatically perturbs environmental and anthropogenic drivers (in this case fishing 

effort) and collates Ecosim results. The sum of squared deviations (SS) between simulated 

and observed biomass and catch trends were used to estimate the posterior distribution of 

fishers’ efforts. A cyclic approach was implemented, using posterior distributions as prior 

distributions for the following cycle, until the overall SS was minimised. 
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Figure 5.2. Conceptual diagram of the Bayesian inference cycle designed to optimise the 

magnitude of fishers’ efforts in order to reduce the sum of squared deviations between 

observed and predicted biomass and catch time series for functional groups in the Irish 

Sea Ecopath with Ecosim model. 

 

5.2.5 Ecosim scenarios, inputs, and model fitting 
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knowledge only, and (4) hybrid knowledge – which was a combination of 1 and 3. Each 

scenario used fishing effort and/or mortality time series to drive fisheries catch (Table 5.1). 

Table 5.1. Fishing time series (effort and mortality) used to drive four Irish Sea Ecosim 

scenarios: 1) scientific knowledge only (S1), 2) fishers’ knowledge only (S2), 3) adjusted 

fishers’ knowledge only (S3), and 4) hybrid knowledge (S4). Dark shading = scientific 

knowledge; Light shading = Fishers knowledge 

 S1 S2 S3 S4 

Fleet fishing effort     

Beam Trawl   *  

Otter trawl   *  

Nephrops trawl   *  

Pelagic nets -  * * 

Gill nets -  * * 

Pots -  * * 

Dredge -  * * 

Long line -  * * 

Group fishing mortality     

European plaice  - -  

Common sole  - -  

Flatfish  - -  

Atlantic herring  - - - 

European sprat  - -  

* denotes adjusted fishers time series 

 - denotes the absence of a driver 
 

 

Biomass time series were taken from ICES stock assessments or working group reports 

where available. For functional groups without dedicated stock assessments, biomass 

estimates were taken from trawl data available through ICES Database of Trawl Surveys 

(DATRAS; ICES, 2017a, 2017b). Biomass time series for cetaceans and seabirds were 

extracted from North-East Atlantic species distribution models subset for ICES area VIIa 

(Waggitt et al., 2019). Biomass trends for phytoplankton, large zooplankton (>2 mm), and 

small zooplankton (<2 mm) functional groups were taken from the Sir Alister Hardy 

Foundation for Ocean Science (SAHFOS) Continuous Plankton Recorder (CPR) survey 
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(Richardson et al., 2006). The phytoplankton colour index (PCI) was used as a proxy for 

phytoplankton biomass. Catch time series were taken from ICES landing statistics (ICES, 

2018d), stock assessments, and working group reports. Whilst catch time series were entered 

into the model as absolute values, biomass was added as ‘relative biomass’, where the 

software takes the ratio of 'observed' to estimated value for the years where there are 

observations and estimates a scaling factor. Observations are then scaled and plotted on top 

on the estimated values. Whilst initial observed and estimated biomass values may not align, 

model simulations should follow the general trends of observed data. This method was used 

as a number of time series do not represent absolute values but provide relative trends, such 

as indicators of plankton biomass, DATRAS survey estimates with uncertain catchability 

rates, and an index in number of individuals for Nephrops norvegicus. Plotted observation 

data and their sources can be found in Appendix B: Figure B.1 and Figure B.2. 

Temperature functional responses were incorporated into all models following the 

methodologies outlined in recent studies which have used Ecosim to simulate the impact of 

ocean warming (Bentley et al., 2017; Corrales et al., 2018; Serpetti et al., 2017). Temperature 

functional responses impact the interaction specific consumption rates of predators (𝑄𝑖𝑗) 

(Equation 5.2). 

The environmental response function imposes a multiplier on the consumption equation 

which can range from zero to one. Temperature tolerance ranges were applied as Gaussian 

response functions, designed using temperature tolerance ranges taken from AquaMaps 

(Kaschner et al., 2016) (Figure 5.3). These responses impact the consumption rates of 

predators in response to changes in Irish Sea depth integrated temperature (°C) from 1973 

to 2014 (Figure 5.4). The data used spans 11 depth layers from 0 m (surface temperature) to 

150 m (max depth temperature) and was derived from two datasets: 

• Dataset 1: Atlantic-European North West Shelf-Ocean Physics Reanalysis from Met 

Office (1985-2014) (Wakelin et al., 2015). 

• Dataset 2: Hadley Centre Sea Ice and Sea Surface Temperature data set (HadISST) 

(1973:2014) (Rayner et al., 2003). 

Temperature functional responses were incorporated into the model prior to the Bayesian 

effort magnitude search. 
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Figure 5.3. Temperature ranges for functional groups in the Irish Sea Ecopath with 

Ecosim model. Tolerance ranges taken from AquaMaps (Kaschner et al., 2016). 

 

Figure 5.4. Depth integrated temperature (°C) time series for the Irish Sea (VIIa). 

After the addition of fishing and temperature drivers, model simulations were fitted against 

observed data using an automated stepwise fitting plugin (Scott et al., 2016). The automated 
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fitting constructed a series of model iterations to determine which combination of parameters 

(estimated vulnerabilities and/or Primary Production (PP) anomaly-described below) 

provided the best statistical fit for model simulations against observed data, as determined 

by sum of squares and Akaike’s Information Criterion for small sample sizes (AICc) 

(Akaike, 1974; Burnham and Anderson, 2003). The stepwise fitting estimated up to 51 

parameters given that a total of 52 calibration time series were provided (29 biomass, 23 

catch). Calibration time series and data sources are provided in Appendix B. Estimating one 

parameter less than time series provided ensured statistical strength was maintained (Scott 

et al., 2016). The fitting procedure was carried out for each model scenario, and for each 

scenario the iteration with the lowest AICc was selected as the best fit model. 

Ecosim uses the foraging arena theory (Ahrens et al., 2012) to quantify ‘vulnerabilities’, 

which represent the degree to which a change in predator biomass will impact predation 

mortality for a given prey. Vulnerabilities (𝑣𝑖𝑗) impact the interaction specific consumption 

rates of predators (𝑄𝑖𝑗) as outlined in Equation 5.2 and can be adjusted in the software 

interface by applying multipliers to the rate with which a prey moves between being 

vulnerable and not-vulnerable (Villy Christensen and Walters, 2004). Multipliers can range 

from one to infinity with two as the default. Vulnerabilities with multipliers greater than two 

indicate top-down control, where predator biomass drives prey mortality, whereas 

vulnerabilities with multipliers between one and two suggest bottom-up control, where even 

large increases in predator biomass cause only a limited increase in the consumption rate of 

that predator on the given prey, therefore the biomass of the prey regulates predator 

consumption (Villy Christensen and Walters, 2004; Heymans et al., 2016). Environmental 

drivers and climate variability indices which impact the dynamics of the marine ecosystem, 

but are not explicitly incorporated into the model, may be captured by estimating an anomaly 

function for the production rate of primary producers. In the Irish Sea model this function 

was applied to the phytoplankton functional group. When estimating the anomaly the 

maximum number of spline points was set to five as large-scale climatic drivers have 

multidecadal trends, therefore only one spline point (or change in direction) was required 

per decade in Ecosim (Serpetti et al., 2017). 

The impact of input parameter uncertainty on model predictions was then addressed using 

the Monte Carlo approach (Kennedy and O’Hagan, 2001). Basic input parameters were 

assigned data pedigree confidence intervals based on data origin (see Chapter 2). One 

thousand mass-balanced models were produced for each scenario using the EcoSampler 
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plugin (Steenbeek et al., 2018) and 95% confidence intervals were calculated from model 

outputs. 

5.3 Results 

5.3.1 Fishers’ effort trends 

Fishers provided effort trends for beam trawl, otter trawl, Nephrops trawl, pelagic net, gill 

net, pot, dredge and longline fleets (Figure 5.5). Trends were designed using a co-production 

approach and therefore, in most cases, a single trend was provided for each fleet, however 

in cases where opinions conflicted, multiple trends were taken for an individual fleet (ICES, 

2018c). Fishers’ effort trends span the 1973-2003 knowledge gap, however during the 

second workshop in Kilkeel, fishers also estimated trends from 2003-2014 for otter trawl 

and pelagic net fishing effort.  

For beam trawls, fishers felt effort had increased up till 2000 but had then declined. The 

overall trends for this gear were in good agreement with available scientific data (Figure 

5.5). For otter trawls, fishers proposed two trends, version 1 increased from 1985-1990, 

declining after 1995, whereas version 2 dramatically declined from 1975-1995 and plateaued 

from there. The otter trend for version 2 showed greater similarity to scientific data (Figure 

5.5a). For Nephrops trawls, fishers suggested effort had increased up until the early 1990’s 

and slowly declined to present day. This trend showed good agreement with scientific data 

(Figure 5.5a). Fishers provided two trends for pelagic nets (Figure 5.5a). Effort in version 1 

drastically declined in the early 1980’s and increased in the late 1980’s/early 1990’s. From 

1995 on, fishers felt effort had declined. This trend showed decent agreement with the 

fishing mortality (F) of herring in the Irish Sea. Version 2 of fishers’ pelagic net trend 

showed poor agreement with scientific data, increasing from 1980 to 1990 and then declining 

in the early 2000’s. No scientific data was available to compare against fishers’ trends for 

gill nets, dredges, longlines or pots. For gill nets, fishers felt effort had increased in the mid 

1980’s but then declined from the mid 1990’s onwards (Figure 5.5b). Fishers suggested 

potting effort had continuously increased since 1990, slowly at first but much more rapidly 

from 1995. For dredges, fishers felt effort had decreased rapidly during the early 1990’s. 

Fishers explained how longline effort had increased since 1980, with a large increase around 

2000. 

Whilst the trends were consistent between scientific data and fishers’ effort time series, the 

magnitude of changes for beam, otter and Nephrops trawls were much larger according to 

fishers’ knowledge (Figure 5.5). 
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Figure 5.5. Fishing effort trends for fleets in the Irish Sea. (a) Gear types with observed 

data from 1973-2014 in comparison to fishers’ effort trends; (b) Fishers’ effort trends for 

gear types which don’t have observed data for 1973-2014. For numerous fishers’ effort 

trends, fishers’ filled only the 1973-2003 knowledge gap, therefore dashed lines indicate 

observed effort from the Scientific, Technical and Economic Committee for Fisheries 

(STECF, 2018b). Observed data for beam and otter trawls were taken from the Celtic Seas 

working group (ICES, 2017c), for the Nephrops trawls, the effort trend was taken from 

Coughlan et al., (2015) who reconstructed the trend based on CPUE. Fishers trends for 

pelagic net effort are compared to the relative instantaneous fishing mortality of herring 

in the Irish Sea, calculated as catch/biomass. 
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5.3.2 Adjusted fishers’ effort trends 

In total, 40,000 combinations of fishers’ efforts with altered magnitudes were tested to 

identify which combination minimised the model’s SS pre-fitting. This equated to four loops 

(10,000 combinations each) of the Bayesian inference cycle depicted in Figure 5.2. After the 

first loop, Nephrops trawl effort was restricted to a smaller magnitude range (-65% to -99%). 

At the end of the second loop the effort range for Nephrops trawl was further reduced (-82% 

to -99%) with the addition of a beam trawl restriction (-78% to -99%). After the third loop 

the effort of Nephrops (-95% to -99%), beam (-94% to -99%) and otter (-6% to -99%) trawls 

were all limited to lower magnitudes. After the fourth run, the 95% distribution of efforts 

from the top 500 models overlapped with the 95% distributions of the worst 500 models, 

therefore it was no longer possible to subdivide effort ranges with confidence. 

Fleets with multiple effort trends were selected evenly to ensure the randomly generated 

combinations were not biased towards certain trend versions. Overall, 82% of the 500 

combinations with the lowest SS used beam trawl version 2, 91% used otter trawl version 2, 

and 96% used pelagic net version 1. There was therefore a clear statistical preference for 

these trends over their counterparts.  

The lowest SS produced by the first 10,000 iterations was 58,716. With range restrictions, 

the lowest SS dropped to 6,330 after the second loop, 3,562 after the third loop and a 

minimum of 2,947 after the fourth and final loop. The magnitude changes for the lowest SS 

were as follows: beam trawl version 2: -96%; otter trawl version 2: -61%; Nephrops trawl: -

99%; pelagic nets version 1: +13%; gill nets: -70%; pots: +43%; dredge: +23%; longlines: -

24% (Figure 5.6). These effort trends were used for the adjusted fishers’ effort Ecosim 

scenario. 

5.3.3 Ecosim scenario results 

Simulations were produced using the fishing effort scenarios detailed in Table 5.1 above. 

Simulated biomass and catch trends were fitted to time series via the adjustment of predator 

vulnerabilities and a PP anomaly applied to phytoplankton. For each data scenario the best 

fitting model was identified by the lowest AICc. 

5.3.3.1 Scenario 1: scientific knowledge 

Using scientific information, a best fit model was produced with an AICc of -592 and an SS 

of 1,039. Of the 1,039 SS, 308 can be attributed to biomass predictions and 731 to catch. 

Biomass predictions for commercial stocks (cod, whiting, haddock, plaice, sole, herring and 

Nephrops) tended to follow the trajectories of observed data (Figure 5.7). However, this 
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scenario failed to capture the observed catch dynamics for functional groups which were not 

primarily driven by any of the incorporated effort or F time-series. For example, the steep 

catch increase in ‘lobsters and large crabs’ and ‘epifauna’ was not replicated, resulting in 

high SS contributions from these groups (Figure 5.8). The epifauna functional group 

includes commercially caught species such as common whelk (Buccinum undatum), 

European edible sea urchin (Echinus esculentus), common mussel (Mytilus edulis) and 

velvet swimming crab (Necora puber) among others (Bentley et al., 2018). 

 

  

Figure 5.6. Fishers’ effort trends for fleets in the Irish Sea. Trends are surrounded by +/- 

99% magnitude shifted trends. The dashed lines signify the combination of trends best 

able to reduce the models sum of squared deviations (SS) and were used in the final model. 
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Figure 5.7. Biomass trends for the commercially important stocks in the Irish Sea EwE 

model. Solid lines indicate model predictions and dots represent observed data. 

Predictions are surrounded by 95% confidence intervals calculated using a Monte Carlo 

approach, generating 1,000 models within the range of plausible input estimates. Model 

predictions were generated using four sources of fishing effort data: 1) Scientific 

knowledge, 2) adjusted fishers’ knowledge, 3) hybrid knowledge. 

 



Chapter 5: Using fishers’ knowledge of historic fishing effort 

104 

 

  

Figure 5.8. Catch trends for a selection of functional groups in the Irish Sea EwE model. 

Solid lines indicate model predictions and dots represent observed data. Predictions are 

surrounded by 95% confidence intervals calculated using a Monte Carlo approach, 

generating 1,000 models within the range of plausible input estimates. Model predictions 

were generated using four sources of fishing effort data: 1) Scientific knowledge, 2) 

adjusted fishers’ knowledge, 3) hybrid knowledge. 

Monte Carlo analysis highlighted the uncertainty in model predictions based on the potential 

range of input parameters (Figure 5.7, Figure 5.8). Uncertainty ranges show that input 

alterations were unable to improve the fit of catch predictions lacking fishing drivers. 

The best-fit model estimated 37 vulnerabilities (15 top-down, 22 bottom-up) (Table 5.2) and 

a PP anomaly with 3 spline points (Figure 5.9a). Initial investigations using Pearson’s 

correlation analysis, which are further explored in Chapter 6, show the estimated PP function 

to be significantly negatively correlated (𝑝 < 0.001; 𝑟 = -0.80) with the 10-year smoothed 

Atlantic Multidecadal Oscillation index (AMO) which is a detrended temperature time series 
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based upon the average anomalies of sea surface temperatures in the North Atlantic basin 

(NCAR, 2019a) (Figure 5.9b). 

Table 5.2. Predator vulnerabilities for the Irish Sea Ecosim model under different fishing 

effort scenarios. Vulnerabilities impact predator consumption rate and can range from 

one to infinity with two as the default. Vulnerabilities greater than two indicate top-down 

control whereas vulnerabilities between one and two suggest bottom-up control. 

 Functional group 
Scientific  

knowledge 

Fishers  

knowledge 

Adjusted fishers  

knowledge 

Hybrid  

knowledge 

1 Toothed whales 1.00 2.00 1.00 1.04 

2 Minke whales 1.00 2.00 2.00 >1000 

3 Seals 1.04 2.00 1.00 1.00 

4 
Seabirds (high discard 

diet) 
1.00 1.00 >1000 1.00 

5 
Seabirds (low discard 

diet) 
1.00 1.00 >1000 1.00 

6 Sharks 1.00 1.19 1.00 2.00 

7 Rays 1.54 2.20 2.74 1.00 

8 Atlantic cod 2+ 2.76 1.00 2.61 1.82 

9 Atlantic cod 1 1.26 2.00 1.09 1.13 

10 Whiting 2+ >1000 >1000 >1000 >1000 

11 Whiting 1 4.76 2.73 >1000 1.00 

12 Haddock 2+ 1.00 1.79 1.00 1.76 

13 Haddock 1 >1000 >1000 1.10 >1000 

14 European plaice 2+ 1.00 1.03 1.83 1.22 

15 European plaice 1 1.00 >1000 1.00 1.00 

16 Common sole 1.00 2.46 1.00 1.92 

17 Flatfish >1000 >1000 14.39 1.34 

18 Monkfish 1.16 1.00 1.00 1.00 

19 European hake 1.92 1.60 3.05 1.09 

20 Sandeels 1.00 1.00 2.00 1.00 

21 Gurnards and dragonets 1.00 1.38 1.00 1.00 

22 Other demersal fish >1000 2.00 1.00 1.32 

23 Other benthopelagic fish 4.35 1.00 >1000 >1000 

24 Atlantic herring 2.06 1.11 1.00 1.00 

25 European sprat 6.93 1.00 >1000 1.57 

26 Other pelagic fish 1.00 >1000 1.00 1.00 

27 Anadromous fish >1000 1.00 >1000 2.27 

28 Lobsters and large crabs 1.00 >1000 1.10 1.00 

29 Nephrops 1.27 1.25 1.00 1.28 

30 Shrimp 1.00 1.01 3.51 4.94 

31 Cephalopods 1.00 1.00 1.00 1.00 

32 Scallops 2.58 1.69 1.00 1.00 

33 Epifauna 3.03 1.28 1.00 1.00 

34 Infauna 3.90 1.14 2.39 1.00 

35 Gelatinous zooplankton 1.00 1.00 1.00 1.02 

36 Large zooplankton 1.00 1.00 1.00 5.42 

37 Small zooplankton 4.40 1.12 1.00 >1000 
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Figure 5.9. (a) Primary production (PP) anomalies for Irish Sea Ecosim models using 

different fishing effort knowledge types (Scenario 1 = scientific knowledge; Scenario 2 = 

fishers’ knowledge; Scenario 3 = adjusted fishers’ knowledge; Scenario 4 = hybrid 

knowledge) and (b) the Atlantic Multidecadal Oscillation (AMO) trend (annual and 

smoothed). 

5.3.3.2 Scenario 2: fishers’ knowledge 

Using fishers’ knowledge resulted in a best fit model with an AICc of 5,768 and a much 

higher SS of 25,299 (biomass= 11,545, catch= 13,754). Biomasses of commercially 

important stocks plummeted under the efforts suggested by fishers. However, the addition 

of effort trends for fleets previously lacking, resulted in more accurate catch dynamics for 

epifauna (Table 5.3). The overall unstable state of the ecosystem model with these drivers 

resulted in large MC uncertainties. 

The best-fit model estimated 32 vulnerabilities (9 top-down, 23 bottom-up) and a PP 

anomaly with 5 spline points. Again, the PP anomaly correlated with the smoothed AMO. 

In this case the correlation was positive (𝑝 < 0.001; 𝑟 = 0.48), with PP increasing from the 

start of the time series (Figure 5.9a). This likely represents the models attempt to ‘revive’ 

collapsed functional groups via bottom-up mechanisms. 

5.3.3.3 Scenario 3: adjusted fishers’ knowledge 

The use of the previously described adjusted fishers’ efforts improved the fit of model 

predictions in comparison to the unadjusted fishers’ efforts. The AICc of the best fit model 

was 591 with a SS of 1,661. Of the total SS, 355 was attributed to biomass and 1,306 came 

from catch predictions. Biomass predictions for commercial stocks tended to generally 

follow observed data, with predictions for cod, haddock, and herring achieving better fits 

compared to those produced using scientific knowledge (Figure 5.7). However, the biomass 
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fit worsened for plaice, sole, whiting and Nephrops. Catch predictions were much improved 

for lobsters and large crabs, epifauna, herring and shrimp (Figure 5.8, Table 5.3). 

Table 5.3. Sum of squared deviation (SS) contributions from each functional group in the 

Irish Sea Ecosim model under four fishing effort parameterisations: S1) scientific 

knowledge, S2) fishers’ knowledge, S3) adjusted fishers’ knowledge, and S4) hybrid 

knowledge. SS was calculated by comparing model biomass and catch predictions to 

observed data where available. The table includes the total SS (sum) and percentage of 

best-fits obtained for each parameterisation. 

  

Group name 

  

Biomass Catch 

S1 S2 S3 S4 S1 S2 S3 S4 

Toothed whales 0.37* 3.61 1.16 0.84 - - - - 

Minke whales 1.32* 1.78 1.34 1.57 - - - - 

Seabirds-high discard diet 1.8 0.59* 18.59 3.17 - - - - 

Seabirds-low discard diet 2.14 1.06* 9.72 1.76 - - - - 

Sharks 2.82* 73.94 4.57 10.51 57.11 298.15 67.95 34.48* 

Rays 4.53 9.1 3.19 1.79* 9.4 64.43 18.39 7.54* 

Atlantic cod 2+ 9.1 5590.53 8.39 6.41* 10.93 4652.9 12.74 8.03* 

Atlantic cod 0-1 15.14 5086.42 9.99 6.83* 20.1 4471.99 27.81 16.06* 

Whiting 2+ 13.71* 20.17 25.45 16.81 94.38 74.84 75.43 52.08* 

Whiting 0-1 11.44 25.72 6.36* 8.54 18.09* 145.8 39.8 51.12 

Haddock 2+ 3.56 11.91 2.52 2.08* 9.63* 63.03 42.84 29.63 

Haddock 0-1 37.71 42.54 30.55* 38.77 34.64* 55.09 56.34 55.28 

European plaice 2+ 2.53 57.01 27.01 1.97* 12.71 105.8 13.46 5.46* 

European plaice 0-1 68.11 114.4 62.52 50* 63.6 287.08 101.96 42.66* 

Common sole 7.2 24.94 11.71 4.95* 11.55 62.6 19.42 7.38* 

Flatfish 1.08 2.21 1.13 1.03* 10.08 536.42 23.1 3.12* 

Monkfish 7.94 7.33 10.46 6.33* 20.43 60.11 34.67 14.08* 

European hake 17.2 144.63 21.74 15.73* 28.73 460.76 35.07 12.29* 

Sandeels 14 9.39* 12.39 9.97  - -  -  -  

Gurnards and dragonets 0.5 0.34 0.28 0.27* 2.73* 259.88 19.95 22.2 

Other demersal fish 6.06 7.48 7.14 6.13* 19.96 136.33 58.05 13.37* 

Other benthopelagic fish 4.74 1.7* 6.83 21.92 11.6* 324.21 39.52 17.77 

Atlantic herring 26.19 81.44 8.05 5.15* 13.24 107.62 24.27 10.13* 

European sprat 9.99 4.01* 18.64 6.4 14.94 525.17 291.18 10.27* 

Other pelagic fish - - - - 69.61 315.77 103.12 68.78* 

Lobsters and large crabs - - - - 56.74 135.2 19.35 8.41* 

Nephrops 0.11 13.31 0.12 0.09* 7.66 122.12 7.49 2.68* 

Shrimp - - - - 22.24 153.76 16.61 15.07* 

Cephalopods - - - - 26.19 174.42 48.97 25.89* 

Scallops - - - - 12.7* 75.75 91.12 19.47 

Epifauna - - - - 71.98 45.95 17.58 10.8* 

Gelatinous zooplankton 3.45 2.21 2.5 1.6* - - - - 

Large zooplankton 11.51 63.84 9.71* 22 - - - - 

Small zooplankton 10.96 109.73 5.48 4.17* - - - - 

Phytoplankton 12.3* 33.24 26.96 21.45 - - - - 

Sum 307.5 11544.6 354.5 278.2* 731.0 13754.2 1306.2 564.1* 

Percentage of best fit 17.2% 17.2% 10.3% 55.2% 23.1% 0.0% 0.0% 76.9% 

* denotes the best biomass and catch fit obtained for each functional group 
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Uncertainty ranges were more conservative than unadjusted fishers’ trends and tended to 

resemble uncertainty scales obtained using scientific knowledge, suggesting greater model 

stability. 

Using adjusted fishers’ effort, the best fit model included 35 vulnerabilities (12 top-down, 

22 bottom-up) and a PP anomaly with 3 spline points. As in scenario 1, the PP function 

significantly negatively correlated with the AMO (𝑝 < 0.001; 𝑟 = -0.76) (Figure 5.9a, Figure 

5.9b). 

5.3.3.4 Scenario 4: hybrid knowledge 

The hybrid knowledge scenario used both scientific and fishers’ knowledge to retain the 

strengths of scenarios 1 and 3 whilst discounting their weaknesses. The scientific scenario 

produced a better model fit than the adjusted fishers’ scenario (Table 5.3). However, adjusted 

fishers’ drivers produced superior fits for the biomass trends of rays, cod, juvenile whiting, 

haddock, juvenile plaice and herring. Catch fits were also improved for adult whiting, 

lobsters and large crabs, Nephrops, shrimp and epifauna under adjusted fishers’ efforts. The 

combination of fishers’ and scientific knowledge produced the best-obtained catch fits for 

76% of functional groups and the best biomass fits for 55% (Table 5.3). 

By combining scientific knowledge with fishers’ knowledge, the best-fit model achieved an 

AICc of -1451 and a SS of 842 (biomass SS = 278; catch SS = 564). The hybrid knowledge 

scenario was therefore the best fitting scenario tested. Biomass predictions were improved 

for all commercial stocks with the exception of whiting (Figure 5.7). Catch predictions 

remained well fitted for groups such as epifauna and lobsters and crabs whilst the fit of other 

groups (such as cod and Nephrops) improved with the annual variability of the data-based 

effort trends (Figure 5.8). 

Model uncertainty ranges were less dynamic than previous scenarios, suggesting an 

increased confidence in model results in light of the plausible input parameter distributions.  

The best fitting hybrid model was obtained with 36 vulnerabilities (8 top-down, 28 bottom-

up) and a PP anomaly with 4 spline points. The PP anomaly produced by this scenario also 

significantly negatively correlated with the smoothed AMO (𝑝 < 0.001; 𝑟 = 0.80) (Figure 

5.9a, Figure 5.9b). 

5.4 Discussion 

This chapter, as in Chapter 4, demonstrates the usefulness of the co-production process. A 

general review of the co-production process points to the importance of trust building 
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between researchers and stakeholders as a necessary pre-cursor to successful collaboration 

(Djenontin and Meadow, 2018). It is well known that poorly managed attempts to harvest 

stakeholders’ knowledge can lead to further resentment and alienation towards the research 

community. The ‘ethics’ of knowledge co-production thus need careful consideration so that 

stakeholders actually benefit, and feel that they are benefitting, from sharing their knowledge 

(Marshall et al., 2017). In the present case, the initial impetus for the work came from the 

stakeholders via the EU North Western Waters Advisory Committee (NWWAC) showing 

an early engagement. The first workshop in Dun Laoghaire was co-chaired by a PO 

representative, nominated by the NWWAC. The second, in Kilkeel, was organised by 

another PO representative and member of the NWWAC. This gave a solid foundation for 

the mutual trust that was an essential part of the workshops. The WKIrish workshops relied 

entirely upon listening to fishers and learning from their experience and knowledge. The 

process was relatively informal, unrestrained, and care was taken not to impose any 

preconceived ideas, following the GAP2 project guidelines. With the light guidance of a 

chairperson, the fishers primarily determined the direction and flow of the meetings, taking 

time to discuss questions, whilst the scientists recorded the information needed for the 

model. The scientific interpretations of what the fishers had said were then presented back 

to them and modified if it did not reflect what they agreed, thus iterating on a consensus and 

enforcing the feeling of data-sharing. 

One of the issues with the co-production approach was that multiple effort trends were 

created for the beam trawl, otter trawl, and pelagic nets. Whilst the Bayesian approach was 

designed to choose a preferred trend on the basis of statistical fit, it is also important to 

explore why these different trends were produced. Reconstructed effort trajectories were 

very similar for the beam trawl fleet. The difference in the otter trawl effort projections is 

most likely because, in 1973, the differences between the otter fleet (TR1, targeting 

whitefish) and the Nephrops fleet (TR2, targeting Nephrops) did not really exist. Whilst 

initially similar gears were used in both fisheries, over the years differences emerged as mesh 

sizes for the whitefish fleet were made larger, especially in line with cod-recovery measures. 

Recent analyses have thus treated the fleets as differentiated into TR1 and TR2 to capture 

this change and these designations were used in the Irish Sea EwE model. Version 1 of the 

otter trend seems to capture the effort of TR1 and TR2 combined, whereas version 2 

recognized the switch between TR1 and TR2, noting the decrease in TR1 effort at the time 

of the increase in TR2 effort. It is this switch which makes version 2 more statistically viable 

as a trend to drive the landings of whitefish in the model. Versions 1 and 2 of the pelagic 

effort shared a similar peak in effort between 1990 and 2000, however they had different 
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perspectives of effort in 1973. At that time, the pelagic fishery would have been 

predominantly for herring. Version 1, produced by fishers at the Dun Laoghaire meeting, 

started with high effort and then decreased to the mid-1980s. Version 2, designed by semi-

pelagic fishers at the Kilkeel meeting, started with low effort and then increased. The semi-

pelagic vessels would fish both herring and demersal fish. It is likely that the Kilkeel trend 

reflects the specific effort of the Northern Irish semi-pelagic fleet in isolation, whereas the 

Dun Laoghaire trend, reconstructed by fishers from multiple fleets, captured the overall 

pelagic effort in the Irish Sea. The 1973-1980 effort proposed in Dun Laoghaire also 

followed the Irish herring fishery dynamics described in Molloy (2006), where upwards of 

30 boats participated in the fishery during its peak period in the early 1970’s yet declined to 

only two or three boats in the 1980’s after the price of herring dropped. 

For vessels using beam trawl, otter trawl, Nephrops trawl and pelagic gears, the fishing effort 

trends fishers provided showed good agreement with scientific estimates. However, when 

incorporated into the Irish Sea Ecosim model they caused multiple stock collapses. The 

Bayesian approach suggested that fishers’ perceptions of historical changes in Nephrops 

trawl, beam trawl, and otter trawl effort were too high. The reasons behind this are uncertain 

but it may be the effort terminology used during the workshops led to overestimation of 

fishing effort, or the perceptions may actually reflect the magnitudes of change as apparent 

to fishers. It cannot be ruled out that errors in the Ecopath model and not the fishers’ effort 

trends, may have led to incompatibilities between fishers’ trends and the model. However, 

this is difficult to address as the models catch parameterisation was grounded in the best 

available data, and therefore ad hoc alterations seem unjustifiable. 

The overall best fitting Irish Sea model used a combination of effort drivers based on both 

fishers’ and scientific knowledge (Scenario 4). This hybrid model retained the annual 

dynamics obtained using scientific effort trends but gained the ability to account for the 

observed landings of groups caught by gears that were under-represented by scientific 

knowledge, namely pots, dredges, long lines, pelagic nets, and gillnets. Whilst the dynamics 

of the main commercial finfish stocks were relatively well reproduced using scientific 

knowledge only (Scenario 1), incorporating fishers’ knowledge into the hybrid scheme 

improved the model’s capacity to recreate the dynamics of functional groups such as “large 

crabs and lobsters”. This is particularly important given that the catches of these groups have 

increased markedly in the Irish Sea since the 1990s. 
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The variables selected in the hybrid model included fishing effort, a PP anomaly, and a 

combination of top-down and bottom-up vulnerabilities. Ideally it would have been 

preferable to simultaneously search for vulnerabilities, PP anomalies, and fishing effort 

magnitudes in order to find the optimal combination and better understand the uncertainty 

in the final fishing effort magnitudes. However, this is currently not technically possible but 

may be possible in future versions of Ecosim if a plugin is developed to automate the process. 

Therefore, at present, optimising for fishing effort magnitudes prior to searching for 

vulnerabilities and anomalies is the best option available. It can be argued that the 

vulnerabilities from the scientific model could be used when searching for optimal fishing 

magnitudes, however, the vulnerabilities and anomalies estimated will aim to compensate 

for the constant fishing effort of gill nets, pots, longlines, pelagic nets, and dredges, as the 

vulnerability search function is an ‘observation error’ fitting procedure (Villy Christensen 

and Walters, 2004). Therefore, the set of trophic parameters estimated would be unique to 

the initial fishing efforts and may not be suitable for estimating magnitudes for the additional 

fishers’ efforts. 

Only eight of the 36 parameterised predator vulnerabilities in the hybrid model were top-

down, meaning the vast majority suggest bottom-up mechanisms control functional groups 

in the Irish Sea, as concluded from the previous Ecological Network Analyses of the Irish 

Sea Ecopath model described in Chapter 3 of this thesis (Bentley et al., 2019a, 2019b). This 

suggests that changes in plankton communities, such as those driven by multidecadal 

oscillations (Edwards et al., 2013b; Fromentin and Planque, 1996) or climate change 

(Edwards et al., 2013a; Richardson and Schoeman, 2004b), may have a strong influence on 

the dynamics of higher trophic levels. The majority of vulnerabilities estimated for the other 

best fit scenarios (scientific, fishers, adjusted fishers) were also bottom-up, however the 

individual vulnerabilities amongst these models were different, implying different ecological 

interactions. This means that the differences observed between scenarios could also be 

influenced by different vulnerability values or primary production anomaly assumed. 

The impact of the PP anomaly is propagated through the hybrid model’s food web due to the 

overall bottom-up nature of the system. The PP anomaly fitted in the model is negatively 

correlated with the AMO, which has previously been found to correlate with PP anomalies 

for the West Coast of Scotland (Serpetti et al., 2017) and the Norwegian and Barents Seas 

(Bentley et al., 2017) Ecosim models. The AMO was also found to be the dominant 

environmental driver in the calibration of the North Sea Ecosim model (Mackinson, 2013), 

where it was argued that empirical analysis of the mechanistic role of the environment should 
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be integrated into the modelling process. As suggested by Mackinson (2013), the next step 

in the development of the Irish Sea EwE model was to seek alternative environmental 

correlates, or combinations of correlates, which can inform the role of the environment in 

the model as described in Chapter 6 of this thesis. However, even by using this approach it 

would still be difficult to determine whether temperature was a direct driver of change or a 

proxy for something else, such as changes in ocean-shelf circulation. For example, the 

western Irish Sea gyre , which is driven by the impact of temperature on water density, acts 

a s a retention system for fish eggs the planktonic larvae of Nephrops (Hill et al., 1997) 

Known ecological responses to the AMO and temperature changes include changes in timing 

for recruitment (i.e. finfish), reproduction (i.e. birds), altered population dynamics (i.e. birds 

and mammals), and changes to spatial distributions (i.e. birds and finfish) and interspecific 

relationships (i.e. finfish and invertebrates) (Edwards et al., 2013a; Nye et al., 2014; Ottersen 

et al., 2001). It has been suggested that the AMO may affect the recruitment of cod through 

local environmental variables such as temperature, salinity, oxygen, advection and 

turbulence (Attrill and Power, 2002; Planque and Fox, 1998; Stige et al., 2006) and it has 

been shown to strongly negatively correlate with cod recruitment in the Irish Sea (Brander 

and Mohn, 2004). The fact that cod recovery in the Irish Sea did not yield the expected gain 

may therefore stem from environmental factors, such as system productivity, temperature 

and predation, influencing the survival and growth of larvae and juveniles. Therefore, even 

if area closures and gear restrictions reduced the fishing mortality, the Irish Sea model 

indicates that the recovery may have been hampered by the prevailing environmental 

conditions, as previously hypothesised by Kelly et al. (2006). 

The next stage in the co-production will be further involvement of the stakeholders in 

generating policy advice based on the model. After a follow up discussion at WKIrish5, 

where fishers were shown model results, a roadmap was discussed for future collaboration. 

Fishers highlighted their interest in the ecosystem impacts of the landings obligation, area 

closures, and climate change. To help with the development of model scenarios going 

forward, fishers will be asked to identify likely trends over the next few years (e.g. in effort, 

metier etc.), and the likely impacts of these on both the commercial fish stocks and on the 

wider ecosystem. They will also be invited to consider possible changes in management 

approach that can be investigated with the model. An evaluation of the success, or otherwise, 

of these outcomes will be critical. This process has already started and was maintained as 

the model was taken to a key run evaluation and peer review by the ICES Working Group 

on Multispecies Assessment Methods (WGSAM). This study therefore highlights the 



Chapter 5: Using fishers’ knowledge of historic fishing effort 

113 

importance of positive engagement as well as the validity of fishers’ knowledge for use in 

ecosystem modelling, fisheries research, and policy advice. 

Finally, the methods and approaches established here may be of particular interest to 

researchers aiming to model ecosystems with limited local scientific knowledge in order to 

generate ecosystem-based fisheries management advice. The approach may also be 

applicable to a wider range of topics. This might include spatial distribution of the fish 

species, locations of nursery and spawning grounds, or other aspects of fishers’ behaviour, 

e.g. targeting behaviour. 

5.5 Conclusion 

Using the Irish Sea as an example, this chapter has demonstrated that combining fishers’ and 

scientific knowledge regarding historic fishing effort led to the best statistically fitted EwE 

food web model. This model has improved capability to recreate the biomass and catch 

trends of commercially important stocks, especially shellfish that have become increasingly 

important in the catches. The revised Irish Sea EwE model is subsequently more capable of 

answering future questions posed by stakeholders and management. There are plans to use 

the hybrid model to provide ecosystem-based management advice via WKIrish, which is 

explored in Chapter 7, and to further investigate the impact of fishing and environmental 

change on food web dynamics in the Irish Sea, which is shown in Chapter 6.  
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6 Retrospective analysis of the influence of environmental drivers on 

commercial stocks and fishing opportunities in the Irish Sea 

This chapter is published as: Bentley, J.W., Serpetti, N., Fox, C., Heymans, J.J. and 

Reid, D.G., 2020. Retrospective analysis of the influence of environmental drivers on 

commercial stocks and fishing opportunities in the Irish Sea. Fisheries 

Oceanography. https://doi.org/10.1111/fog.12486. I was the lead author of this paper 

and conducted the data analysis. All co-authors provided inputs and comments to shape 

the final manuscript. 

 

6.1 Introduction 

Previous chapters of this thesis have described the development of a new food web model 

of the Irish Sea, incorporating fishers’ knowledge in relation to species diets and historical 

fishing effort. The final model also included environmental drivers which are further 

explored in this chapter in terms of their importance in modifying the food web and the 

productivity of the commercial stocks on which the fisheries depend. 

Persistent changes in the environment can lead to shifts in primary and secondary 

productivity (Capuzzo et al., 2018). Through a chain of trophic interactions, the effects of 

altered environmental conditions can cascade through ecosystems and lead to regime shifts 

in ecosystem state (Kwiatkowski et al., 2019; Wernberg et al., 2016) which may threaten our 

access to marine goods and services (Stoeckl et al., 2017). In particular, failure to account 

for the effects of environmental change on the production of marine fisheries poses a 

challenge for the sustainable management of both the industry and the marine ecosystems 

upon which it depends (Cheung et al., 2013). With the poor status of many commercial 

stocks (Costello et al., 2016; Gascuel et al., 2016), failure to adapt to environmentally driven 

changes in fisheries production could reduce future fisheries yields and profits (Gaines et al., 

2018; Halpern et al., 2015). Changing ecosystem processes are rarely included in tactical 

fisheries management (Skern‐Mauritzen et al., 2016). Instead, fisheries management is 

predominately single-species orientated and tends to assume that stocks exist in stable 

environments, failing to take account of systematic changes over time which drive stock 

recruitment and production rates (O’Brien et al., 2000; Planque et al., 2003). 

The Irish Sea ecosystem and fisheries have undergone substantial change in recent history. 

Once a finfish dominated fishery, Irish Sea landings are now dominated by molluscs and 

crustacea, following the biomass declines of cod (Gadus morhua), whiting (Merlangius 

https://doi.org/10.1111/fog.12486
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merlangus), herring (Clupea harengus), and sole (Solea solea) and an increased market for 

Nephrops norvegicus (Davie and Lordan, 2011; Kelly et al., 2006). As in other North 

Atlantic regions, cod are important top predators (Frank et al., 2005) and if recovered could 

be a significant source of revenue (Kraak et al., 2013). Technical measures including quota 

reductions, spawning ground closures, and gear regulations were established by the 

European Commission (EC) in the early 2000’s in an effort to reduce the fishing mortality 

of cod and aid its recovery (EC, 2000b; ICES, 2001). This was followed by the 

implementation of a total allowable catch (TAC) in 2004 (EC, 2004) and a long-term 

management plan for cod in 2008 (EC, 2008b). Despite tighter regulations on fishing 

activities there was limited evidence of stock recovery from 2008 to 2016 according to 

International Council for the Exploration of the Sea (ICES) stock assessments (ICES, 2016c, 

2010b). It has been suggested that this failure stemmed from the plans inability to deal with 

uncertainty in the system, such as mixed fisheries, ecosystem, or environmental factors 

(Beggs et al., 2014; Kelly et al., 2006). 

An Integrated Trend Analysis (ITA) for the Irish Sea was produced as part of WKIrish and 

also for the Working Group on Ecosystem Assessment of Western European Shelf Seas 

(WGEAWESS) to look at the linkages between ecosystem trends and the observed dynamics 

of commercial fish populations (ICES, 2016d). The ITA concluded that the Irish Sea had 

entered a new ecological regime following a major transition in the mid 1990’s. This 

transition was linked to the cod decline, reductions in copepod abundance, increased 

biomasses of jellyfish and sprat, and increases in sea surface temperature (ICES, 2016d; 

Lynam et al., 2011). The new regime has also been associated with a higher biomass of 

haddock, for which new fishing opportunities have emerged (ICES, 2016c).  

Extensive attention has been directed to understanding the future impact of climate change 

on ecosystem structure and sustainable fishing opportunities (Cheung et al., 2016; Moore et 

al., 2018; Serpetti et al., 2017; Sumaila et al., 2011) but considerable changes have already 

occurred in some ecosystems, including the Irish Sea (Brander, 2010; IPCC, 2014; Piroddi 

et al., 2017). Retrospective analysis of historical environmental change, ecosystem structure, 

and fisheries production is therefore vital to better understand the drivers underpinning 

commercial stock dynamics, which, if accounted for, may improve the outcomes of future 

fisheries management (Free et al., 2019). Whilst the uncertainties of the models which 

incorporate environmental drivers make them challenging to incorporate into conventional 

fisheries management, the ecosystem information that they provide can be invaluable for 

strategic management decisions (Collie et al., 2016; Skern‐Mauritzen et al., 2016). 
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6.1.1 Study aims 

Using the Irish Sea Ecopath with Ecosim (EwE) model it is possible to simulate the direct 

and indirect impact of the environmental drivers on commercial and non-commercial 

species. The mechanisms through which these should be used to drive the model remain 

unclear. In the food web model of the Irish Sea, environmental drivers can be enacted via 

numerous mechanisms, such as drivers of primary production, consumer mortality, 

recruitment, or species consumption rates (Christensen et al., 2008; Villy Christensen and 

Walters, 2004). In this chapter a trend correlation analysis was undertaken to build a deeper 

understanding of the potential links between environmental drivers, plankton abundance, 

and fish productivity in the Irish Sea. Hypotheses derived from trend analyses were then 

incorporated into the Irish Sea food web model. This study aims to retrospectively identify 

the fishing, trophic and environmental drivers which have underpinned the dynamics of 

commercial species and fisheries productivity, and which might influence changes into the 

future and help provide appropriate fishery management advice. 

6.2 Methods 

6.2.1 Lower trophic productivity and environmental variables 

Time series were collated for environmental drivers, plankton trends, and fish recruitment 

in order to build hypotheses regarding the routes through which the environment may have 

impacted the Irish Sea ecosystem. Many of the environmental and zooplankton indices 

described in this section were already included in Chapter 5 (e.g. zooplankton biomass, 

phytoplankton colour index, and temperature), however more emphasis is given to them here 

in Chapter 6 as they are the focus of a more mechanistic approach. The Atlantic Multidecadal 

Oscillation index (AMO) and the North Atlantic Oscillation winter index (NAOw) were used 

as large-scale climate indicators as both play central roles in controlling the ocean dynamics 

in the Irish Sea (Cannaby and Hüsrevoğlu, 2009; Edwards et al., 2013a). The AMO is 

defined here as the annual mean area averaged sea surface temperature (SST) anomalies over 

the North Atlantic basin (NCAR, 2019a). The winter (December through March) index of 

the NAO is based on the difference of normalised sea level pressure between Lisbon, 

Portugal and Reykjavik, Iceland (NCAR, 2019b). In addition to collecting annual averaged 

trends for the AMO and NAOw, both trends were smoothed using a 10-year low-pass filter 

to remove annual fluctuations and retain the long-term oscillation (Hurrell, 1995) to capture 

any lagged biological responses to the large-scale climatic indicators. 
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Time series were also compiled for annual averaged sea surface temperature (SST) and depth 

integrated (0-170 m) temperature (DIT). The winter-spring SST (January-July) was also 

included as this has previously been identified as a time period where inter-annual 

temperature variation correlated most strongly with subsequent recruitment for Atlantic cod 

(Planque and Frédou, 1999) and European plaice (Pleuronectes platessa) in the Irish Sea 

(Fox et al., 2000). The interpolated Hadley sea ice and sea surface temperature data set 

(HADISST; Rayner et al., 2003) was used to generate SST time series spanning 1973-2016 

for the Irish Sea. The DIT time series was constructed using the Atlantic European North 

West Shelf-Ocean physics reanalysis from the Met Office, available via Copernicus 

(Wakelin et al., 2015). 

As shown in Chapter 5, species were assigned functional responses to DIT following the 

methodologies outlined in recent studies which have simulated the impact of 

Intergovernmental Panel on Climate Change (IPCC, 2014) ocean warming scenarios on food 

webs (Bentley et al., 2017; Corrales et al., 2018; Serpetti et al., 2017). These responses 

impact the consumption rates of predators based on the alignment of annual DIT with species 

tolerance ranges as described in Chapter 5 of this thesis (Kaschner et al., 2016). 

Plankton trends were compiled from the Continuous Plankton Recorder (CPR) survey, 

which has been managed by the Sir Alister Hardy Foundation for Ocean Science (SAHFOS) 

since the 1930s (Richardson et al., 2006). Samples are taken from a standard depth of ≈7 m 

using a self-contained automatic collector, which continuously collects plankton whilst 

being towed by volunteer merchant ships (Hays and Warner, 1993; Reid et al., 2003). The 

Irish Sea is not particularly well covered by the CPR compared to areas such as the North 

Sea, but there is a long-run route from Liverpool to Belfast which transits approximately 

across the centre of the area. Three CPR datasets were used in this study: (i) Phytoplankton 

colour index (PCI), (ii) small zooplankton abundance (< 2 mm in length), and (iii) large 

zooplankton abundance (> 2mm in length). 

PCI is the first analysis applied to CPR samples and is assessed visually to provide estimates 

of total phytoplankton biomass. Each sample is assigned a greenness index by comparison 

with standard colour charts (Richardson et al., 2006). Following the analysis of 

phytoplankton, the small zooplankton are identified and counted under a microscope. This 

procedure examines 1/50 of the CPR filtering silk. Large zooplankton are identified and 

counted last under low magnification. Sixty-two small zooplankton taxa and 151 large 

zooplankton taxa were identified in Irish Sea samples between 1973 and 2016. Whilst there 

is substantial evidence that the CPR underestimates the abundance of plankton (Dippner and 
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Krause, 2013; Hunt and Hosie, 2003; Richardson et al., 2004), it is reasonable for these time 

series’ to be used as semi-quantitative estimates to reflect temporal patterns, as the errors of 

uncertainty can be assumed to be constant due to the consistent sampling methodology 

(Owens et al., 2013). Small and large zooplankton abundances were thus converted to 

anomalies relative to their average abundance across the time series. 

Environmental drivers and plankton trends were also examined in relation to the recruitment 

trends of cod, whiting, haddock, and plaice. These species were selected as they have adult 

and juvenile life stages included as separate functional groups in the Irish Sea food web 

model, therefore their recruitment success in the model can be driven by external drivers. 

The recruitment time series were available from the ICES stock assessment database (ICES, 

2019b). 

Correlations between environmental variables, trends in zooplankton abundance, and fish 

recruitment were tested using Pearson’s product-moment correlation after establishing data 

normality (𝑝 < 0.05) using the Shapiro-Wilk test (Shapiro and Wilk, 1965). Recruitment 

estimates were log10 transformed prior to analysis to stabilise the variance within and 

between time series. There is often strong autocorrelation within both recruitment and 

environmental data as values in a given year are closely related to values in previous years 

(Pyper and Peterman, 1998). Classical correlation tests tend to lead to a greater rate of Type 

1 errors, where there is an increased chance of concluding that a correlation is statistically 

significant when in fact no correlation is present (Jenkins and Watts, 1968). Degrees of 

freedom were adjusted in the statistical tests to compensate for autocorrelation using the 

equation proposed by Chelton (1984) and modified by Pyper et al. (1998): 

1
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where 𝑁∗ is the number of independent joint observations on the time series 𝑋 and 𝑌, 𝑁 is 

the sample size and 𝑟𝑋𝑋(𝑗) and 𝑟𝑌𝑌(𝑗) are the autocorrelation of 𝑋 and 𝑌 at time lag 𝑗. 

Estimates of 𝑟 were calculated using the Box-Jenkins’ equation (Box et al., 1976) modified 

by Chatfield (1989): 

𝑟𝑋𝑋(𝑗) =
𝑁

𝑁 − 𝑗
 
∑ (𝑋𝑡+𝑗 − �̅�)(𝑋𝑡+𝑗 − �̅�)

𝑁−𝑗
𝑡=1

∑ (𝑋𝑡 − �̅�)2𝑁
𝑡=1

 Equation 6.2 

where �̅� is the overall mean. In the present analysis, most time series comprised 43 common 

observations for which nine lags were applied (approximately 𝑁/5) following Pyper et al. 

(1998). Lags were adjusted for time series with fewer common observations. 
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In this chapter environmental drivers were applied to the rate of recruitment based on 

correlations between recruitment and environmental change, following the approach used in 

the North Sea EwE ICES key run (ICES, 2015b; Mackinson, 2013). To implement an 

environmental response at each time step, the recruitment term was multiplied to Equation 

5.3 (section 5.2.2) to impact the recruitment of juveniles at time 𝑡: 

𝑅𝑡 = 𝑅(𝐵𝐴,𝑡, 𝑁𝐴,𝑡, 𝐶𝐴,𝑡) × (𝑟𝑒𝑐𝑟𝑢𝑖𝑡𝑚𝑒𝑛𝑡, 𝑡) Equation 6.3 

 

6.2.2 Irish Sea ecosystem model 

Ecopath (version 6.6 beta) was used to construct a model of the Irish Sea Ecosystem 

representative of 1973 (Bentley et al., 2018). Refer to Chapters 2, 4, and Appendix A for an 

in-depth description of the methods and parameters used in the model’s construction. The 

Ecosim component of EwE uses the initial mass-balanced Ecopath model to simulate food 

web dynamics over time (Villy Christensen and Walters, 2004) as described in Chapter 5, 

where it was apparent that the environment influenced food web dynamics, with an estimated 

primary production anomaly being included in the best fitted model. However, the 

mechanisms through which the environmental information should be used to drive the model 

were unclear. In this study, hypotheses derived from the Pearson’s correlation analysis were 

used to identify the mechanisms through which environmental drivers might influence the 

food web dynamics. Following the addition of environmental drivers, a stepwise fitting 

procedure (Scott et al., 2016) was carried out to calibrate model simulations against biomass 

and catch time series data. 

Estimating predator vulnerabilities alone, as done in Chapter 5, homogenises the impact of 

a group’s biomass on its prey, meaning potentially important dynamics may be overlooked. 

In this Chapter a new approach was used for the ecological optimisation of vulnerability 

multipliers which has the potential to improve model performance whilst remaining within 

the given degrees of freedom. When fitting an Ecosim model, it is possible to search for 

‘predator’ vulnerability multipliers, or ‘predator-prey’ vulnerability multipliers. If searching 

for ‘predator’ vulnerabilities, a single multiplier is applied homogenously across all 

predator-prey interactions of a functional group. When searching for ‘predator-prey’ 

vulnerabilities, multipliers are estimated for the most sensitive predator-prey interactions 

(those which have the greatest impact on the model fit), therefore not estimating blanket 

vulnerability multipliers across all of a predator’s interactions. The new approach described 

here combines both a search for ‘predator’ vulnerability multipliers with a search for 

sensitive ‘predator-prey’ vulnerability multipliers. Firstly, the automated stepwise fitting 

routine was used to find the model of best fit with predator vulnerabilities (first stage best 
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fit). The best fit model was determined by the minimum difference between model 

simulations and time series observations using the weighted sum of squared differences (SS) 

and the Akaike Information Criterion for small sample sizes (AICc) (Akaike, 1974; Burnham 

and Anderson, 2003). Secondly, using the best fit model and the remaining degrees of 

freedom, the most sensitive predator-prey vulnerabilities were systematically searched for 

to improve the statistical fit of model simulations to observed data (second stage best fit). 

The AICc was manually calculated for each iteration to take into account the predator 

vulnerabilities already estimated during the stepwise fitting procedure. The model iteration 

with the lowest AICc was used as the best fit model. 

6.2.3 Environmental impact on commercial stocks and fishing opportunities 

Food web model simulations were compared with and without environmental drivers to 

identify the impacts on the stocks of cod, whiting, haddock, plaice, sole, herring, and 

Nephrops and understand how the environment might have retrospectively influenced 

fishing opportunities in the Irish Sea. In order to infer how catches of commercial stocks 

have been impacted, either directly or indirectly, by environmental change, fishing effort 

trends were kept the same in all scenarios as described in Chapter 5 of this thesis. ECOIND, 

an EwE plugin which calculates ecological indicators (Coll & Steenbeek, 2017), was used 

to investigate the impact of environmental change on historic catch trends. The impact of 

input parameter uncertainty on model simulations was addressed using the Monte Carlo 

approach (Kennedy and O’Hagan, 2001). One thousand mass-balanced models were 

produced for each scenario using the new EcoSampler module which provides the 

foundations to assess the impact of data uncertainty on model outputs (Steenbeek et al., 

2018). Confidence intervals (95%) were calculated for all outputs using the Monte Carlo 

model sets. 

6.3 Results 

6.3.1 Environmental drivers, plankton trends, and fish recruitment 

The NAOw has high inter-annual variability and has shifted from positive to negative phases 

(Figure 6.1a). The AMO has lower inter-annual variability than the NAOw but has a stronger 

multidecadal cycle, with a 60 year period shifting from positive to negative phases every 30 

years (Figure 6.1b). The Irish Sea average annual temperature has generally increased over 

time (Figure 6.1c). SST (both annual and winter-spring) showed the expected significant 

positive correlation with the smoothed and un-smoothed AMO (Figure 6.2). The 

Phytoplankton colour index increased over the time series (Figure 6.1d) and showed 
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significant correlations with SST, the AMO, and the smoothed NAOw (Figure 6.2). Small 

zooplankton abundance showed high interannual variability with intermittent peaks in 

abundance from 1975-1995 (Figure 6.1e) whereas the abundance of large zooplankton 

shows a clearer oscillation pattern with a relatively consistent period of low abundance from 

1980-2009 (Figure 6.1f). Large zooplankton abundance showed a strong negative correlation 

with the smoothed NAOw (𝑟=-0.56; 𝑝<0.001, Figure 6.2). The abundance of small 

zooplankton positively correlated with the abundance of large zooplankton (𝑟=0.54; 

𝑝<0.001, Figure 6.2). 

Cod and whiting recruitment have declined over time in the Irish Sea (Figure 6.3) showing 

significant negative correlations with SST, the AMO, and PCI (Figure 6.2). Plaice 

recruitment has remained relatively consistent whereas haddock recruitment has been 

variable with strong recruitment events in 1996 and 2013. 
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Figure 6.1. Annual time series for environmental and plankton trends in the Irish; (a) 

Winter North Atlantic Oscillation (NAO) index, (b) Atlantic Multidecadal Oscillation 

(AMO) index, (c) annual averaged sea surface temperature (°C) (SST) and winter-spring 

(Jan-Jul) SST, (d) phytoplankton colour index, (e) small zooplankton (< 2mm) abundance, 

and (f) large zooplankton (> 2mm) abundance. 
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Figure 6.2. Correlation matrix for environmental variables, plankton trends, and fish 

recruitment in the Irish Sea using Pearson’s cross product-moment correlation. Variables 

include sea surface temperature (SST; °C), phytoplankton colour index (PCI), North 

Atlantic Oscillation winter index (NAOw) with and without a 10-year low-pass filter, 

Atlantic Multidecadal Oscillation (AMO) with and without a 10-year low-pass filter, large 

zooplankton abundance (Large Zoop.), and small zooplankton abundance (Small Zoop.). 

Fish recruitment time series were taken from ICES stock assessments for cod, haddock, 

plaice, and whiting. The correlation matrix is shaded to signify the strength of positive 

(blue) and negative (red) correlations in relation to their r values. Statistically significant 

correlations are denoted: *p<0.05; **p<0.01; ***p<0.001 

Plaice recruitment positively correlated with the smoothed AMO (𝑟=0.45; 𝑝=0.01) but not 

with SST (Jan-Jul), contrasting with previously published results (Fox et al., 2000). Haddock 

recruitment was not correlated with any of the environmental variables. Negative correlation 

was observed between cod and plaice recruitment (𝑟=-0.39; 𝑝=0.03), whilst a positive 

correlation was observed for cod and whiting (𝑟=0.85; 𝑝<0.001). Haddock recruitment 

showed no correlation with the recruitment trends of the other species. 
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Figure 6.3. Annual recruitment (millions) of commercial finfish stocks in the Irish Sea 

(ICES division VIIa) with upper and lower bounds. Trends are presented for (a) Atlantic 

cod (age 0), (b) whiting (age 0), (c) haddock (age 0), and (d) European plaice (age 1). 

Data available at http://standardgraphs.ices.dk. 

6.3.2 Food web model: environmental forcing and fitting 

The Pearson’s correlation analyses were used to identify the routes through which 

environmental drivers might be justifiably incorporated into the temporal component of the 

food web model. The smoothed NAOw was incorporated as a driver of the ‘other mortality’ 

of large zooplankton to replicate a direct negative effect. “Other mortality” in EwE is the 

proportion of a group’s mortality not directly explained in the model, such as death due to 

disease, old age, starvation, or environmental change. Out of all of the significant 

correlations, cod and whiting recruitment showed particularly strong relationships with the 

smoothed AMO trend. As cod and whiting are multi-stanza functional groups, the inverse 

AMO trend was used to drive their recruitment rate in the model. To have the AMO as a 

driver of recruitment success, the recruitment function at time = t was multiplied by the 

AMO anomaly at time = 𝑡, where the AMO anomaly multiplier at 𝑡1 is 1. Following the 

application of environmental drivers, the model was fitted against observed biomass and 

catch time series. It is common practice when using EwE to apply a production anomaly to 
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primary producers. However, in this case, drivers were not applied to the production rate of 

primary producers, instead their production rates were driven by changes in the food web 

following the hypotheses of previous research which suggest primary production in the Irish 

Sea to have been driven by top-down processes (ICES, 2016d; Lynam et al., 2011). 

6.3.3 Ecosim fitting with and without environmental drivers 

Once environmental drivers were applied to the model the automated stepwise fitting routine 

(Scott et al., 2016) was used to generate a set of model iterations with altered predator 

vulnerability multiplies. The first stage best fit model included fishing and 27 estimated 

predator vulnerabilities (Figure 6.4a). At this stage the models SS was reduced from 1277 to 

915 and the AICc was reduced from -531 to -1055. As 27 parameters were estimated a 

maximum of 22 additional predator/prey vulnerabilities were available to optimise model fit 

whilst retaining statistical integrity. Using a stepwise approach, the most sensitive 

predator/prey vulnerabilities were altered incrementally from the addition of 1 to 22 

parameter changes. The second stage best fit model included the 27 predator vulnerabilities 

from the first stage best fit with the alteration of 12 predator/prey vulnerability multipliers. 

The second stage best fit and final model had an improved SS of 812 and an AICc of -1253.  

After the direct application of the NAOw driver and model fitting, the SS contribution from 

large zooplankton was reduced from 22 to 8. The simulated trend for large zooplankton 

therefore more closely followed the trend of the observed anomaly (Figure 6.4b). The 

majority of estimated predator vulnerability multipliers were bottom-up (<2) with top-down 

multipliers (>2) only being estimated for cod, juvenile whiting, gurnards, small zooplankton, 

and large zooplankton (Figure 6.4c). Changes included the interaction between large 

zooplankton and small zooplankton, which shifted from a top-down to bottom-up 

interaction. Notably, numerous predator/prey vulnerabilities were adjusted for adult whiting, 

including a stronger bottom-up effect on juvenile cod and juvenile haddock and a top-down 

effect on sprat and other benthopelagic fish.  

To investigate the retrospective impact of environmental drivers on the food web, 

environmental drivers were removed and the model fitting procedure was repeated (Figure 

6.5). The model fitting procedure identified the combination of 35 predator vulnerabilities 

and 13 predator/prey vulnerabilities to produce the best fit model in the absence of 

environmental drivers. The models overall capacity to replicate observed trends was reduced 

substantially (Figure 6.5a). Without the influence of the NAOw, the simulated large 

zooplankton biomass fails to capture the magnitude of decline recorded by the continuous 

plankton recorded (Figure 6.5b). 
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Figure 6.4. Ecosim fitting with environmental drivers. (a) Sensitivity of the sum of squared 

deviations (SS) and AICc to fitting predator (p) and predator/prey (p/p) vulnerabilities 

(Vs). Best fit models are highlighted by larger points and reference lines, with the legend 

indicating the number of parameters (K) estimated. (b) Fitted model simulation for the 

biomass of large zooplankton under NAOw forcing. (c) Estimated vulnerabilities. Stars 

indicate predator/prey vulnerabilities adjusted after stepwise fitting predator 

vulnerabilities (rescaled to provide asymmetric gradient).  

 

c) 
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Figure 6.5. Ecosim fitting witho environmental drivers. (a) Sensitivity of the sum of 

squared deviations (SS) and AICc to fitting predator (p) and predator/prey (p/p) 

vulnerabilities (Vs). Best fit models are highlighted by larger points and reference lines, 

with the legend indicating the number of parameters (K) estimated. (b) Fitted model 

simulation for the biomass of large zooplankton under NAOw forcing. (c) Estimated 

vulnerabilities. Stars indicate predator/prey vulnerabilities adjusted after stepwise fitting 

predator vulnerabilities (rescaled to provide asymmetric gradient).  

 

c) 
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The majority of estimated predator vulnerability multipliers were bottom-up (<2), as seen 

when environmental drivers were included. When environmental drivers were included, top-

down predator vulnerability multipliers (>2) were estimated for six functional groups. In 

comparison, top-down multipliers were estimated for 11 functional groups when 

environmental drivers were not included in the fitting (Figure 6.5c).  

6.3.4 Impact of environmental drivers on stocks and fishing opportunities 

The structured addition of environmental drivers to the Irish Sea ecosystem model improved 

the fit of model simulations against observed data when compared to the Chapter 5 model 

iteration which applied an estimated anomaly to the production rate of phytoplankton 

(Bentley et al., 2019c). The sum of squared deviations between model simulations and 

observed data was reduced from 842 (Bentley et al., 2019c) to 812. Estimating primary 

production anomalies in EwE is a standard model fitting procedure to account for unknown 

environmental variation in the system (Heymans et al., 2016). The results indicate that EwE 

models may benefit more from a hypotheses-based assignment of environmental variability, 

as primary production may not necessarily be the foundation of all or any retrospective 

ecosystem dynamics. Overall, the biomass and catch simulations for commercial stocks in 

the model showed good agreement with observed time series data (Figure 6.6). Model 

simulations for haddock and plaice catches show slight deviations from observed trends. 

Plaice catches simulations were later improved during the models ICES key run review by 

adjusting the initial fleet catch proportions in Ecopath (Appendix B: Figure B.4) (Casey, 

1996; ICES, 2019a). 

Removing the environmental drivers and re-fitting the ecosystem model reduced its capacity 

to accurately simulate observed time series data (sum of squared deviations = 962). Without 

environmental drivers, the biomass of cod increased post 1990 (Figure 6.6) following the 

reduction of demersal fishing effort. Simulated catches of cod were also greater in the 

absence of the environmental drivers, in line with its increased biomass. Simulated whiting 

biomass and catches were higher without the inclusion of environmental drivers, however 

trends still followed the decline witnessed in the observed time series. Haddock spawning 

stock biomass increased and benefitted from strong recruitment events in the Irish Sea which 

is captured by the model. Without environmental drivers, the increase in haddock biomass 

was no longer simulated due to the increased predation pressure from cod. Plaice and sole 

showed negligible responses to the inclusion or exclusion of environmental drivers. Results 

indicate that the mortality of these stocks were primarily driven by fishing effort, and that 

the environmental drivers included here had little impact on these species, although there 
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might be other still as yet untested drivers that influence these stocks. Herring recruitment 

showed a strong link to the NAOw and large zooplankton abundance. 

 

Figure 6.6. Biomass and catch (t.km-2) simulations for commercial stocks in the Irish Sea 

from 1973 to 2016. Simulations were generated by a fitted model with environmental 

drivers (red) and a fitted model without environmental drivers (blue). Solid lines indicate 

baseline model simulations, shaded areas indicate 95% confidence intervals based on 

input uncertainty, and points indicate observed data trends. 



Chapter 6: Retrospective analysis: environmental influence on commercial stocks 

130 

Large zooplankton had a bottom up effect on herring (Figure 6.4), improving the model’s 

capacity to accurately simulate herring biomass. Excluding environmental drivers reduced 

the accuracy of model simulations for herring biomass. The herring biomass increase in the 

late 1980’s was present with and without environmental drivers and corresponds to a period 

of reduced fishing effort. Like haddock, Nephrops biomass was influenced by the predation 

pressure of cod. Excluding environmental drivers and facilitating an increase in cod biomass 

lead to a decline in Nephrops biomass and catches. 

Simulated catch indicators from the environmentally driven model show good agreement 

with observed data (Figure 6.7). Total Irish Sea catch steadily declined from 1973 to 2016, 

despite increased invertebrate landings (Figure 6.7c), due to the large decline in finfish 

catches. The invertebrate/fish catch ratio shifted in favour of invertebrates in the early 2000’s 

(Figure 6.7d). Excluding the effects of the environment from the model suggested more fish 

would have been caught under the same effort regime if environmental drivers were absent. 

However, fewer invertebrates would have been caught, principally due to the reduced 

biomass of Nephrops. Despite this, the fishery still shifted from fish dominance to 

invertebrate dominance due to the effort regime in place, albeit a few years later due to the 

greater productivity of targeted fish stocks. 

 

Figure 6.7. Irish Sea catch simulations with environmental drivers (red) and without 

environmental drivers (blue). Solid lines indicate baseline model simulations, shaded 

areas indicate 95% confidence intervals based on input uncertainty, and points indicate 

observed data trends. 
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6.4 Discussion 

This chapter combined correlation-based hypotheses with a complex food web model. The 

results suggest that a combination of bottom-up processes, forced by environmental change, 

and the top-down impacts of fishing have reduced the productivity of commercial stocks and 

fisheries in the Irish Sea. The resulting simulations indicated that bottom-up processes 

suppressed the overall productivity of cod, whiting and herring, limiting opportunities for 

the fishing industry, whilst also dampening their rate of recovery despite marked reductions 

in fishing effort. Failure to account for the influence of the environment and trophic 

interactions when projecting the stock’s response to fishing effort manipulation may 

therefore have led to over-optimistic expectations of the potential for stock recovery. 

This chapters results are not the first to identify management to be confounded by 

contradictory ecosystem influences. Other examples include Baltic sea cod, which was slow 

to respond to recovery plans due to the impacts of oxygen deficiency on its prey (Svedäng 

and Hornborg, 2014), and red king crab around Prilbilof Islands, which was quickly 

overfished when its environmentally driven recruitment fell (Szuwalski et al., 2014). 

Globally, ecosystem productivity reduces the recovery probability of depleted stocks by 42% 

when fishing at 90% of the maximum sustainable rate (Britten et al., 2016). Setting 

management reference points without considering the changing environment delays the 

rebuilding of depleted stocks and leads to inadvertent mismanagement. Quota advice which 

accounts for ecosystem condition is needed for a sustainable and adaptive Ecosystem 

Approach to Fisheries Management (EAFM). 

Despite the awareness that roughly 70% of fish stocks are being significantly affected by 

ecosystem processes (Vert-pre et al., 2013), only 2% of fish stocks have ecosystem drivers 

included in their tactical management advice (Skern‐Mauritzen et al., 2016). This can be 

explained by the frequent non-linearity of stock responses to environmental change (Myers, 

1998), but also by the increased variance and limited process-based understanding. Fisheries 

scientists have also been reluctant to incorporate environmental correlations into stock 

assessment models because such correlations have a history of breaking down unpredictably. 

Indeed an example of this was seen in the present study with the re-analysis of the previously 

published correlation between winter-spring SST and Irish Sea plaice recruitment (Fox et 

al., 2000) failing to show a significant relationship. In this case there also appears to have 

been a change in the recruitment timeseries following updates to the single-stock assessment 

model used for Irish Sea plaice. Thus, novel approaches are needed to encourage ecosystem 

information to be incorporated into fisheries advice. WKIrish proposed ecosystem 
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information be used as an additional factor to consider when selecting a fishing pressure 

from the FMSY ranges (ICES, 2018e). FMSY is the fishing mortality consistent with achieving 

Maximum Sustainable Yield (MSY), which ICES currently provides to fisheries managers 

as an adaptable range between FMSYupper and FMSYlower. If ecosystem conditions are poor, then 

managers can be advised to apply an FMSY at the lower end of the range in order to minimise 

the cumulative impact their actions may have on the system, and vice-versa. This is a 

relatively non-intrusive way to incorporate ecosystem information into a framework which 

is already in-place.  

6.4.1 Relationship between the environment and zooplankton 

This chapter’s results suggested that the NAOw is a dominant driver of the abundance of 

large zooplankton in the Irish Sea. This link has previously been identified from the northern-

most to tropical latitudes of the North Atlantic Ocean (Piontkovski et al., 2006) and is largely 

accredited to two hypotheses: (1) westerly wind stress generates strong surface mixing which 

delays phytoplankton blooms and diminishes zooplankton abundance (Fromentin and 

Planque, 1996), and (2) there is a negative effect of increasing sea surface temperature, 

associated with the positive phase of the NAO, on species with affinity for colder waters 

(Fromentin and Planque, 1996; Piontkovski et al., 2006; Planque and Taylor, 1998). Since 

colder affinity zooplankton taxa tend to be larger bodied, increasing SST is expected to lead 

to an overall reduction in average body size (Pitois and Fox, 2006).  

Chapter 2 identified large and small zooplankton to be keystone components of the Irish Sea 

food web  (Bentley et al., 2019a), with small changes in their biomasses having large impacts 

on the biomasses of other groups in the food web, particularly planktivorous fish such as 

herring and sprat. The results of this chapter not only reinforce this but also provide a more 

detailed view of the relationships between zooplankton and phytoplankton in the Irish Sea. 

Lynam et al. (2011) suggested that recent increases in the PCI may be linked to reductions 

in grazing pressure from zooplankton. This is supported by the correlation analysis in this 

chapter, with zooplankton negatively correlated to phytoplankton. High vulnerability 

multipliers were estimated by the model for the predation of phytoplankton by zooplankton, 

suggesting the model was best able to simulate existing trends when zooplankton exerted a 

top-down control on phytoplankton. Previous research found that the plankton community 

of the western Irish Sea exhibits good functional response diversity at the producer, grazer, 

and predator levels (Scherer et al., 2016). The same study also acknowledges that the low 

abundance of large copepods may be linked to the environment, specifically bottom water 

temperature.  This, along with the results of this chapter, provides an argument against the 
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simple estimation of a phytoplankton anomaly in EwE, as the important role of secondary 

producers as drivers of phytoplankton biomass may have been overlooked if the direct 

impact of the environment on zooplankton had not been acknowledged. Large and small 

zooplankton abundances were found to positively correlate in this study. A low vulnerability 

multiplier was estimated for large zooplankton (predator) and small zooplankton (prey) 

which suggests the consumption of small zooplankton by large zooplankton is driven by the 

abundance of small zooplankton, corresponding with studies that identify zooplankton 

predation rates to be highly dependent on prey densities (Ohman, 1986; Ohman and Hirche, 

2001). 

Results from this chapter provide evidence that the bottom-up control on large zooplankton 

abundance affects the productivity and fishing opportunities for herring. Climate driven 

changes in the productivity, nutritional value, and phenology of the zooplankton community, 

such as the changes associated with the recent increase in Calanus helgolandicus and decline 

in that of C. finmarchicus in the Irish Sea (ICES, 2016d), may impact the productivity of 

commercial fisheries and should be considered in fisheries advice and management 

(Fromentin & Planque, 1996; Møller et al., 2012; Reygondeau & Beaugrand, 2011; Wilson 

et al., 2018). 

6.4.2 Underpinning the drivers of commercial stocks 

Herring biomass was strongly driven by the availability of large zooplankton, supporting the 

conclusions from studies in the North Sea which identify prey availability as an important 

driver of herring biomass (Heath, 2005; Mackinson et al., 2009; Nye et al., 2014). Earlier 

research identified time lags in the correlation between the NAOw and herring recruitment, 

suggesting that physical processes are not directly influencing recruitment but are instead 

operating via interannual changes in prey availability (Alvarez-Fernandez et al., 2015; 

Gröger et al., 2009). Herring biomass was also clearly modified by fishing pressure, showing 

a response to reduced fishing effort in the late 1980’s. This study suggests that the 

productivity of the Irish Sea herring fishery has been impacted both by fishing effort and the 

abundance of larger zooplankton. There could potentially be a mismatch between the spatial 

overlap of herring and zooplankton which should be further investigated with spatial 

information at a scale that represents the distribution patterns of both zooplankton and 

herring. 

Cod abundance was negatively correlated with the AMO anomaly of sea surface temperature 

(SST). It is well understood that sea temperature has a direct impact on cod stocks through 

recruitment (Clark et al., 2003; O’Brien et al., 2000), growth (Brander, 1995), and mortality 
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(Akimova et al., 2016), especially in areas such as the Irish Sea (Planque and Fox, 1998) 

where cod is close to the edge of its thermal range (Righton et al., 2010). A recent 

retrospective analysis of the impact of ocean warming on the productivity of 235 commercial 

stocks, identified Irish Sea cod as the stock with the most negative response, suggesting that 

the maximum sustainable yield of this stock would shrink by 54% for each additional degree 

of future warming (Free et al., 2019). Model simulations described in this chapter of the 

thesis identified environmental drivers as one of the primary causes for the stock’s slow 

response to the cod long-term plan. When environmental drivers were excluded from the 

model, the cod stock recovered in response to reductions in fishing effort after 1990, in 

contrast to the observed trend. This thus suggests that the environment does play an 

important role in the productivity of the cod stock, perhaps providing an insight into why the 

optimistic projections in the cod recovery plans failed to materialise (Kelly et al., 2006). A 

recent study by Sguotti et al. (2019) demonstrated a similar relationship between 

temperature, fishing, and cod biomass for most of the Atlantic cod stocks, as temperature 

changes result in a non-linear relationship between fishing mortality and stock biomass 

causing limited recovery even after the reduction of fishing mortality. Conversely, (Kell et 

al., 2005) suggest that climate change has little effect on the North Sea cod stocks recovery 

in the short term, however they acknowledge that, in the long term, management regimes 

may need to reduce fishing mortalities due to the expected negative impacts of climate 

change on stock production. A more dynamic management strategy may be required for Irish 

Sea cod in light of these intrinsic links to the environment, or it may even have to be accepted 

that the stock cannot be rebuilt to its former size under present and future environmental 

conditions. 

Environmental drivers also appear to have reduced whiting production in the Irish Sea, as 

suggested for whiting in the North Sea (Simpson et al., 2011). Unlike cod, retrospective 

analyses for whiting suggest that even without environmental change, the stock would have 

continued to decline, suggesting the large reduction in gadoid fishing effort would not have 

been enough. Even with the reduction in gadoid fishing effort, fishing mortality remained 

high for whiting as the Nephrops fishery was maintained with a high bycatch and discard of 

whiting (ICES, 2018b). Discarding is currently a major management issue for the whiting 

stock as, despite the recommendation for zero catch, annual discard estimates still remain 

around 700 tonnes (ICES, 2018b). With the implementation of the landings obligation (EC, 

2013), whiting runs the risk of becoming a major ‘choke species’ for the Nephrops fishery, 

where its low quota could result in the early closure of the fishery (ICES, 2019c). High 

fishing mortality and the AMO have also previously been linked to the shift in whiting 



Chapter 6: Retrospective analysis: environmental influence on commercial stocks 

135 

distribution observed in the North Sea (Kerby et al., 2013). The decline of whiting biomass 

in the Irish Sea might therefore also be linked to a migration of recruits, potentially to the 

southern Celtic Seas stock (ICES areas VIIb, c, e-k), which would reflect the fishers’ 

perceptions (ICES, 2015a) and the increasing biomass of this stock (ICES, 2018b). Because 

the present model treats the Irish Sea as a closed system, it is unable to account for stock 

decline via migration. Targeted research is required to evaluate whether a migration of 

whiting between the Irish and southern Celtic Seas, might be a factor in the present low stock 

levels of this species in the Irish Sea. One possible approach to this might be the analysis of 

radiocarbon (14C) signatures in the whiting otoliths to determine their likely origin. These 

signatures are characteristic of biota from the Irish Sea due to the discharge of radioactive 

waste from the Sellafield nuclear complex (Muir et al., 2017; Tierney et al., 2018). Whiting 

recruitment in the Irish Sea may be expected to increase in the next few years if fishing effort 

remains low and the AMO begins to shift towards its negative phase (Kerr, 2000; Serpetti et 

al., 2017). However, whilst the negative phase of the AMO may slow the rate of temperature 

increase, temperatures are still expected to rise in line with carbon emissions (IPCC, 2019), 

meaning whiting recruitment may continue to be dampened by climate change. The food 

web model simulated a slight increase in whiting biomass from 2014 onwards, which was 

also shown in the most recent stock assessment for the Irish Sea (ICES, 2018b). Whiting 

also shows signs of recovery off the West Coast of Scotland (ICES area VIa) following a 

period of low stock productivity (ICES, 2018b), which may suggest that the species response 

to the AMO and fishing mortality is biological rather than behavioural (migration). 

Model results indicate that the increase in haddock biomass in the Irish Sea is primarily due 

to its release from competition and reduced predation from cod and whiting. Haddock also 

prefers warmer waters (Hedger et al., 2004), and selects smaller zooplankton prey items than 

cod and whiting during juvenile stages, reducing interspecific completion for large 

zooplankton (Rowlands et al., 2008) and influencing high recruitment variability which has 

been linked to strong year-classes (Dickey-Collas et al., 2003; Fogarty et al., 2001). With 

cod showing a recent modest recovery in the Irish Sea, model simulations suggest haddock 

may begin to decline in response to the increased predation pressure. The same is true for 

Nephrops. Model simulations indicate that the recent recovery of cod negatively impacted 

the biomass of Irish Sea Nephrops through increased predation mortality. Previous research 

by Armstrong et al. (1991) noted the possibility of this trophic response under scenarios of 

reduced cod fishing mortality. Whilst two of the three Nephrops stocks in the Irish Sea are 

showing recent abundance declines, they are still within historical limits (ICES, 2018b). 

Nephrops are of particular economic importance to the Irish fishing industry due to their 
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relatively stable value and high-volume landings (Davie et al., 2015; STECF, 2018a). An 

increasing cod population may have economic consequences for the Irish Sea fishing 

industry if Nephrops declines, however the increased production of the cod fishery may 

provide a catch trade-off. 

This study suggests that Irish Sea plaice and sole biomass trends have been predominantly 

driven by fishing mortality when considering the cumulative impact of fishing, the 

environment, and food web effects. Correlation analysis identified a positive relationship 

between plaice recruitment and the AMO and a negative correlation between plaice and cod 

recruitment. Nash & Geffen (2000) found that the recruitment of plaice was influenced by 

density dependent mortality, with little evidence to support a direct relationship between 

survival and temperature. Previous correlation analyses identified a negative relationship 

between winter-spring SST and plaice recruitment in the Irish Sea (Fox et al., 2000), 

contradicting the positive correlation found between the AMO and plaice in this study. 

Correlation relationships are known to break down over time with new and extended data, 

however the reason a positive relationship was found between the AMO and plaice 

recruitment, and not with SST, was due to large changes in recruitment time series produced 

by the single-stock assessment model. Based on the contradicting literature it can be assumed 

that the link between plaice and the AMO found in this study is an indirect effect of the 

environment through its impact on the abundance and consumption rate of cod. In the North 

Sea, climate has been linked to distribution shifts of plaice and sole (Engelhard et al., 2011). 

Plaice has moved north, leading to an increased abundance off the east coast of Scotland, 

whilst sole has moved south, driven additionally by fishing pressure. Whilst it is unclear 

whether the distributions of sole and plaice within the Irish Sea have changed over time, they 

currently exist within their temperature tolerance ranges (Kaschner et al., 2016). 

This chapter has identified the AMO and NAO as key drivers of retrospective stock 

production, suggesting that future sustainable management practices may benefit by 

accounting for their impact on stock production. To account for changes in the AMO and 

NAO, a precautionary management approach would need to have some idea of how these 

drivers may change in the short-term (i.e. the next 1-5 years). Our ability to predict changes 

in these drivers is becoming more sophisticated with the maturation of oceanographic and 

climate modelling. Models of the AMO have been show to have predictive skill in the range 

of two to nine years depending on the model (Trenary and DelSole, 2016) whereas models 

which skilfully predict the NAO tend to be restricted to intra-annual seasonal forecasts 

initialized a month before the onset of winter (Parker et al., 2019). However, efforts to 
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predict the NAO one year in advance and over multidecadal scales have also produced robust 

predictions (Dunstone et al., 2016).   

6.4.3 Study limitations 

Attention must be drawn to the uncertainty inherent in ecosystem models due to the large 

number of input parameters required to describe rates of production, consumption, 

abundance, and fishing. Each parameter has associated uncertainty in line with the quality 

and quantity of available data. Whilst parameter uncertainty was addressed using a Monte 

Carlo approach, the structural uncertainty of the model remains an issue. There is 

fragmentation within the field of ecosystem modelling due to conflicting opinions regarding 

the capacity of different tools to accurately model multi-species dynamics (Heymans et al., 

2018; Hyder et al., 2015). To tackle this issue, WKIrish is working towards the development 

of a second Irish Sea multi-species model based on the LeMans framework (Thorpe et al., 

2015). This will provide the start of a model ensemble using the same parameter information 

but with structural differences in the models. Model ensembles allow users to infer stronger 

conclusions from concurrent model results, whilst providing a means to better understand 

the structural uncertainty of models where results differ (Celić et al., 2018; Heymans et al., 

2018; Spence et al., 2018).  

As is characteristic of modelling with a priori selected variables, there may be many 

additional variables not considered within this study, such as pollution, salinity, wind-stress 

etc. which impacted past ecosystem dynamics. Furthermore, the study relies on recruitment 

and biomass outputs from single-stock assessments to search for environmental correlations 

and calibrate the model. Whilst these outputs are based on the best data available and the 

most up-to-date assessment methods, there is also uncertainty associated with these models. 

6.5 Conclusion 

The Irish Sea food web model accurately simulated the biomass trends of commercial stocks 

following the systematic incorporation of environmental drivers. When excluding 

environmental drivers, commercial finfish and fisheries exhibited greater production, 

indicating that historical changes in environmental drivers may have reduced the overall 

production of Irish Sea finfish and fisheries. The reduction of demersal fishing effort in the 

Irish Sea coincided with a positive shift in the AMO which reduced the recruitment success 

of cod and whiting, dampening their possible response to effort reduction. Failure to consider 

ecosystem driven changes in productivity likely played a role in the failure of the recovery 

plan to meet its objectives. Failing to reduce the bycatch and discards of demersal fish caught 
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by the Nephrops fishery (particularly whiting) should also be considered a contributor to the 

slow recovery of these gadoid stocks. In addition to identifying the retrospective impact of 

extrinsic drivers, research should focus on identifying how retrospective management might 

have been improved (i.e. effort manipulation, gear selectivity, area closures, discards) to 

achieve sustainable yields and profits. Whilst there are still uncertainties regarding future 

ecosystem responses to climate change and human pressures, the benefits of moving towards 

EAFM outweigh the risks of inaction (Pikitch et al., 2004). Management systems based on 

maximising individual species yields need to acknowledge the uncertainty inherent in marine 

ecosystems in order to prevent overfishing, meet biodiversity targets, and sustainably 

support future generations of fishers. 
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7 Concept for the inclusion of ecosystem information in ICES fisheries 

advice 

7.1 Introduction 

Previous chapters of this thesis have described the development of a new Ecopath with 

Ecosim (EwE) model of the Irish Sea. A combination of both fishing and environmental 

drivers were needed for the model to accurately simulate past food web dynamics. In the 

absence of environmental change, the model suggests commercial stocks would have 

recovered faster in response to fishing effort reductions, suggesting that environmental 

change may have  dampened the recovery rate of commercial stocks and reduced the 

efficiency of management actions. Endorsed with an International Council for the 

Exploration of the Sea (ICES) key run, the Irish Sea EwE model serves as a quality assured 

source for scientific input to ICES advice. To act upon this, Chapter 7 develops a concept 

for the addition of ecosystem information into quota-setting advice. 

 As shown in Chapter 6 and various other publications (e.g. Brander, 2007; Free et al., 2019), 

fish stock production is affected by the impact of climate on the structure and function of 

marine ecosystems. Inter-annual environmental variability impacts stock recruitment 

(Planque and Fox, 1998) and primary and secondary productivity (Capuzzo et al., 2018). At 

present such variability is underlain by a trend of increasing temperatures due to 

anthropogenic forcing. Such trends can lead to persistent impacts on ecosystems such as 

changes in the habitat ranges of species (Perry et al., 2005). Persistent environmental 

changes can in turn influence food availability (Alvarez-Fernandez et al., 2015), predator-

prey dynamics (Kortsch et al., 2015), and a stock’s vulnerability to being overexploited by 

the fishing industry (Daw et al., 2009). Accounting for ecosystem condition in marine 

management is paramount for the maintenance of healthy ecosystems and the delivery of 

stakeholder interests, which are the main goals of the Ecosystem Approach to Fisheries 

Management (EAFM) (FAO, 2003). The political framework for EAFM in Europe is 

provided through the European Union’s (EU) Common Fisheries Policy (CFP) (EC, 2013) 

and Marine Strategy Framework Directive (MSFD) (EC, 2008a). However, movement 

towards EAFM has been hampered by the mismatch between CFP and MSFD policies in 

term of competence, discourse, decision making, and their definitions of EAFM (Ramirez-

Monsalve et al., 2016). Furthermore, the CFP fails to state at which level, ecosystem 

concerns should be incorporated into fisheries management (Prellezo and Curtin, 2015). As 

a consequence, although the science to support ecosystem-level advice has grown, progress 

towards operational EAFM has been slow (Link and Browman, 2017). Recent years have 
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seen an increase in the capabilities of multi-species models (Bryndum‐Buchholz et al., 2019; 

Heymans et al., 2018; Hyder et al., 2015; Lotze et al., 2019), the development of co-created 

research and the integration of a human dimension (Djenontin and Meadow, 2018; Heenan 

et al., 2015), alongside a rapid expansion in the ability of oceanographic (Meehl et al., 2014) 

and climate models (Bauer et al., 2015; IPCC, 2019). These advancements have led to the 

emergence of more capable ecological forecasts (Payne et al., 2017) and ecosystem-level 

explorations into the cumulative impacts of fishing and climate change (Serpetti et al., 2017). 

Despite these advances, ecosystem processes are rarely included in traditional fisheries 

management (Skern‐Mauritzen et al., 2016).  

Over the past decade the call for EAFM has grown louder, promising to holistically 

recognize the ecological, social, and economic complexities of managing marine resources 

(Garcia, 2003; Kenny et al., 2018). Whilst the prospect of ‘breaking the wheel’ is appealing 

to some, this daunting challenge has led to scepticism among critics regarding the ability to 

operationalise EAFM (Cowan Jr et al., 2012; Link and Browman, 2017; Ramirez-Monsalve 

et al., 2016). Worries have been raised as to whether the existing governance structure can 

support EAFM, whether we have enough data to support EAFM, and whether the models 

required are too complex or uncertain to be useful (Patrick and Link, 2015). Underlying all 

of these issues is the worry that we simply do not know enough to take action. Whilst we 

deliberate the merits of EAFM, the threat of climate change and overexploitation grow (Daw 

et al., 2009; IPCC, 2019) so that the benefits of moving towards an ecosystem-based 

approach may soon outweigh the risks of inaction (Pikitch et al., 2004). Despite the questions 

that impede EAFM, Patrick and Link (2015) assert that perfect knowledge of every process 

is neither attainable nor needed to implement EAFM, and that our existing knowledge of 

ecosystem patterns and processes, along with existing tools and approaches, should be more 

than enough to start informing an ecosystem approach.  

Numerous EwE studies culminate with the recommendation that ecosystem information 

should be incorporated into management, yet many leave it there and fail to provide any 

suggestion of how to do so. A few studies have provided new fishing reference points which 

can be used to set catch levels with multi-species considerations (Baudron et al., 2019) or 

identified the trade-offs of different fishing strategies (Stäbler et al., 2019, 2016). Despite 

this, no EwE model has ever been used to set catch levels, something which they are often 

criticised for (Plagányi and Butterworth, 2004), but it can be counter argued that this was 

never their purpose. There are many things EwE models are good for, such as ecosystem 

overviews (ICES, 2019d), stakeholder communication (Steenbeek et al., In review), strategic 
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planning (Mackinson et al., 2018), and spatial management (Coll et al., 2019; Fretzer, 2016). 

To set catch levels, management require robust, realistic models of intermediate complexity 

which rely on minimal assumptions, minimal data, and can be regularly updated to provide 

short-term advice (Methot, 2009). EwE models are good for highlighting plausible trends in 

the ecosystem and building an understanding of the underlying relationships which regulate 

productivity, but input-data uncertainty and the structural uncertainty of complex models 

makes the derivation of absolute values for single-species management dubious. Whilst 

many single-stock assessment methods fail to account for various ecosystem facets which 

govern stock production, EwE is generally not designed to set fishing quotas. My argument 

is therefore that we should not aim to replace the standard assessment methodologies, but 

rather to find a way to enhance them with ecosystem information.  

In the North Atlantic ICES provide advice on fishing opportunities based on two principles 

under European legislation. Firstly, ICES apply the maximum sustainable yield (MSY) 

concept to single stocks to maximise average long-term yield and maintain productive fish 

stocks within healthy ecosystems. MSY has played a prominent role in the governance of 

fisheries for decades yet has always been disputed due to its top-down nature, inherent 

uncertainty and concerns that it may not be conservative enough to ensure sustainability 

(Mesnil, 2012). Importantly, estimates of MSY assume ecosystem stability with the concept 

being based on the notion that populations will reach an equilibrium if subjected to a fixed 

fishing mortality. How often MSY should be revised in response to ecosystem change has 

thus become a challenging issue. However, MSY conveys a simple and politically attractive 

message which has likely guided its attraction in policy arenas (Cushing, 1977). Secondly, 

ICES abide by a precautionary approach which aims to keep stocks within safe biological 

limits. ICES provide fisheries managers with a set of biomass and fishing mortality reference 

points related to the risk of unsustainable yield and impaired stock reproductive capacity. 

One of these reference points is FMSY, the fishing mortality which gives long-term maximum 

yield. Under the EU CFP, and following the precautionary approach, ICES also now provide 

advice on plausible values around FMSY for several stocks in the Baltic Sea, North Sea and 

Western EU waters. The FMSY ranges (Flower and Fupper), introduced in 2015, are intended to 

deliver no more than a 5% reduction in long-term yield compared with the MSY (ICES, 

2015c). Precautionarity and good yield are still achieved when fishing within the FMSY 

ranges, yet the provision of an FMSY range introduces flexibility for quota setting. This 

flexibility is especially useful in mixed fisheries where the catch of one stock is coupled with 

the unavoidable catch of other stocks, which may or may not have a choke effect under the 

EU landings obligation (Garcia et al., 2019; Rindorf et al., 2017). There are no current 
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guidelines to operationalise the use of FMSY ranges, however they provide the space for 

fishing mortalities to be adjusted in line with multi-species, social, and economic objectives. 

Use of the upper end of the FMSY range is not typical, avoiding permanent fishing pressure 

above the fishing mortality target at FMSY (Garcia et al., 2019). 

7.1.1 Study aims 

This chapter proposes a concept for the addition of ecosystem information as an additional 

factor when selecting a fishing mortality from within the FMSY ranges. The standard ICES 

FMSY is a time-invariant approximation to the fishing pressure, which will give the maximum 

long-term yield. In reality, the “ideal” fishing pressure will vary through time as the 

ecosystem state varies. Here, a methodology is developed for the assessment of ecosystem 

condition in a way that lends itself to the strategic adjustment of fishing mortality within the 

ICES FMSY range. This concept was discussed in 2018 during a workshop on an ecosystem-

based approach to fishery management for the Irish Sea (ICES, 2018c). This idea is 

developed here into a working concept and used to simulate the ecosystem forward in the 

short and long-term under a range of fishing strategies. As shown in Chapters 2, 3 and 4, 

diagnostic indicators from EwE can help to build an understanding of the structure, function, 

and health of an ecosystem. This information provides a means to assess the condition of the 

ecosystem in a strategic way which may inform tactical advice. Chapters 5 and 6 

demonstrated EwEs aptitude as a tool for scenario-evaluation and uncertainty analysis. In 

this Chapter, EwE is as a basis for diagnostic indicators and as a scenario-evaluation tool, 

combining approaches from previous chapters and demonstrating the utility of the EwE 

toolbox. The exploration of this concept should give practical benefits for Irish Sea 

management and help guide the development of the ICES advice-giving process towards a 

more ecosystem-focused approach. 

7.2 Methods 

7.2.1 Ecopath with Ecosim (EwE) model 

This chapter uses the Irish Sea EwE key run model which was developed in Chapters 2-6. 

The model was endorsed with ICES key run status following a meeting of the Working 

Group on Multispecies Assessment Methods (WGSAM) in Rome from the 14th to 18th of 

October 2019 (ICES, 2019a). A detailed description of the Ecopath component can be found 

in Chapter 2, Appendix A, and Bentley et al. (2018), whereas details for the Ecosim 

component can be found in Chapters 5-6 and Appendix B. 
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7.2.2 Concept for ICES ecosystem-based FMSY (EBFMSY) 

In 2018 it was proposed by the ICES working group WKIrish (meeting chaired by Daniel 

Howell and Mathieu Lundy) that ecosystem information be used as an additional factor to 

consider when selecting a fishing pressure from the ICES FMSY ranges (ICES, 2018e). It was 

recommended that if ecosystem conditions are poor, managers should be advised to apply 

an FMSY at the lower end of the range in order to minimise the cumulative impact their actions 

may have on the system, and vice-versa. This approach provides a relatively non-intrusive 

way to incorporate ecosystem information into a framework which is already in place and 

follows the objectives of the CFP (EC, 2013). The suggested approach is similar to that 

outlined by Trenkel (2018), who provides an operational management procedure in which 

single-species catch proposals for small pelagics were adjusted to ecosystem productivity 

using a set of control rules.  

This section outlines the proposed concept for the incorporation of ecosystem information 

into ICES fishing advice. Firstly, new methods are proposed for the quantification of the 

current condition of an ecosystem, relative to its historic condition, using ecosystem 

indicators. Following this, this study demonstrates how to use the ecosystem condition to 

place an ICES Ecosystem-based FMSY (EBFMSY) reference point within the ICES FMSY range. 

Finally, the EBFMSY concept was tested by simulating the Irish Sea key run into the future 

under a range of fishing strategies.  

7.2.2.1 Ecosystem indicators 

Ecosystem indicators were extracted from the key run model using the Network Analysis 

(Christensen et al., 2008; Heymans et al., 2007) and Ecological Indicator (ECOIND) (Coll 

and Steenbeek, 2017) EwE software plugins. A thousand Monte Carlo simulations were 

generated by adjusting the EwE basic input parameters (biomass, diets, and vital rates) in 

accordance with data pedigree as described in Chapter 2 of this thesis. This produced a set 

of plausible indicator trends to address the impact of parameter uncertainty (Steenbeek et al., 

2018). For the purpose of conveying ecosystem advice to fisheries managers, indicators were 

selected taking into consideration their ease of understanding to ensure that the ecosystem-

based advice would be understandable and intuitive to a range of audiences (Tam et al., 

2017) (Table 7.1). The selected indicators also cover the five food-web indicator groups 

recommended by Tam et al. (2017), including guild level biomass, primary production 

required to sustain fishery, and integrated trophic indicators. Indicator percentiles for 2016 

were calculated for all indicators in Table 7.1 to provide a broad overview of the Irish Sea 

ecosystem condition relative to its condition since 1973. Indicator percentiles were labelled 
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‘high’ if their 95% confidence interval distributions fell entirely above 0.5, ‘low’ if they fell 

below 0.5, and ‘undefined’ if their 95% confidence intervals values included 0.5. 

Table 7.1. Ecosystem indicators and descriptions. Equations are included in Appendix C.  

Indicator Indicator description 

Average mutual information Degree of organisation in the ecosystem, with the hypothesis that ecosystem 

organisation is higher in the absence of major perturbations (Ulanowicz and 

Norden, 1990). 

Commercial biomass Summed biomass of all commercially exploited functional groups. 

Finn's Cycling Index Finn’s Cycling Index indicates the retention time of material within a system and 

can be used to interpret ecosystem stability and health (Finn, 1976). 

Fish biomass Summed biomass of all fish functional groups. 

Fish Biomass/Fish Catch Inverse of fishing pressure for fish functional groups. 

Fish Catch Summed catch of all fish functional groups. 

Homeotherm biomass Summed biomass of all homeothermic functional groups. 

Homeotherm catch Summed catch of all homeothermic functional groups. 

Invert. Biomass/Invert Catch Inverse of fishing pressure for invertebrate functional groups. 

Invertebrate catch Summed catch of all invertebrate functional groups. 

Invertebrates / Fish Biomass Invertebrate/Fish biomass ratio. 

Invertebrates / Fish catch Invertebrate/Fish catch ratio. 

Invertebrates biomass Summed biomass of all invertebrate functional groups. 

Loss of production due to 

fishing 

The L index (loss in secondary production due to fishing) captures the ecosystem 

effects of fishing and is used to calculate Psust (probability of an ecosystem being 

sustainably fished). The L index uses the trophic level of the catch (𝑇𝐿𝐶) and the 

primary production required to sustain the fishery (PPR) to quantify the loss of 

system production due to fishing (Libralato et al., 2008). 

Path length Average number of functional groups that an inflow or outflow passes through 

(Finn, 1980). 

Primary production Summed primary production from all primary producer functional groups. 

Probability for sustainable 

fishing 

The probability of an ecosystem being sustainably fished based on the disruption 

of energy flows subjected to fishing pressure (Loss of production due to fishing) 

(Libralato et al., 2008). 

Shannon diversity index Index to characterise the diversity of the food web (Shannon, 1948).  

System production The sum of all production within the food web. 

Total biomass Summed biomass of all functional groups. 

Total Biomass/Total Catch Inverse of fishing pressure for all functional groups. 

Total catch Summed catch of all functional groups. 

Total discards Summed discards of all functional groups. 

Total transfer efficiency The efficiency of energy transfers between trophic levels (Christensen et al., 

2008). 

Trophic level of catch The trophic level of the catch including all organisms. 

Trophic level of system The trophic level of the community including all organisms. 

Consumption/biomass 

         (species specific) 

Functional group consumption/biomass ratios are dynamic in response to 

predation pressures, applied function responses (i.e. temperature), and fishing. 
 

7.2.2.2 Adding ecosystem information to FMSY advice 

Ecosystem indicators from all model iterations were transformed into anomalies to focus on 

their trends and discern how their status for the most recent year compared against previous 

years, i.e. is the indicator in a high, median, or low phase. The indicator anomaly range from 

the final year (2016) was compared to previous years and transformed into a percentile range. 

Ecosystem indicator status is thus provided as a value between 0 and 1, where 0 indicates 

that the ecosystem indicator in the current year is lower than all previous years, whilst a 
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value of 1 indicates that the current year ecosystem indicator is higher than all previous years 

(Figure 7.1a). Depending on the focus, ecosystem or species, multiple indicator percentiles 

can be weighted and combined to quantify ‘ecosystem condition’. An example is provided 

in Figure 7.1b which uses the equal weighting of three indicators to quantify ecosystem 

condition. In this example, two ecosystem level indicators and one species level indicator 

were used, providing a species-specific ecosystem condition value and negating the 

application of homogenous FMSY weightings across assessed stocks.  

Ecosystem condition determines the placement of the EBFMSY reference point within the 

ICES FMSY range. If ecosystem condition is equal to 0, EBFMSY is equal to FMSYlower, whilst 

if ecosystem condition is equal to 1, EBFMSY is equal to FMSYupper. Equation 7.1 demonstrates 

how EBFMSY is placed within the ICES FMSY range. 

where ∆ is the ecosystem condition.  

7.2.2.3 EBFMSY scenario 

The application of the EBFMSY concept was tested by developing a scenario wherein 

ecosystem condition was determined by the three indicators showcased in Figure 7.1b. The 

indicators were selected because of their relevance to the system. The working concept 

provided a baseline for further development at the final WKIrish meeting where the working 

group discussed and identified suitable stock-specific indicators to capture the impact of 

ecosystem processes on stock production (WKIrish 6 report in preparation; 

https://www.ices.dk/community/groups/Pages/WKIrish.aspx). The maturation of the EBFMSY 

concept and the outcomes of the WKIrish6 workshop are discussed in Chapter 8. The 

indicators used to test the EBFMSY concept prior to WKIrish6 were: 

• System production, particularly secondary production, was identified in Chapter 6 as 

an important driver of commercial stocks and fishing opportunities in the Irish Sea 

and therefore serves as a reasonable indicator for the ecosystems condition. 

• Probability of sustainable fishing (Psust) provides a metric of over-fishing at the 

ecosystem level. This indicator is linked to the loss in production index (L index) and 

describes how much secondary production is lost and how probable it is that an 

ecosystem is being sustainably fished (Libralato et al., 2008).  

• Species specific consumption/biomass (Q/B) indicators facilitate the calculation of 

species specific EBFMSY reference points. 𝑄/𝐵 indicators are dynamic in response 

to predation pressures, applied function responses (i.e. temperature in the Irish Sea 

 𝐸𝐵𝐹𝑀𝑆𝑌 = 𝐹𝑀𝑆𝑌𝑙𝑜𝑤𝑒𝑟 + ∆(𝐹𝑀𝑆𝑌𝑢𝑝𝑝𝑒𝑟 − 𝐹𝑀𝑆𝑌𝑙𝑜𝑤𝑒𝑟) Equation 7.1 

https://www.ices.dk/community/groups/Pages/WKIrish.aspx
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key run), and fishing. 𝑄/𝐵 increases with worsening species condition, therefore the 

inverse of this indicator was used to calculate ecosystem condition.  

All three indicators were given equal weighting (1/3) towards the calculation of ecosystem 

condition. EBFMSY reference points were generated for cod, whiting, haddock, plaice, sole, 

herring, and Nephrops.  

a) 

   
Stage 1: Indicator estimates are 

extracted from 1,000 Monte 

Carlo iterations of the EwE 

model. 

Stage 2: All 1,000 estimates are 

transformed into anomalies to 

discern the indicator trend. 

Stage 3: The 2016 anomaly range 

is compared to previous years to 

identify the indicator percentile.  

b) 
 

Figure 7.1. Conceptual figure for the calculation of (a) Irish Sea indicator percentiles for 

the year 2016 and (b) ecosystem condition using a select few equally weighted indicator 

percentiles. In this example I use two ecosystem level indicators (system production; 

probability of sustainable fishing) and one species specific indicator (inverse 

consumption/biomass for whiting) to calculate an ecosystem condition for whiting.  

7.2.3 Fishing scenarios: FMSY reference points 

The key run was used to explore the impact of EBFMSY and other fishing mortality reference 

points on the forward projections of cod (Gadus morhua), whiting (Merlangius merlangus), 

haddock (Melanogrammus aeglefinus), plaice (Pleuronectes platessa), sole (Solea solea), 
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herring (Clupea harengus), and Nephrops (Nephrops norvegicus) in ICES area VIIa. The 

impacts of FMSY reference points were tested under short-term (2016-2021) and long-term 

(2016-2040) forward simulations. ICES fisheries advice is based on annual stock 

assessments. The methodology of these assessments is evaluated every three to five years in 

benchmark workshops (such as WKIrish), wherein the underlying stock assessments are 

reviewed, and efforts are made to integrate ecosystem information into the process. Short-

term projections offer a useful insight into the immediate consequences and trade-offs of 

different fishing strategies and thus may be useful to fisheries managers. Whilst long-term 

simulations provide insight into the impacts of different fishing strategies, simulations to 

2040, or the end of the century (Serpetti et al., 2017), serve more as tools for academic 

interest and exploring ecological understanding. Both approaches are explored in this 

chapter. Short-term predictions (2016-2021) focused on capturing the impact of parameter 

uncertainty on model simulations, whilst long-term predictions (2016-2040) were designed 

to explore the impact of climate change and uncertainty on model simulations. 

FMSY reference points were set in 2016 and kept constant to 2040 to test their long-term 

sustainability. Model projections were simulated under four FMSY scenarios: (1) 2016 status 

quo fishing mortality (FStatusQuo), (2) ICES FMSY, (3) Multi-species FMSY (from EwE), and (4) 

ICES Ecosystem-based FMSY (EBFMSY). 

Under the FStatusQuo scenario the ecosystem was projected whilst keeping fishing mortality 

constant at the last value from the ecosystem model (F2016). Projections from this scenario 

served as a reference level for the impact of other FMSY reference points. The ICES FMSY 

scenario was simulated by applying single-stock FMSY values from ICES advice to cod, 

whiting, haddock, plaice, sole (ICES, 2018b), herring (ICES, 2018f), and Nephrops (ICES, 

2018b). ICES provide FMSY advice to fisheries managers as a single value along with an 

adaptable range between FMSYupper and FMSYlower. In the ICES FMSY scenario the single value 

suggested by ICES was applied, however the FMSY range was taken into consideration when 

calculating EBFMSY (section 7.2.2).  

A 2016 Ecopath snapshot, extracted from the Irish Sea EwE key run, was used to estimate 

multi-species FMSY reference points for each functional group using two approaches: “Full 

compensation” and “Stationary system”. The full compensation approach considers the 

indirect changes in biomass of other species caused through trophic linkages, providing a 

reference for multi-species FMSY. During this method, the fishing mortality of the assessed 

species is incremented (both up and down) over a long simulation period (100 years) until 

stock depletion whilst groups that are not being assessed are held at a constant fishing 
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mortality (F2016) and allowed to interact. During the stationary system assessment there are 

no interactions between species; biomasses of the groups that are not assessed are kept 

constant through the simulations. Both methods are explained in Walters et al. (2005). Multi-

species FMSY reference points were calculated with and without the addition of vulnerability 

multipliers (from the fitted key run model) to the 2016 EwE snapshot. Vulnerabilities 

(introduced in Chapter 5) impact the interaction specific consumption rates of predators and 

determine the response of prey to changes in predator biomass (Villy Christensen and 

Walters, 2004). Whilst fishing mortality reference points from both full compensation and 

stationary system approaches, with and without vulnerability multipliers, are provided, the 

multi-species FMSY scenario was projected under the full compensation FMSY with key run 

vulnerabilities, as this approach better accounts for multi-species interactions.  

7.2.4 Stock simulations under FMSY reference points 

The short-term impacts of fishing at ICES FMSY, EBFMSY, FStatusQuo, and multi-species FMSY 

were simulated using the EwE Monte Carlo routine and EcoSampler plugin (Steenbeek et 

al., 2018). Functional group biomass and catch results were extracted from the 1,000 

plausible iterations of the Irish Sea EwE key run. Environmental drivers were held constant 

at their 2016 values. Long-term simulations were more complicated due to the dynamic 

forward simulation of environmental drivers. The steps taken to prepare climate scenarios 

and evaluate the long-term trade-offs of EBFMSY vs ICES FMSY are outlined in sections 

7.2.4.1 and 7.2.4.2.  

7.2.4.1 Building IPCC climate scenarios 

Fishing strategies were projected to 2040 under best case (RCP 4.5) and worst case (RCP 

8.5) Intergovernmental Panel of Climate Change (IPCC) temperature scenarios (IPCC, 

2014). As introduced in Chapter 6, the Irish Sea key run uses three climate signals as 

temporal drivers: (1) Atlantic Multidecadal Oscillation (AMO), (2) North Atlantic 

Oscillation winter index (NAOw), and (3) depth-integrated temperature. The inverse AMO 

trend was used to drive the recruitment rates of cod and whiting based on the findings of 

Chapter 6. The EwE model uses a Deriso-Schnute delay-difference model (Deriso, 1980; 

Schnute, 1987) to keep track of the number of juveniles which recruit to the adult stage, and 

the number at age/size in the adult groups. Within this model, the number of age 0 juveniles 

produced each month is calculated as a function of adult biomass, numbers, and food 

consumption. To have the AMO as a driver of recruitment success, the recruitment function 

at time= t was multiplied by the AMO anomaly at time= 𝑡, where the AMO anomaly 

multiplier at 𝑡1 is 1. The smoothed NAOw was incorporated as a driver of the ‘other 



Chapter 7: Ecosystem information in fisheries advice 

149 

mortality’ of large zooplankton to replicate a direct negative effect. The ability to add forcing 

functions to the non-predation (‘other’) natural mortality rate of functional groups is a new 

function of EwE version 6.6 and can be used to account for death due to disease, old age, 

starvation, or environmental change. The other mortality rate is a component of Ecosim’s 

coupled differential equations (see Equation 5.1) for the calculation of growth rates 

(production) at each time interval (Villy Christensen and Walters, 2004). Each functional 

group was assigned a functional response to temperature (Chapter 5) which restricts their 

foraging capacity in response to changing temperature. These responses affect the 

consumption rates of groups using a multiplier factor based on the alignment of annual 

temperature with group tolerance ranges (see Equation 5.2). The multiplier is equal to one 

at a group’s optimum temperature and declines as the temperature moves away from the 

optimum, thus reducing the foraging capacity of the group. This acts as a proxy for the 

reduction of suitable habitat in response to temperature change (Freitas et al., 2016; Pinsky 

et al., 2013). Rather than project forward a single trend for these drivers, climate trends were 

projected forward based on known variation, producing sets of plausible trends for each 

climate driver. Both the AMO and NAOw have cyclic properties with positive and negative 

phases (Hurrell, 1995; Nye et al., 2014). To project these trends forward they were initially 

detrended, separating the cyclic trend from the annual noise, and the cyclic trend was 

projected to 2100. Random annual variation was drawn from a normal distribution based on 

past annual variation and added on-top of these cyclic trends. A set of 1,000 plausible 

projections were generated for both the AMO and NAOw (Figure 7.2).  

Depth integrated temperature was projected forward based on best case (RCP 4.5: ≈ 1°C 

rise by 2100) and worst case (RCP 8.5: ≈ 4°C rise by 2100) greenhouse gas emission 

scenarios for the Atlantic Ocean (IPCC, 2014). Temperature trends were linearly projected 

to from 2016 to 2100 based on the RCP scenarios. Annual variation was applied to 

temperature projections based on past variation, generating 1,000 temperature projections 

under RCP 4.5 and 1,000 temperature projections under RCP 8.5. Each temperature iteration 

was linked to the corresponding AMO iteration (i.e. AMO projection 1/1,000 and RCP 4.5 

temperature projection 1/1,000) to add the cyclic influence of the AMO to the projected 

depth-integrated temperature (Figure 7.2). 
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Figure 7.2. Climate forecasts for the Atlantic Multidecadal Oscillation (AMO), North 

Atlantic Oscillation winter index (NAOw), and depth integrated temperature (°C). 

Scenarios for the AMO and NAOw were forward projected based on observed oscillation 

and variation, temperature is forward projected under IPCC scenarios RCP 4.5 and RCP 

8.5. Variation was added to temperature projections based on observed variation and 

AMO projections. For each climate projection, shaded areas represent the upper and 

lower bounds for 1,000 climate estimates; 10 simulations have been plotted as examples. 

Each fishing strategy was simulated under RCP 4.5 and RCP 8.5 using Multi-Sim (Steenbeek 

et al., 2016). Multi-Sim is an Ecosim plugin which perturbs environmental and 

anthropogenic drivers by reading in a series of pre-prepared comma-separated variable (.csv) 

files and collates Ecosim results (biomass and catch predictions). In this study, the prepared 

.csv files contained permutations of climatic drivers (i.e. .csv 1 of 1,000 included trends for 

the AMO (1/1,000), NAOw (1/1,000), and RCP 4.5 temperature (1/1,000)), resulting in a set 

of 2,000 .csv files (1,000 for RCP 4.5; 1,000 for RCP 8.5) which were used to drive the 

ecosystem under different fishing strategies from 1973 to 2040. This approach facilitated the 
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testing of fishing strategies under climate change, accounting for the uncertainty in climate 

predictions. 

7.2.4.2 Long-term fishing strategy evaluation 

Long-term trade-offs between ICES FMSY and EBFMSY were investigated by examining the 

biomasses of commercial stocks and value of the catch at the end of the simulated period 

(2040). The risks of fishing at ICES FMSY and EBFMSY were assessed by calculating the 

percentage of biomass projections which fell below ICES biomass reference points (Blim = 

Limit reference point for spawning stock biomass; Bpa = Precautionary reference point for 

spawning stock biomass) at the end of the simulated period. 

Catch estimates for each fleet were transformed from t.km-2 to value in euros (€) using 

economic information (€ per tonne for different species landed by different gear types) from 

the 2016 “Landings data by ICES rectangle for all UK registered vessels” for ICES area VIIa 

(Table 7.2) (MMO, 2017). The most profitable species from the Irish Sea in 2016 were 

scallops (Aequipecten opercularis and Pecten maximus), Nephrops, whelks (Buccinum 

undatum), crabs and lobsters (Cancer pagurus and Homarus gammarus), herring, and 

haddock based on overall landings. Per tonne landed, lobsters (Homarus gammarus), bass 

(Dicentrachus labrax), turbot (Scophthalmus maximus), mackerel (Scomber scombrus), 

sole, and Nephrops were the most valuable landings (STECF, 2018a). Economic trade-offs 

between ICES FMSY and EBFMSY were investigated by examining projections for the value 

of each fleets catch at the end of the simulated period, assigning average and quartile (upper 

and lower) reference points.  
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Table 7.2. 2016 value (€) per tonne of commercial landings from the Irish Sea (MMO, 

2017). 

Functional group 
Euros per tonne 

Beam  

trawls 

Otter 

trawl 

Nephrops  

trawl 

Pelagic  

nets 

Gill  

nets 
Pots Dredge Longline 

1 Toothed whales - - - - - - - - 

2 Minke whales - - - - - - - - 

3 Seals - - - - - - - - 

4 Seabirds (high discard diet) - - - - - - - - 

5 Seabirds (low discard diet) - - - - - - - - 

6 Sharks 357 211 211 289 366 2694 117 364 

7 Rays 1588 1332 1332 1380 1547 1149 1399 2515 

8 Atlantic cod 2+ 2648 2566 2566 2417 2706 2523 1501 2750 

9 Atlantic cod 0-1 - - - - - - - - 

10 Whiting 2+ 1536 715 715 669 622 752 964 1236 

11 Whiting 0-1 - - - - - - - - 

12 Haddock 2+ 1923 1513 1513 1571 1628 1745 647 3481 

13 Haddock 0-1 - - - - - - - - 

14 European plaice 2+ 1534 759 759 1124 1756 916 1144 1776 

15 European plaice 0-1 - - - - - - - - 

16 Common sole 8870 6441 6441 6781 8679 7749 7494 10080 

17 Flatfish 4445 2600 2600 2563 2293 6331 5368 3159 

18 Monkfish 4666 2815 2815 4604 7744 4891 5371 - 

19 European hake 2379 2088 2088 2271 2454 - 702 - 

20 Sandeels 1639 - 1639 - - - - 1639 

21 Gurnards and dragonets 986 527 527 1332 2137 - 441 1463 

22 Other demersal fish 4697 1761 1761 2596 3430 2413 1568 2268 

23 Other benthopelagic fish 690 589 589 953 1316 1110 1110 1638 

24 Atlantic herring - 418 418 731 606 - - 1221 

25 European sprat 1404 1404 1404 1404 1404 1404 1404 - 

26 Other pelagic fish 2470 740 740 1361 1983 566 1761 18847 

27 Anadromous fish - - 2340 - 6732 4536 - 4536 

28 Lobsters and large crabs 10450 1100 1100 3328 5557 2808 2829 7292 

29 Nephrops 5618 5555 5555 5703 5555 9203 5567 - 

30 Shrimp 9439 - 6143 - 18282 14775 3354 23685 

31 Cephalopods 2198 1179 1179 2089 2999 3510 1986 5668 

32 Scallops 2786 941 941 - 2048 1748 1601 - 

33 Epifauna 1405 585 585 - 1187 1091 1019 924 

34 Infauna - - - - - 7504 4178 8190 

35 Gelatinous zooplankton - - - - - - - - 

36 Large zooplankton - - - - - - - - 

37 Small zooplankton - - - - - - - - 

38 Seaweed - - - - - - - - 

39 Phytoplankton - - - - - - - - 

40 Discards - - - - - - - - 

41 Detritus - - - - - - - - 
 

 

7.3 Results 

7.3.1 Ecosystem condition and EBFMSY 

The indicator percentiles highlighted that Irish Sea catches in 2016 were low and had shifted 

from fish to invertebrates, with low fish catch, high invertebrate catch, and a low trophic 

level for the total catch (Figure 7.3). Primary production and system production were 
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relatively low in 2016, whereas total system biomass and fish biomass were high relative to 

previous years, as was the average trophic level of the system. Indicators which were 

undefined, (neither high or low but straddling the 1973-2015 average) included invertebrate 

biomass, Ecological Network Analysis (ENA) indicators of energy flow (Finn’s cycling 

index, path length, average mutual information) and indicators of sustainable fishing (L 

index and Psust; Table 7.1 and Appendix C). Inverse consumption/biomass (𝑄/𝐵) 

indicators for 2016 were high for cod, plaice, haddock, herring, sole, and Nephrops, whereas 

the inverse consumption/biomass ratio for whiting was low (Figure 7.3). 

 
Figure 7.3. Irish Sea ecosystem condition in 2016. Indicator percentiles for 2016 reflect 

indicator status in comparison to values from 1973-2015. Consumption/biomass 

indicators were calculated for stock assessed species in the Irish Sea: COD=Atlantic cod; 

PLE= European plaice; HAD=haddock; HER=Atlantic herring; SOL=common sole; 

WGH=whiting; NEP=Nephrops. Consumption/biomass decreases with worsening 

species condition; therefore the inverse of this indicator was used so that higher values 

indicate better condition. 

Equation 7.1 was used to estimate EBFMSY reference points using estimated ecosystem 

conditions for cod, whiting, haddock, plaice, sole, herring, and Nephrops (Table 7.3) which 

were derived from three equally weighted indicators: (1) system production, (2) Psust, and 

(3) inverse 𝑄/𝐵 (species specific). Due to the low system production, high 𝑄/𝐵, and median 

Psust, 2016 ecosystem conditions for cod, haddock, plaice, sole, herring, and Nephrops 

largely fell within the 40th to 60th percentile of past values, producing EBFMSY reference 
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points close to the middle of their FMSY ranges. As whiting 𝑄/𝐵 was low, coupled with low 

system production and median Psust, ecosystem condition for this stock was relatively low, 

ranging from the 31st to 41st percentile, producing an EBFMSY range towards the lower end 

of the ICES FMSY range.  

Table 7.3. Components used to calculate EBFMSY reference points for commercial species 

in the Irish Sea. Ecosystem indicator percentiles for 2016 were weighted equally to 

calculate an overall ecosystem condition percentile for each stock. In this study we used 

two ecosystem indicators (system production; potential for sustainable fishing (Psust)) 

and one species specific indicator (consumption/biomass) to calculate ecosystem 

condition. Ecosystem condition percentiles were applied to the ICES FMSY range to 

determine EBFMSY. 

Irish Sea 

stock 

Indicator percentiles Ecosystem  

condition (∆) 

Fishing strategy 

System 

production 
Psust 

Consumption/ 

biomass 
ICES FMSY EBFMSY 

Cod 0.16 

(0.11 - 0.23) 

0.59 

(0.49 - 0.61) 

1 

(1 - 1) 

0.58 

(0.53 - 0.61) 

0.44 

(0.34 - 0.46) 

0.41 

(0.40 - 0.42) 

Whiting 
0.35 

(0.33 - 0.38) 

0.37 

(0.31 - 0.41) 

0.22 

(0.16 - 0.29) 

0.21 

(0.19 - 0.22) 

Haddock 
0.91 

(0.64 - 1) 

0.55 

(0.41 - 0.61) 

0.27 

(0.2 - 0.35) 

0.28 

(0.26 - 0.29) 

Plaice 
0.98 

(0.91 - 1) 

0.58 

(0.50 - 0.61) 

0.20 

(0.13-0.29) 

0.22 

(0.21 - 0.23) 

Sole 
0.81 

(0.59 - 0.95) 

0.52 

(0.40 - 0.60) 

0.20 

(0.16 - 0.24) 

0.20 

(0.19 - 0.21) 

Herring 
0.87 

(0.76 - 0.95) 

0.54 

(0.45 - 0.60) 

0.27 

(0.2 - 0.35) 

0.28 

(0.27 - 0.29) 

Nephrops 
0.77 

(0.62 - 0.89) 

0.51 

(0.41 - 0.58) 

0.18 

(0.12 - 0.18) 

0.15 

(0.14 - 0.16) 
 

7.3.2 FMSY reference points 

Short and long-term scenarios were projected forward under FStatusQuo, ICES FMSY, multi-

species FMSY (EwE full compensation with vulnerabilities), and EBFMSY. These FMSY 

reference points are provided in Table 7.4. When comparing multi-species FMSY reference 

points (full compensation vs. stationary system; vulnerability multipliers vs. no vulnerability 

multipliers) it was found that FMSY values from the full compensation scenario tended to be 

higher than FMSY values from the stationary system scenario (and also higher than ICES 

FMSY) which is to be expected as the full compensation scenario included indirect 

compensatory responses throughout the ecosystem to changes in the abundance of the target 

species (Walters et al., 2005). When leaving vulnerability multipliers at their baseline of 2 
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(neither top-down nor bottom-up), FMSY reference points from EwE were generally close to 

or within the ICES FMSY range, with the exception of whiting and Nephrops, which have 

higher multi-species FMSY values, and cod which has a lower multi-species FMSY value. 

When including vulnerability multipliers from the fitted key run, multi-species FMSY 

reference points for cod, whiting, sole, and Nephrops were reduced whereas multi-species 

FMSY reference points for haddock, plaice, and herring increased (Figure 7.4).  

Table 7.4. FMSY reference points for the Irish Sea commercial species used in the model 

simulations. FStatusQuo corresponds to the last historical F value observed, ICES FMSY 

values were taken from single-species stock assessments, multi-species FMSY values were 

taken from the EwE key run (full compensation with vulnerabilities), and EBFMSY uses 

ecosystem information to calculate a reference point from within the ICES FMSY range. 

Irish Sea 

stock 
FStatusQuo ICES FMSY Multi-species FMSY  EBFMSY 

Cod 0.24 0.44 0.13 0.41 

Whiting 0.55 0.22 0.05 0.21 

Haddock 0.13 0.27 0.64 0.28 

Plaice 0.33 0.20 0.79 0.22 

Sole 0.13 0.20 0.15 0.20 

Herring 0.12 0.27 0.58 0.28 

Nephrops 0.15 0.18 0.21 0.15 
 

 

 

Figure 7.4. Multi-species FMSY reference points from the Irish Sea EwE key run in 

comparison to ICES FMSY ranges. Multispecies reference points were calculated with the 

dynamic responses of the ecosystem (Full compensation) and without (Stationary system), 

both with and without the inclusion of fitted vulnerability multipliers (pre-determined top-

down and bottom-up interspecific responses).  
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7.3.3 Short-term simulations with parameter uncertainty (2016-2021) 

The relative short-term changes in stock biomass and catch as a result of fishing at ICES 

FMSY, EBFMSY, multi-species FMSY, and FStatusQuo are shown in Figure 7.5. Biomass responses 

became more prominent as time progressed, with uncertainty in model simulations generally 

increasing with each time-step. Cod biomass increased across the five-year projection when 

fishing at FStatusQuo and multi-species FMSY, whereas it remained stable and comparable to the 

2016 level when fishing at ICES FMSY and EBFMSY. Catch returns were greater under ICES 

FMSY and EBFMSY. Whiting biomass was predicted to increase across all fishing strategies in 

the short-term simulations, however fishing at FStatusQuo (the highest applied fishing 

mortality) dampened the recovery rate of whiting. Haddock biomass declined in most model 

simulations, particularly when fishing at multi-species FMSY. Catches of haddock were 

higher when fishing at ICES FMSY and EBFMSY in comparison to FStatusQuo, yet biomass 

projections remained similar between these scenarios. The simulated biomasses of herring 

and plaice reflected the intensity of the applied fishing mortality. Sole biomass and catch 

increased under all FMSY reference points, however catch returns were greatest when fishing 

at ICES FMSY and EBFMSY. Nephrops biomass declined over time when fishing at FStatusQuo, 

multi-species FMSY, and, to some extent, ICES FMSY. EBFMSY proved to be the most 

sustainable reference point for Nephrops in the short-term, providing stable catch and 

biomass estimates.  

7.3.4 Long-term simulations with environmental uncertainty (2016-2040) 

Key run projections for commercial stock biomasses and catches under RCP 4.5 and RCP 

8.5 are shown in Figure 7.6. Commercial stocks showed varying responses to fishing 

scenarios caused by direct fishing mortality, changes in predation pressures, and climate 

change. The effects of increased fishing mortality can be seen in the cod simulations. Under 

FStatusQuo and multi-species FMSY, cod biomass and catch increased until the end of simulated 

period, whereas under the higher mortality of ICES FMSY and EBFMSY scenarios, cod biomass 

remained close to the 2016 level but provided a higher catch in the short term. Similarly for 

plaice and whiting, the lower mortality targets of ICES FMSY and EBFMSY scenarios led to an 

increase in the stocks biomass and greater catch stability.  
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Figure 7.5. Short-term EwE biomass and catch projections for commercial stocks in the Irish Sea under different FMSY reference points. 

Small points indicate estimates from Monte Carlo iterations and are summarised through the calculation of mean ± standard deviation. 



 

 

C
h
a
p
ter 7

: E
co

system
 in

fo
rm

a
tio

n
 in

 fish
eries a

d
vice                        

1
5
8
 

 
Figure 7.6. Biomass and catch simulations (1973-2016) and predictions (2016-2040) for important Irish Sea commercial species under four fishing mortality 

reference points (Status Quo (FStatusQuo); ICES FMSY; EBFMSY; EwE FMSY (multi-species FMSY)) in the face of RCP 4.5 and RCP 8.5 climate scenarios. 
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The effect of changes in predation pressure can be seen in the catch and biomass simulations 

of haddock, sole, and Nephrops. When commercial stocks were fished at FStatusQuo and multi-

species FMSY, cod biomass increased, increasing the predation mortality experienced by 

haddock, sole, and Nephrops. The biomass of these stocks therefore declined or, in the case 

of haddock, experienced greater declines. Despite the fishing mortality at ICES FMSY being 

higher than FStatusQuo for haddock, sole, and Nephrops, all achieved greater long-term 

biomasses and catches when commercial stocks were fished at ICES FMSY.  

Differences between RCP 4.5 and RCP 8.5 simulations were most notable for cod, with 

lower biomass projections under RCP 8.5 when compared to RCP 4.5. This again had an 

impact on predation pressures, with haddock, sole, and Nephrops performing better under 

RCP 8.5 than RCP 4.5 due to the reduced cod production. Biomass and catch projections for 

herring generally declined from 2016 to 2025 and increased from 2025 to 2040, with large 

uncertainty bounds, following the NAOw projection. Fishing mortality under multi-species 

FMSY, which was two times greater than any other scenario, when coupled with the effect of 

the NAOw, led to a large biomass reduction, and a subsequently low long-term catch.  

Key run projections for the value of catch by fleet, under different fishing strategies and 

climate scenarios, are shown in Figure 7.7. To some extent, fleet catch value projections 

reflect the stock projections of their target species shown in Figure 7.6. This is particularly 

true for the fleets using Nephrops trawl, beam trawl (sole and plaice), otter trawl (cod, 

whiting, and haddock), and pelagic nets (herring).  
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An evaluation of the total catch value (all fleets combined) under each fishing strategy 

suggested fishing at ICES FMSY would be most economically advantageous with mean 2040 

catch values of €3,352 t.km-2 under RCP 4.5 and €3,637 t.km-2 under RCP 8.5 (Figure 7.8). 

The economic returns under EBFMSY follow closely, with mean 2040 catch values of €3,152 

t.km-2 under RCP 4.5 and €3,512 t.km-2 under RCP 8.5. The 95% confidence intervals of 

total economic returns under ICES FMSY and EBFMSY are highly overlapped (Figure 7.8). 

 

 
Figure 7.7. Catch value (Euros per t.km-2) simulations (1973-2016) and predictions 

(2016-2040) for Irish Sea fishing fleets under four fishing mortality reference points 

(Status Quo (FStatusQuo); ICES FMSY; EBFMSY; EwE FMSY (multi-species FMSY)) in the face 

of RCP 4.5 and RCP 8.5 climate scenarios. 
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7.3.5 EBFMSY vs. FMSY: Risk and trade-offs 

Model predictions for 2040 stock biomasses suggested that most stocks face minimal risk of 

falling below Blim or Bpa reference points under ICES FMSY or EBFMSY, for both RCP 4.5 

and RCP 8.5 scenarios (Figure 7.9). However, the important cod, haddock, and herring 

stocks did fall below their associated biomass reference points. The risk of the Irish Sea cod 

stock falling below biomass reference points was reduced when fishing at EBFMSY. Under 

RCP 4.5 only 3% of the 1,000 simulated EBFMSY trials fell below Blim compared to 24% 

when fishing at ICES FMSY. Risk to the cod stock increased when simulating the ecosystem 

under RCP 8.5, with 76% and 99% of the simulated trials falling below Blim when fishing at 

EBFMSY and ICES FMSY respectively. Even though haddock biomass saw large declines in 

all model scenarios from 2016 to 2025 (Figure 7.6), its predicted biomass for 2040 remained 

predominantly above ICES biomass reference points. The risk of falling below biomass 

 
Figure 7.8. Total catch value (Euros per t.km-2) simulations (1973-2016) and predictions 

(2016-2040) for combined Irish Sea fishing fleets under four fishing mortality reference 

points (Status Quo (FStatusQuo); ICES FMSY; EBFMSY; EwE FMSY (multi-species FMSY)) in the 

face of RCP 4.5 and RCP 8.5 climate scenarios. 
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reference points was only encountered when fishing at EBFMSY under RCP 4.5, and this was 

minimal with only 1% of the 1,000 trials falling below Bpa. Herring biomass predictions for 

2040 covered a large range of values and remained very similar in the face of different 

fishing strategies and RCP scenarios. Most model trials for herring produced biomass 

estimates above ICES biomass reference points, with the largest risk being associated with 

fishing at EBFMSY under RCP 8.5 (7% of trials below Blim). 

All model trials predicted the biomasses of whiting, plaice and sole to be above biomass 

reference points by 2040 if fishing at EBFMSY and ICES FMSY reference points. Biomasses 

for these stocks were projected to be higher by 2040 under RCP 8.5. There was high overlap 

between biomass end points for whiting when comparing results from ICES FMSY to 

EBFMSY, whereas 2040 biomass ranges for plaice and sole were higher when fished at ICES 

FMSY. Precautionary biomass reference points were not provided as part of the ICES advice 

for Nephrops, yet a comparison of simulated biomass end-points were provided to access 

the predicted impact of ICES FMSY vs. EBFMSY. Under both climate scenarios, Nephrops 

biomass in 2040 was higher when fished at EBFMSY. Biomass distributions for Nephrops 

when fished at ICES FMSY and EBFMSY were higher under RCP 8.5. 

The median catch value of otter trawl and dredge fleets were higher under EBFMSY whilst 

the median catch value of beam trawl, Nephrops trawl, gill net, and pot fleets were higher 

under ICES FMSY (Figure 7.10). Median catch values remained consistent for pelagic net and 

longline fleets whether fishing at ICES FMSY or EBFMSY. Under the RCP 8.5 climate scenario 

the value of the otter trawl catch is lower by 2040 than it would be under RCP 4.5. For all 

other fleets (excluding pelagic nets and longline) the opposite is true; simulated catch value 

increased under RCP 8.5. 
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Figure 7.9. Species based risks and trade-offs when fishing at FMSY and EBFMSY under 

RCP 4.5 and RCP 8.5 climate scenarios. Biomass distributions represent the plausible 

values from 1,000 model iterations and were taken from the end of model simulations 

(2040). Scenario estimates are compared to biomass reference points (Blim and Bpa) to 

identify the risk associated with each management strategy. 
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Figure 7.10. Fleet based economic trade-offs when fishing at FMSY and EBFMSY under 

RCP 4.5 and RCP 8.5 climate scenarios. Catch value (Euros) distributions represent the 

plausible values from 1,000 model iterations and were taken from the end of model 

simulations (2040). 
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7.4 Discussion 

The concept for EBFMSY described in this chapter offers a new route for the integration of 

ecosystem information into ICES quota advice. Tactical outputs from ecosystem models 

have traditionally struggled to meet the robust precautionary requirements which ground 

fisheries advice (Plagányi and Butterworth, 2004), such as the need to quantify the risk of 

recruitment overfishing (Myers et al., 1994). This has limited the incorporation of ecosystem 

modelling into quota-setting advice. The concept presented in this chapter overcomes this 

hurdle by combining tactical advice from precautionary single-species models with strategic 

advice from an ecosystem model. Stock status, precautionary reference points, and initial 

fishing mortality are computed from a single-species model. Ecosystem information from 

an ecosystem model is then used to rescale the target fishing mortality within the 

precautionary limits, which would then be fed back to the single-species model to compute 

quota advice. This concept fulfils the request of WKIrish to develop an approach which 

enables the inclusion of ecosystem processes in tactical advice and represents a viable step 

towards EAFM and the operational use of ecosystem models (ICES, 2018e). The 

methodology developed in this chapter provided the foundations for discussion at WKIrish6, 

where, following review, the EBFMSY approach was approved for fisheries advice in the Irish 

Sea (WKIrish6 report in preparation). The three indicators used to calculate ecosystem 

condition in this chapter mainly served as examples of how ecosystem information could be 

used to rescale target fishing mortalities. The next step towards operationalising this 

approach would be to identify ecosystem indictors related to the production of each stock. 

Work towards the selection of stock-specific indicators took place at WKIrish6 and is 

discussed more in Chapter 8. 

Simulating the Irish Sea ecosystem under different fishing strategies and climate scenarios 

helped to develop a better understanding of the model’s mechanics. Changes in fishing and 

climate drivers cascaded through the model, having direct and indirect impacts mitigated 

through trophic interactions. In the next stage of the EBFMSY concept development, 

Management Strategy Evaluation (MSE) simulations should be used to dynamically test the 

ecosystem-based fishing strategy by updating the EBFMSY harvest control rule annually in 

reference to the changing ecosystem condition. However, the current capacity of EwE to be 

used to test dynamic (annually changing) ecosystem-based harvest control rules is limited 

by the capabilities of the MSE plugin (Mackinson et al., 2018). The MSE plugin provides a 

means to test fishing strategies and assess the effect of model parameter uncertainty on the 

performance of management options, but there is currently no feedback link between 

ecosystem indicators/condition and the adjustment of harvest control rules. To fully 
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operationalise the approach described in this chapter, such feedback should be implemented 

into the MSE plugin 

7.4.1 Forward projections 

For ecosystem information to appropriately support single-stock advice, multi-species 

modellers need to work alongside stock assessment scientists and provide advice that 

resonates with the single-stock management timeframes. As ICES single-stock assessments 

are updated annually and reviewed every three to five years, the short-term simulations 

produced in this chapter may be of more practical use than the long-term simulations to 

evaluate the performance of fishing strategies in an ecosystem context. Yet the importance 

of long-term simulations should not be understated. Simulating further into the future 

increases our understanding of ecosystem function and allows us to envisage potential 

eventualities, such as those associated with climate change, which may be less apparent 

when focussing on short, management appropriate, timescales. 

7.4.1.1 Short-term projections 

Short-term projections revealed only slight differences between EBFMSY and ICES FMSY. 

This is not unexpected, as the EBFMSY reference point, by design, falls within the ICES FMSY 

range and therefore will not be too dissimilar from the single FMSY suggested by ICES (given 

that the ICES range is not wide). The EBFMSY reference points calculated in this chapter 

suggest that fishing mortality targets for cod, whiting, and Nephrops should be lower than 

the ICES point recommendations. Fishing at EBFMSY resulted in higher stock biomass and 

catches of cod by the end of the five-year simulation, whereas cod biomass declined when 

fished at ICES FMSY suggesting a higher risk of overexploitation. ICES FMSY targets for 

haddock, plaice, and herring may be overly cautious and could be increased based on 

ecosystem condition. Simulations suggest this would return higher catches, with biomasses 

remaining above precautionary limits. Accounting for the impact of ecosystem condition on 

stock productivity is one of the central pillars of EAFM, and by failing to do so a single-

species assessment which sets management targets during a high-productive ecosystem 

regime runs a higher risk of overexploiting the stock if the ecosystem were to shift to a low-

productivity regime. Conversely, management targets set during low-productivity regimes 

may be overly cautious during high-productivity regimes (Vert-pre et al., 2013). 

Predation pressure impacts the productivity of prey, and prey availability limits the 

productivity of predators (Tyrrell et al., 2011). Short-term simulations with low fishing 

mortalities for cod led to increases in cod biomass which in-turn increased the predation 
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pressures upon haddock and Nephrops. The impact of an increased cod predation pressure 

was also present in the long-term simulations of haddock, Nephrops, whiting, and sole 

biomass, catch, and fleet economics. In many key fisheries around the world, important 

multi-species predation pressures are taken into consideration when setting biological 

reference points and harvest control rules for single-species: for example, cod consumption 

is used in the Barents Sea haddock and capelin (Mallotus villosus) assessments to account 

for natural mortality due to cod predation (Bogstad and Gjøsæter, 1994; ICES, 2019e). In 

the Baltic Sea, where there are issues regarding limited time series for stomach contents, 

multi-species models (SMS) are used to estimate predation influenced natural mortalities 

which are used in statistical catch at age models (SAM) for single-species assessments 

(ICES, 2019f). The Irish Sea key run can provide time series of species’ natural mortalities. 

For species such as haddock and Nephrops, whose production is impacted by cod predation 

in the Irish Sea, natural mortality may be a suitable indicator to inform the rescaling of target 

fishing mortalities. 

Short-term simulations also raised the question of whether short-term economic loss is an 

acceptable trade-off for long-term sustainability. If cod fishing mortality remained low 

(FStatusQuo) or was reduced further (multi-species FMSY), model simulations predicted the 

stock size would rise. Conversely, increasing fishing mortality (ICES FMSY; EBFMSY) led to 

higher, sustainable yields, yet the stock size remained close to, if not slightly below, 2016 

levels. Whilst the yield at a low fishing mortality was initially low in comparison to fishing 

within the ICES FMSY range, by the end of the five-year simulation the stock size increased 

to the point where a lower fishing mortality (FStatusQuo) returned a comparable yield. In 

instances such as this it is important to take into consideration the motives and needs of 

fishers and present them with the trade-offs associated with different fishing strategies. 

Using cod as an example, the pros of selecting a low fishing mortality include the potential 

of fostering a more productive stock which may be more resilient to the predicted detrimental 

impact of climate change (Beggs et al., 2014; Free et al., 2019). To make up for the economic 

loss of reduced cod landings there may be opportunities to target other species, such as sole, 

which are predicted to increase in model simulations. The cons of selecting a lower fishing 

mortality include the reduction of cod landings, which may have economic consequences if 

the fishery is unable to compensate elsewhere, along with the predicted predation impacts 

cod may have on other commercially important stocks such as Nephrops and haddock.  

Complex information regarding ecological forecasts needs to be appropriately packaged to 

support fishers’ decisions, but perhaps above all it is important that we are aware of the 
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ethical considerations attached to ecological forecasts (Hobday et al., 2019). The uncertainty 

associated with the approach used in this study may lead to lower or higher catches than 

optimal for the ecosystem, however by operating within the ICES precautionary FMSY ranges 

this shouldn’t lead to the long-term detriment of the ecosystem or fishing industry. A 

transparent co-production approach, which engages and educates stakeholders early, often, 

and continually (Djenontin and Meadow, 2018), may provide insurance against real world 

consequences, unanticipated by scientific models, and help to maintain scientific integrity 

and fairness to end users (Hobday et al., 2019).  

7.4.1.2 Long-term projections 

By 2040 the predicted temperature range shifted by +0.01°C under RCP 4.5 and by +1°C 

under RCP 8.5. These temperature shifts had a relatively limited impact on the mortality of 

commercial stocks as most remained within their tolerance ranges as shown in Chapter 5 

(Kaschner et al., 2016). The Irish Sea EwE model uses trapezoid temperature response 

functions which only detrimentally impact species consumption rates when temperature falls 

outside of a species ‘preferable’ range (Corrales et al., 2018). These functions produce less 

dramatic responses to changing temperature than the gaussian responses used in previous 

models (Bentley et al., 2017; Serpetti et al., 2017). In this study, only species which were 

within 1°C of their upper tolerance limit would have been detrimentally impacted by RCP 

8.5 by 2040. Atlantic cod has a preferred thermal niche of between 8°C to 12°C (Righton et 

al., 2010) and is thus on the edge of its thermal range in the Irish Sea. Previous studies have 

hypothesised that Atlantic cod will have disappeared entirely from the Irish Sea by 2100 

(Drinkwater, 2005). Cod has a top-down role in the ecosystem and exerts high predation 

pressure across its prey. In the present model, reduced cod production under RCP 8.5 

relieved the food web of predation pressure, increasing the productivity of Nephrops, sole, 

plaice, whiting, and haddock, despite haddock also being subject to above optimum 

temperature conditions (max thermal preference of 12°C; Kaschner et al., 2016). 

Herring also fell outside its preferable temperature range under RCP 8.5 (max thermal 

preference of 9.34°C; Kaschner et al., 2016). Biomass estimates for herring were slightly 

lower in RCP 8.5, however herring productivity was overwhelmingly driven by the changing 

NAOw. The high uncertainty in NAOw projections were indirectly carried through to 

simulations of herring biomass, catch, and the value of pelagic catches due to the direct 

influence of the NAOw on the availability of large zooplankton prey. Repercussions of 

fishing strategies were masked by the uncertainty of NAOw projections. The herring stock 

collapsed in the long-term simulations when fishing at the multi-species FMSY reference point 
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due to the impact of the relatively high fishing mortality coupled with the impacts of the 

NAOw. In the short-term simulation’s herring biomass showed a large decline when fished 

at the multi-species FMSY but not to the same extent as predicted with a variable NAOw. This 

suggests that herring biomass may be more susceptible to falling below sustainable levels if 

fishing mortality is above a certain threshold during periods of reduced food availability. 

Using dynamic EBFMSY reference point’s, which account for system productivity or prey 

availability, would go some way to counteract this cumulative impact by advising managers 

to fish towards ICES FMSYlower. 

The ICES FMSY fishing strategy gave the best overall economic returns by 2040, closely 

followed by returns under EBFMSY. The higher target fishing mortality for cod under ICES 

FMSY reduced cod biomass and predation pressure leading to greater catches of valuable 

species such as Nephrops and sole. Nephrops is a consistently high value landing, therefore 

if the stock declines in response to a cod resurgence, the Nephrops fleet may be unlikely to 

recoup the losses by targeting lower value species such as cod. Whilst the otter trawl fleet 

saw its greatest economic returns under scenarios with low cod fishing mortality (Figure 

7.7), the economic catch value from the other scenarios is comparable due to ecological 

trade-offs and the mixed nature of the fishery (STECF, 2018a). In simulations where cod 

was more abundant, haddock and whiting were less so due to the increased predation 

pressure. When cod biomass and catch was low, biomasses and catches of whiting and 

haddock were higher to compensate.  

Cod predation also impacted the value of catches from pots and dredges. One of the highest 

value functional groups consistently caught by pots is the ‘large crabs and lobsters’ group, 

which includes species such as edible crab (Cancer pagurus) and European lobster 

(Homarus gammarus). This functional group, like many others, was negatively impacted 

under scenarios with high cod biomass due to the increased predation pressure, meaning the 

value of pot catch was higher under scenarios which dampened the cod recovery rate. The 

dredge fleet predominately targets and catches scallops (Aequipecten opercularis and Pecten 

maximus). Scallop’s largest predation pressure comes from epifauna (small crabs, whelks, 

sea stars etc.) (Kamenos et al., 2004; Wong and Barbeau, 2003) which itself is heavily 

influenced by predation from Nephrops (Cristo and Cartes, 1998). The dredge fleet therefore 

performed best under fishing regimes which prevented a large increase in cod, as this 

prevented the decline of Nephrops, maintaining predation upon epifauna and restraining the 

epifauna-scallop predation pressure from increasing. Fishing strategies which aim to 

maximise economic returns from the Irish Sea may therefore opt to sustainably increase the 
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effort placed on cod in order to relieve predation pressure and continue fishing down the 

food web. 

7.4.2 EBFMSY vs. FMSY: Risk and trade-offs 

In theory, commercial stocks should display minimal risk (≈ 5%) of falling below biomass 

reference points as both ICES FMSY and EBFMSY exist within a predetermined precautionary 

range. As the environment changes and species adapt, these ranges will need to be revised 

to reflect the changing conditions. Long-term simulations in this chapter may therefore be 

expected to encounter risk greater than 5 % as FMSY remained constant in a changing 

environment. However, under RCP 4.5 the ICES FMSY for cod posed an unexpected and 

substantial risk (24 % chance) of bringing the stock below Blim by 2040. Under RCP 8.5 this 

risk increased to almost 100 %. Fishing at the designated EBFMSY reduced this risk under 

RCP 4.5 (3 % chance of falling below Blim) and provided a slight buffer to the impacts of 

climate change under RCP 8.5 (76 % chance of falling below Blim). The results under RCP 

4.5 point to: (1) an issue with the single-species FMSY reference point, and/or (2) an issue 

with FMSY from single-stock considerations not translating to an ecosystem context. From 

recent events it seems that the issue may stem from the stock-assessment:  

Since the development of this chapter’s results, the Irish Sea cod single-stock assessment 

has been discarded after experts determined that the models retrospective pattern was 

inadequate: it consistently overestimated next year’s biomass by roughly 20% (ICES, 

2019c). The future of the Irish Sea cod stock is very uncertain, with ICES currently assessing 

the stock as a category 3 (trend-based analysis only) with no short-term projections. This has 

implications for the Irish Sea key run as the model uses stock-assessment trends for 

calibration. However, given that the key run only uses the trend, and ICES currently assess 

the Irish Sea cod stock trend as sufficient, this should not invalidate model results. In 

addition, the Irish Sea key run appears to capture the negative impact of increasing fishing 

mortality from the 2016 status quo, even in short-term simulations, which was not identified 

in the now rejected single-stock forecast which overestimated population recovery (ICES, 

2018b). What is irrefutable, in this study and many others (Beggs et al., 2014; Drinkwater, 

2005; Free et al., 2019; Planque and Fox, 1998), is that Irish Sea cod will be one of the stocks 

most heavily impacted by climate change. All other commercial stocks faced minimal risk 

of falling below Blim by 2040 when fished at ICES FMSY or EBFMSY
, even under the more 

extreme climate scenario. Differences between stock biomasses by the end of the simulation 

result from both fishing intensity and differences in the food webs structure originating from 

the biomass and predation pressure of cod.  
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7.4.3 Delivering advice to managers 

The EBFMSY concept is designed to incorporate ecosystem information into advice for 

fisheries management and, if adopted, needs to be effectively communicated to multiple 

stakeholders. ICES fishing advice is delivered using graphs, text, tables and a traffic light 

system. Fishing pressure and stock size indicators are communicated using traffic light 

colours: green (go-ahead), yellow (beware), and red (danger). This approach is widely 

understandable, quick to convey meaning, and can communicate complex scientific 

processes which consider broad ranges of indicators. In Figure 7.11 the traffic light system 

has been used to relay the ecosystem condition of Irish Sea cod to stakeholders in 

conjunction with simple infographics. Rather than using three discrete colours, the EBFMSY 

advice uses a scale (0-1) and traffic light colours to convey indicator status. Alongside the 

indicator infographics, advice has been provided to illustrate where the EBFMSY reference 

point falls within the ICES FMSY range based on ecosystem condition. It is the aim of this 

figure to convey the underlying science and EBFMSY in a way which is easy digestible and 

understood. The advice concept provides a single EBFMSY reference point and omits the 

uncertainty range as to not over-complicate the advice by placing a range within a range. 

Placing the EBFMSY point within the ICES range means that, even with uncertainty, the 

reference point should not lead to the detriment of the stock.  

The development of this ecosystem-based advice was a product of the WKIrish process and 

successful scientist-stakeholder collaboration. Following best co-creation practices 

(Djenontin and Meadow, 2018) stakeholders should also have a say over how the advice is 

disseminated. The example in Figure 7.11 was shown to fishers’ during the final WKIrish 

meeting (WKIrish6, Nov 2019, Dublin, Ireland) where it received positive feedback and was 

put forward as an example to the ICES advisory committee (WKIrish 6 report in 

preparation). WKIrish6 also provided a forum for the discussion and peer-review of the 

EBFMSY concept itself. The concept garnered approval from the group and a week was spent 

identifying stock specific indicators for the placement of EBFMSY reference points within 

FMSY ranges. The conclusions of the working group are discussed in Chapter 8. 
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Stock 

description 

Ecosystem condition Ecosystem-based 

FMSY 

Cod  

Gadus morhua 

Division 7.a  

Irish Sea 

Cod.27.7a 

 

  

Figure 7.11. Concept for the presentation of ICES ecosystem-based FMSY (EBFMSY) advice 

for managers. The Irish Sea cod stock has been used as an example. The first column 

identifies the stock of interest. The second column includes the ecosystem condition 

indicators for the stock (in this example I have used the indicators from the EBFMSY 

scenarios). Indicators are coloured according to their indicator score on a traffic light 

scale. The third column consists of the FMSY range for the stock showing where the EBFMSY 

reference point falls. 

  

7.4.4 Limitations and concept development 

The EBFMSY concept as presented in this chapter is still in early stages of development and 

provides an overview of the work prepared for the final WKIrish workshop. The indicators 

used to calculate ecosystem conditions in this chapter will not necessarily be used to rescale 

ICES fishing targets. They serve as examples of how fishing targets can be rescaled using 

multiple indicators. When it comes to selecting the indicators for ICES advice it is important 

that they are relevant to the production rate of the stock, such as food availability for herring 

or temperature for cod (as shown in Chapter 6).  

For the approach described in this chapter to work, the models and environmental timeseries 

used to quantify ecosystem condition need to be regularly updated to provide relevant catch 

advice. For complex models such as EwE, this may be difficult as their upkeep requires a lot 

of time and data which may not be readily available.  ICES stock-assessments are updated 
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annually and their methodology is evaluated every three to five years in benchmark 

workshops. Due to the scale of the task it may be difficult to produce new EBFMSY reference 

points annually, therefore benchmark workshops may provide a more reasonable setting for 

the reevaluation of ecosystem condition and EBFMSY reference points. 

 

The EBFMSY calculation assumes a linear relationship between fishing mortality and 

ecological indicators (i.e. if indicators reflect a poor condition then fishing should be 

reduced). Community and biomass-based ecological indicators generally respond to fishing 

mortality in a negative, linear way, however these responses can vary depending on 

environmental change and the applied fishing strategy (Fu et al., 2019b). Indicators may 

respond sharply to fishing pressures past certain thresholds which are often unique across 

ecosystems (Fu et al., 2019a). Further work should quantify the responses of Irish Sea 

ecosystem indicators to changes in fishing and environmental stressors in order to identify 

non-linear ecosystem responses, detect tipping points, and classify ‘early warning indicators’ 

to facilitate the development of adaptive management strategies and avoid detrimental 

ecosystem shifts (Foley et al., 2015).  

Aside from the limitations of the EBFMSY concept, there were also limitations associated 

with model simulations, particularly long-term simulations. The approach taken in this 

chapter to forward project the AMO and NAOw using historic variation and detrended 

oscillation was simplistic and increased the uncertainty associated with climate predictions, 

particularly for the NAOw which presents remarkable interannual variability. Uncertainty in 

the systems response to climate projections could be reduced in the future by coupling the 

Irish Sea EwE model with a better forecast model for Irish Sea physics.  

Understanding the ecosystem impacts of climate change are a prerequisite for the planning 

of adaptive strategies, therefore being able to identify and communicate uncertainty is key 

for risk evaluation (Payne et al., 2015). The uncertainty in climate projections were 

addressed in the long-term simulations but due to computational challenges and software 

limitations it was not possible to address the parametric uncertainty of the model at the same 

time. Parametric uncertainty was communicated in the short-term simulations using Monte 

Carlo simulations to alter base parameters. However, the EwE software is unable to 

simultaneously vary applied parameters and scenarios to capture the combined uncertainty. 

It was also not possible to communicate the structural uncertainty, or model uncertainty, 

which is associated with how the modelling tool (EwE) works. Different models translate 

inputs into outputs under different working-hypotheses and internal abstractions, such as the 
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vulnerability concept in EwE. The multi-species modelling community is increasingly aware 

of the power of model ensembles as tools to grasp and communicate structural uncertainty 

(Heymans et al., 2018; Spence et al., 2018). However, this still needs to be implemented in 

more detail to address the structural uncertainties of these models (Lotze et al., 2019). 

Finally, the Irish Sea key run displays good historical performance when comparing 

simulations against historical observations, however this is no guarantee for good future 

performance. When extrapolating into the future it is impossible to capture the “unknown 

unknowns”, such as organism adaption to environmental change, limiting the predictive 

power of any model, including these types of ecological models.  

7.5 Conclusion 

The EBFMSY concept developed in this chapter is a stepping-stone towards a more 

ecosystem-focused approach for the delivery of ICES catch advice. When attempting to 

operationalise EwE in the realms of management it is important to recognize the limitations 

of the software as well as the limitations of the advice-giving process outputs need to be 

tailored for. Whilst EwE can be used to estimate FMSY reference points, this was not the 

primary purpose of the Irish Sea model and therefore the model’s structure has not been 

optimised to support this type of management advice. Instead, the EBFMSY concept builds 

on the strengths of EwE and the Irish Sea key run by drawing information from the trends in 

ecosystem indicators. Incorporating ecosystem information into the ICES FMSY range, a 

range which already exists within the management system and is deemed precautionary, 

circumvents issues which may prevent the inclusion of ecosystem information into catch 

advice. 

Further work and peer-review is needed to refine the approach and better understand the 

trade-offs of fishing at EBFMSY. Management Strategy Evaluation (MSE) simulations could 

be applied to test the robustness of the EBFMSY rule and provide decision makers with the 

associated uncertainties (ICES, 2013; Punt et al., 2016).  

It is the hope that this chapter may lead to a wider discussion within WKIrish and the ICES 

community regarding the targeted use of the FMSY ranges. Further investigation should aim 

to explore the multi-species and socio-economic trade-offs which may be achieved by setting 

harvest control rules within the FMSY ranges. Finally, it is paramount that this information is 

prepared alongside stakeholders and single-species stock assessors to provide outputs and 

trade-off information in line with their objectives. ICES benchmarks would benefit from 

having multiple stakeholders and interdisciplinary experts at the table when debating and 
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setting catch levels. This would be to the benefit of all parties and is vital to the progression 

of an ecosystem-based approach to fisheries management. 
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8 Conclusion 

8.1 Summary of findings 

By the late 1990s, the Irish Sea Atlantic cod stock had declined to the point of collapse and 

a recovery plan was introduced (EC, 2000; ICES, 2001). This plan relied upon landing quota 

reductions, temporary closure of spawning grounds, and the introduction of technical gear 

regulations (ICES, 2003). Despite efforts, cod and other diminished stocks showed little sign 

of recovery making it clear that the challenges facing management of the Irish Sea stocks 

may benefit from a more holistic approach. This approach included the improvement of 

single-species assessment methods but also looked beyond them, taking into consideration 

trophic and environmental aspects of the Irish Sea ecosystem which may be influencing the 

productivity of key stocks. Accounting for the impact of ecosystem processes on stock 

productivity is one of the central pillars of an Ecosystem Approach to Fisheries Management 

(EAFM). Single-species assessments often fail to account for ecosystem processes and 

therefore targets set during a high-productive ecosystem regime run a higher risk of leading 

to stock overexploitation if the ecosystem were to shift to a low-productivity regime. 

Conversely, management targets set during low-productivity regimes may be overly 

cautious during high-productivity regimes (Vert-pre et al., 2013). 

The purpose of this project was to build an Ecopath with Ecosim (EwE) model of the Irish 

Sea. The model was designed to enhance our understanding of the food web and determine, 

if possible, the drivers underpinning the dynamics of commercial stocks. It was hoped that 

the insight gained from this research would help facilitate EAFM in the Irish Sea. There are 

few examples of EwE models which have been operationalised in management, and, to the 

best of our knowledge, no EwE model has ever been used to inform fisheries catch advice. 

The EwE model for the Irish Sea follows the best practices outlined by Heymans et al. 

(2016), like many of the more recently developed models, yet it stands apart from others due 

to its creation at the science-policy interface. By working closely with stakeholders and 

policy advisors, the Irish Sea model has been put forward as the first EwE model to inform 

ICES catch advice. As the project progressed towards this end point, opportunities were 

taken to develop new approaches for model parameterisation, collaborations were built with 

parallel fields such as the Ecological Network Analysis community to advance EwE 

uncertainty analyses, and novel methods were created for research co-production and use of 

fishers’ knowledge.  
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The methods and data used to build the Ecopath component of the EwE model were 

presented in Chapter 2. Details in this chapter were condensed from the Irish Sea EwE 

technical reports (Bentley et al., 2018, 2019d) and ICES key run report (ICES, 2019a). The 

Ecopath technical report was produced early in the project to add transparency to the process 

and highlight model caveats in preparation for reviews by ICES working groups (WKIrish 

and WGSAM). The Ecopath model provided the foundation for the research in all 

subsequent chapters. Chapter 3 used the Ecopath model from Chapter 2, but without the diet 

knowledge from fishers, in conjunction with Linear Inverse Modelling (LIM) to show how 

diet-based uncertainty analyses for model state indicators enabled stronger inferences 

regarding the structure of the system (Bentley et al., 2019a). Indicator analysis in Chapters 

2 and 3 suggested bottom-up regulation is dominant in the Irish Sea, signifying that changes 

in plankton communities driven by environmental conditions may have a strong influence 

on the dynamics of higher trophic levels. Chapter 4 introduced the framework used to engage 

with fishers through WKIrish, specifically focussing on co-creating diet information for 

commercial species. To understand how the co-created diet information changed the model 

presented in Chapter 3, a suite of food web indicators (strengthened using the uncertainty 

analysis introduced in Chapter 3) were compared before and after the addition of fishers’ 

knowledge (Bentley et al., 2019b). Although the small number of changes made to the model 

structure had an insignificant impact on the ecosystem-level indicators, indicators of species 

hierarchical importance and mixed trophic impacts were significantly changed, particularly 

for commercial species. Fishers’ knowledge heightened the importance of discards as a 

source of food for rays (Raja spp.), plaice (Pleuronectes platessa), and whiting (Merlangius 

merlangus) and reduced the importance of cod (Gadus morhua), toothed whales (Tursiops 

truncates and Phocoena phocoena), and plaice as structural components of the food web.  

Chapter 5 introduced Ecosim, the model’s temporally dynamic component, and showed 

how, in the absence of complete scientific data, using fishers’ knowledge of historic fishing 

effort to fill data gaps improved the model’s ability to simulate observed biomass and catch 

trends for the majority of functional groups (Bentley et al., 2019c). Chapter 5 also identified 

that the model was best able to simulate observed trends with the presence of an estimated 

environmental anomaly driving phytoplankton primary productivity. An empirical analysis 

of the mechanistic role of the environment was undertaken in Chapter 6 to direct the addition 

of environmental drivers to the model. This is an important step in the development of 

operational and defensible EwE models (Mackinson, 2013), and preferable to using the 

primary production anomaly estimated in Chapter 5. Environmental drivers were added to 

the recruitment of cod and whiting and the mortality of large zooplankton, statistically 
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improving model simulations in comparison to Chapter 5. When comparing model 

simulations with and without environmental drivers, results suggested that historic 

environmental change suppressed the overall production of commercial finfish, limiting 

opportunities for the fishing industry, whilst also dampening the rate of stock recovery 

despite the marked reductions in fishing effort. 

Chapters 2 through 6 all suggested that the production of commercial stocks in the Irish Sea 

were susceptible to, and had been driven by the environment (climate oscillation and 

temperature), predation pressures, food availability, and fishing. Using traditional silo-

structured management to set fishing reference points may therefore over- or underestimate 

sustainable harvest levels. Single-species models may also overestimate a stock’s response 

to reduced fishing mortality if they fail to account for other drivers of production. In the 

2019 benchmark for Irish Sea cod, the stock assessment was reduced to a category 3 

assessment (stocks for which survey-based assessments indicate trends) due to its poor 

retrospective pattern: it consistently overestimated biomass for the next year by roughly 20 

% (ICES, 2019c). This may prove to be a result of the stock assessment’s failure to account 

for other aspects of the ecosystem condition, such as temperature (Chapter 6), which drive 

production. In Chapter 7, a concept was developed for the acknowledgement of ecosystem 

condition in ICES catch advice. For category 1 stocks (stocks with quantitative assessments), 

which have upper and lower FMSY reference points, the approach in Chapter 7 describes a 

way to move within this FMSY range based on the status of ecosystem indicators. If the 

ecosystem indicator(s) is in a good condition, then the Ecosystem-based reference point may 

be closer to FMSYupper, as the stock may be more resilient to increased fishing. If the ecosystem 

indicator(s) is in a bad condition, then the Ecosystem-based reference point would move 

closer to FMSYlower, encouraging a more precautionary harvest.  

8.1.1 Operationalising Chapter 7 

The underlying purpose of Chapter 7 was to set the groundwork for the final WKIrish 

meeting (November 2019, Dun Laoghaire, Ireland) by designing a way to incorporate 

ecosystem information into catch advice whilst remaining within the existing legal 

framework. The same indicators were used for all stocks to calculate ecosystem-based 

reference points and were tested under short- and long-term scenarios. The concept matured 

during the final WKIrish meeting. The approach described in Chapter 7, which adds 

ecosystem information to the FMSY range, was accepted by the WKIrish group and external 

reviewers. During the final workshop, the group of researchers, fishing industry 

stakeholders, and policy advisors used the EwE model to identify indicators for the 
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estimation of ecosystem condition for individual stocks, advancing on the concept 

demonstrated in Chapter 7. The Irish Sea EwE model was used in two ways to provide 

ecosystem information: (1) model results were used to recommend important indicators 

available from other sources (i.e. temperature, zooplankton biomass); and (2) model 

products were used as indicators (i.e. predation mortality). Temperature was identified as an 

important indicator for cod and whiting spawning stock biomass (SSB); zooplankton 

biomass was recognized as an important indicator for herring SSB; temperature and 

predation mortality were both linked to sole SSB; predation mortality was identified as an 

indicator of Nephrops SSB. This working concept, which was accepted at review by 

WKIrish and is currently being reviewed by the ICES advisory committee, uses these stock 

specific indicators to place ecosystem-based reference points within FMSY ranges using the 

methods developed in Chapter 7. The report for this workshop is in preparation (WKIrish6 

Report, see https://www.ices.dk/community/groups/Pages/WKIrish.aspx). 

8.2 WKIrish: an example of positive stakeholder collaboration 

Considering the bearing WKIrish had on this project, and the impact of this work on the 

progression of WKIrish, it seems fitting to review the process in this concluding chapter and 

emphasize the monumental contribution from stakeholders. WKIrish sparked the capacity 

for new ecosystem modelling in the Irish Sea. There are now four multi-species models for 

the region (EwE, LeMANS, MoSES, FCube, see ICES, 2018a) which are closely aligned in 

their purpose yet differ structurally, opening the door for ensemble modelling opportunities 

such as those seen in the North and Baltic Seas (Bauer et al., 2019; Spence et al., 2018). 

Thanks to the WKIrish framework, all of these models have been designed at the science-

policy interface where they have benefited from stakeholder feedback and critique from the 

extended research community. Working alongside stakeholders benefited the quality and 

acceptance of the ecosystem modelling research and perhaps also its longevity. When invited 

to the Marine Institute in Galway, fishers expressed their desire for ecosystem modelling to 

become a research priority for the Institute. As advocates of the holistic approach, fishers 

also provided an extensive roadmap for future research related to issues important to the 

industry (ICES, 2018e). This included questions related to policy (i.e. impact of landings 

obligation), economics (i.e. trade-offs in stock exploitation), ecosystem understanding (i.e. 

biomass of non-surveyed species), knowledge improvement (i.e. estimations of natural 

mortality), and spatial issues (i.e. impact of area closures and pollution). With further 

development, the Irish Sea model ensemble would be capable of addressing all of these 

questions.  

https://www.ices.dk/community/groups/Pages/WKIrish.aspx
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The lessons from WKIrish for a successful co-production process were discussed in Chapter 

4. Trust between researchers and fishers was developed as a pre-cursor to WKIrish. Having 

trust prior to a collaborative process has been pointed out by previous co-production studies 

as a necessity for stakeholders to recognize research legitimacy and engage (Djenontin and 

Meadow, 2018; Harris and Lyon, 2013). WKIrish, like many co-production of knowledge 

case studies (Djenontin and Meadow, 2018), operated without a precise empirical framework 

which, according to Thompson et al. (2017), could undermine the maturation of the co-

production approach. However, it is likely that the use of an analytical framework which 

wasn’t tailored to the context of WKIrish, or collaboratively designed/led by stakeholders, 

would have produced inadequate results (Crane et al., 2016). It is desirable that ecosystem 

modelling remains a lightning rod for stakeholder engagement and the co-production of 

knowledge. Unfortunately, it is important to realise that WKIrish was only a benchmark and 

consequently had an expiry date. The question now, and one that is important for all co-

production research (Djenontin and Meadow, 2018), is: how do we provide a forum for this 

collaboration to continue, and how can we improve our engagement? 

Continued collaboration with stakeholders could come from the creation of a new, more 

long-lasting ICES Working Group. One of the paramount aspects to improving the approach 

of WKIrish would be the more direct inclusion of social scientists, who have the training, 

experience, and skills necessary to conduct robust social research (Moon et al., 2019). 

Natural scientists are often unfamiliar with the social scientific literature, inexperienced with 

the appropriate methods, lack training in analytical methods, and inadequately report results 

(Martin, 2019). Many social scientists were consulted regarding the work of WKIrish, 

however the research and engagement was primarily designed and conducted by natural 

scientists for the purpose of ecosystem modelling. It is important to recognize the 

contribution social scientists can make when tackling environmental issues in order to 

produce research of the highest possible standard. At the same time it should be recognized 

that projects such as this PhD have the capacity to create inter-disciplinary researchers 

capable of transferring ideas and methodologies across disciplines, as seen in Chapters 4 and 

5, which is important for the progression of Ecosystem-based Management (Alexander et 

al., 2019). WKIrish would also benefit from reaching a wider variety of stakeholders. While 

NGO’s, environmental lawyers, recreational fishers, and policy advisors were present at 

many WKIrish meetings, commercial fishers’ and their representatives were the majority 

and the focal audience for a lot of the engagement. Overall, WKIrish succeeded in giving a 

voice to commercial fishers and acknowledged their frustrations. Their knowledge, 
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incorporated in the Irish Sea EwE ICES key run, can now actively inform an Ecosystem-

based Approach to Fisheries Management in the Irish Sea.  

8.3 Can EwE make ecosystem-based management operational? 

EwE was primarily designed as a tool for ecosystem-based fisheries management 

(Christensen and Walters, 2011; Pauly, 2000), yet few EwE models have made the jump 

from research to operational policy advice, despite roughly 30% of published models 

focusing on fisheries related issues (Colléter et al., 2015). As mentioned in Chapter 1, it is 

likely that the limited operational use of EwE models in fisheries management stems from 

their complexity, uncertainty, and ‘black-box’ nature which can lead to pitfalls in its 

application and the creation of low-quality models. Whilst many single-stock assessment 

methods fail to account for various ecosystem facets which govern stock production, they 

are central for the assessment of commercial stocks and derivation of fishing and biomass 

reference points. Their low complexity makes it easier to handle data uncertainty and provide 

the precautionary advice required by ICES. EwE is generally not designed to set fishing 

quotas. While more data and a better ecosystem understanding may improve their potential 

for the delivery of tactical catch advice, they are not there yet. As argued in Chapter 7, we 

should not aim to replace the standard assessment methodologies with advice from EwE 

models, but rather to find a way to enhance them with ecosystem information. EwE is a 

powerful tool for building a better understanding of ecosystem structure, function, and 

response to perturbations. Its current potential therefore lies in its ability to provide strategic 

advice which can be integrated into the tactical advice of current assessment methods. 

  Two EwE key runs were accepted by ICES to support fisheries advice in Europe prior to 

the acceptance of the Irish Sea key run. The Baltic Sea key run was accepted with the purpose 

of describing the changes in the Baltic Sea food web, adding knowledge to support the 

progression of EAFM (Bauer et al., 2018; ICES, 2016b). The purpose of the North Sea key 

run was to act as a quality assurance for model estimated mortality rates, ecosystem indices, 

and multi-species MSY rates (ICES, 2015b). The North Sea key run was used in a Scientific, 

Technical and Economic Committee for Fisheries (STECF) evaluation of proposed options 

for a multiannual plans for North Sea mixed demersal fisheries (STECF, 2015). EwE has 

also been operationally used to simulate the impact of proposed fishery management plans 

(Chagaris et al., 2015), provide advice on gear selectivity (i.e. squared vs. diamond mesh) 

(Coll et al., 2008a), bycatch reduction devices (Criales-Hernandez et al., 2006), and to 

enhance EAFM and EBFM in areas such as the Gulf of Mexico (de Mutsert et al., 2016; 
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Grüss et al., 2017) and on the east and west coast of the USA (Link et al., 2011; Walters et 

al., 2010). 

Since the conception of the ecosystem approach it has remained unclear how to add 

ecosystem considerations to fishing quotas. It has also been a difficult topic to broach due to 

the inertia and vested interests of fisheries management in the single-species approach 

(Patrick and Link, 2015; Skern‐Mauritzen et al., 2016). This, coupled with the uncertainty 

of complex models and the fact that they are not designed to produce the precautionary 

assessment required by ICES and other advisory boards, has meant that EwE has never been 

used to inform fishing quotas. However now, by coincidence, there are two examples of 

EwE models in review for quota setting. One is the Irish Sea ecosystem-based FMSY proposal 

detailed in Chapter 7, and the other is for Atlantic menhaden (Brevoortia tyrannus) off the 

East Coast of the USA (D. Chagaris, personal communication, December 2019). Both 

approaches were developed independently and became known to each other in November 

2019 when one person was asked to review both proposals. Both proposals have different 

objectives and details, however their overall approach is similar.  

The approached developed by D. Chagaris (personal communication, December 2019) 

centres around the Southeast Data, Assessment and Review (SEDAR) benchmark for 

Atlantic menhaden, which uses a Statistical Catch-at-Age (SCAA) model to assess the status 

of the stock and set precautionary reference points (Atlantic States Marine Fisheries 

Commission, 2017). Quota advice from the SCAA model is entered into EwE to simulate: 

(1) its impact on menhaden biomass, and (2) the impact of a change in menhaden biomass 

on the biomass of its predators, namely striped bass (Morone saxatilis). This is set up to 

answer trade-off questions such as “how much extra menhaden would need to be in the 

system to support striped bass recovery if you reduced striped bass fishing mortality?”. EwE 

thus provides strategic advice which is used to rescale (downwards) the fishing mortality for 

menhaden to support the recovery of striped bass. This approach is similar to the WKIrish 

approach in that, in both cases, single-species models give abundance, reference points, and 

fishing mortality targets, EwE is used to refine the fishing mortality target within 

precautionary limits, and the single-species model calculates the quota using the rescaled 

fishing mortality. Both examples represent small steps towards EAFM, as the single-species 

model is still the primary driver of tactical advice in order to remain within legal and 

precautionary framework. 

The similarities shared by the USA menhaden and Irish Sea examples do not just lie in their 

mechanistic approach of weaving ecosystem information into existing tactical management, 
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but also in the way the models have been built and presented. Key reasons why these models 

have been successful in an operational EAFM context are bulleted below. 

• Objectives aligned with policy question 

Both models started with the objective to address a specific policy question which managers 

and stakeholders were already invested in. Researchers therefore need to be aware of the 

policy making process and the relevant issues their research can address. The ways in which 

EwE can be applied may be limited, as policy processes are tied to restrictive legislation 

which has likely impeded the ability of ecosystem science to guide major policy progress 

(Townsend et al., 2019). It is important to recognize the limitations of existing policy 

processes and advisory boards so that ecosystem information can be seamlessly integrated 

and operationalised.  

• Collaborative, interactive, and iterative processes 

Dedicated collaboration between researchers, stakeholders, and policy advisors is needed 

from early in the project. Frequent engagement gets people accustomed to seeing ecosystem 

models and their analysis, which helps build the credibility and advocacy of the research. 

The benefits of co-produced knowledge have been listed exhaustively throughout this thesis 

and cannot be understated. Different forms of knowledge bring new information and 

facilitate the merger of scientific disciplines and development of new methodologies. 

Working with advisory bodies streamlines the integration of research into policy advice by 

allowing researchers to become familiar with the policy framework, and advisory bodies to 

become accustomed to the research.  

• Use best practices 

It is important to use best practices for model development and implementation. For EwE, 

best practices are outlined by Heymans et al. (2016) and Link (2010). Following established 

best practices improves model credibility within the research community and with advisory 

bodies and external reviewers who are familiar with the methodology. Best practices include 

(1) tailoring the model to the question it intends to answer, (2) testing the uncertainty in input 

data, (3) making ecologically justified choices during model construction, and (4) seeking 

quality assurance (i.e. external review). 

• Formal review by advisory body 

Formal reviews by advisory bodies act as quality assurance procedures for assessing models 

which intend to be used in a management capacity. If possible, researchers should aim for 
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periodic reviews with peers and stakeholders to help guide model development and ensure 

its utility (Townsend et al., 2019). The Irish Sea model was reviewed through the process of 

scientific publications, three times by researchers and stakeholders at WKIrish workshops 

(ICES, 2018c, 2018e), and once by an ICES WGSAM review committee (ICES, 2019a). 

Early informal periodic reviews by WKIrish helped to identify issues with the model early 

on in its development, helping to avoid the rejection of the model at the late formal review 

by WGSAM.  

Once EwE, or any other model has been accepted as tools to inform fishing quotas, they then 

face the issue of keeping up with the advisory process. ICES stock-assessments are updated 

annually and their methodology is evaluated every three to five years in benchmark 

workshops. EwE models are complex and data intensive meaning their upkeep poses a 

challenge for the timely delivery of ecosystem information. Input data for EwE models tend 

to come from a multitude of sources which are not always updated annually. Open access 

databases and long-term ocean observations (such as DATRAS, DAPSTOM, SAHFOS, 

STECF, and ICES landings) make it easier to update model parameters on a regular basis, 

however regular upkeep of the model would also require funding and research support which 

may not be available. An annual or bi-annual ICES Working Group may provide a useful 

forum for the maintenance of the Irish Sea EwE model and persistence of stakeholder 

engagement, but it would be preferable for the model to find a permanent home within a 

research institute. Irish Sea benchmarks may be more suitable than stock-assessment 

workshops for the updating of ecosystem-based reference points, as this is where single-

species FMSY ranges are also likely to be updated. The presence of the ecosystem model and 

modeller at the stock-assessment meetings may still be beneficial to both parties in terms of 

knowledge exchange.  

Finally, commercial fishing is one of the many sectors under the umbrella of EBM. The 

capabilities of the EwE software have grown massively over the past decade with the 

addition of new routines and plug-ins (Steenbeek et al., 2016). The software is capable of 

looking at the independent or cumulative ecological impacts of multiple sectors and 

environmental pressures, such as climate change (Serpetti et al., 2017), pollution (Tierney et 

al., 2018), renewable energy (Alexander et al., 2016), and coastal development (Canadian 

Environmental Assessment Agency, 2015). Based on discussions at the EwE 35-year 

conference in December 2019, the EwE community is looking outward from fisheries to find 

additional opportunities for using EwE to make EBM operational. The four points bulleted 

above for using EwE to make EAFM operational apply equally to the use of EwE for other 
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sectors. Examples already exist where these principles have been used to integrate EwE into 

environmental impact assessments, a promising direction for EwE. de Mutsert et al. (2017) 

worked with the Mississippi Costal Protection and Restoration Authority using EwE, 

coupled with a hydrodynamic model, as a decision support tool to help evaluate and compare 

alternative river diversion strategies aiming to mitigate wetland and biodiversity loss. EwE 

researchers have also been contracted to spatially model the environmental impact of the 

Roberts Bank terminal 2 project in Canada (Canadian Environmental Assessment Agency, 

2015).  

8.4 Critical reflection 

The research in this thesis has been extensively peer-reviewed by EwE experts, journal 

reviewers, and ICES, however the research is not without its limitations. Limitations were 

discussed throughout the thesis and were mostly in reference to the models input data. Model 

simulations began in 1973 and ran through to 2016, capturing the main changes to fisheries 

management and stock trajectories. This choice fitted with the objective to understand the 

drivers underpinning the dynamics of commercial finfish, however constructing an initial 

Ecopath snapshot for 1973 was fraught with challenges linked to the availability of data. 

Functional group biomass estimates for 1973 were only available for assessed stocks with 

long time series. For all others, biomass estimates were taken either from literature, recent 

scientific surveys (1990’s, 2000’s), or were estimated based on their demands within the 

model (catch, consumption). Assumptions were also made for the division of catches 

between fishing fleets. Landings and discards by gear were only available from 2003 

onwards and the assumption was made to take the 2003 proportions and apply them to the 

recorded catches in 1973. There is undoubtedly error associated with this approach and it 

was indeed the reason for the initial poor fit of plaice catch to observed time series. Plaice 

catch simulations were fixed as part of the key run review using plaice catch proportions for 

1989, the earliest data available from literature (Bentley et al., 2019d; Casey, 1996; ICES, 

2019a). The Monte Carlo uncertainty routine used in Chapters 3-7 go some way to 

addressing the issue of parameter uncertainty, however during the fourth WKIrish workshop 

it was recommended that an additional Ecopath model be built for a more recent, data richer 

year (ICES, 2018c). Comparing simulations from the 1973 model with a model built for 

more recent years could help to validate the 1973 input data and determine parameters which 

had been over or underestimated. This isn’t a small task and therefore fell outside of the 

scope of this PhD, but it is advised that a more recent Ecopath snapshot is developed as part 

of a future update of the Irish Sea EwE key run. 
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At the outset of this project it was uncertain whether EwE would be able to pinpoint the 

drivers of stock dynamics if they were not food web or ecosystem based. For example, the 

fishing industry were concerned that stock migration may be limiting their fishing 

opportunities in the Irish Sea (ICES, 2018c). There is evidence that this is true for herring 

(Molloy, 2006) and cod (ICES, 2018e), however the EwE model assumes ecosystems are 

mostly closed and is therefore not the ideal tool for capturing migration. The EwE model 

was unable to provide a strong argument for the failed whiting recovery. Results showed 

that the addition of the AMO as a driver of recruitment improved model simulations for 

whiting (Chapter 6), however this needed to be accompanied by a time series of fishing 

mortality to drive catches in the model. Other functional groups provided accurate 

simulations under forced fishing effort trajectories, however this was insufficient for 

whiting, indicating that the forced fishing mortality may mask additional drivers not captured 

in the model. Fishers suggested during one of the first workshops that the whiting stock may 

be impacted by migration (ICES, 2018c). The stock has also seen reductions in mean length-

at-age, weight-at-age, and an increased proportion of first-time spawners which exhibit 

lower fecundity (Gerritsen et al., 2003). If whiting production is related to changes in size 

and fecundity then, again, EwE may not be the best tool for identifying this. The LeMANS 

size structured model (Thorpe et al., 2015), which is currently in development for the Irish 

Sea (ICES, 2018e), may be able to shed more light on the drivers of whiting production.  

One of the initial objectives of this thesis was to compare the outputs of the EwE model with 

the LeMANS model (ICES, 2015a).This was not achieved as the development of the models 

progressed at different rates. Both models were intended to be populated with the same data 

to help provide more robust conclusions. Mismatch between conclusions would highlight 

structural rather than parametric uncertainty, which is something that has not been possible 

to address in this thesis but is important for a deeper understanding of model results and 

limitations (Payne et al., 2015). The EwE model was recently compared with the Irish Sea 

LeMANS and MoSES models at WKIrish6 (report in preparation, see 

https://www.ices.dk/community/groups/Pages/WKIrish.aspx). Initial comparisons suggest 

that all three models may be reaching similar conclusions regarding the role and production 

of Irish Sea cod. Both the LeMANS and MoSES models recognized cod to have a strong 

top-down impact on other species in the food web and found that in the absence of an 

environmental driver, model simulations track a cod recovery in response to reduced fishing 

effort. These same results were seen in Chapters 6 and 7, suggesting convergence of 

(preliminary) model conclusions. Ongoing collaboration between these multi-species 

models is desirable for the progression of an ensemble approach, however all models are 

https://www.ices.dk/community/groups/Pages/WKIrish.aspx
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being developed by different institutes with different priorities and funding schemes. 

Successful ensembles tend to benefit from common funding schemes which allow models 

to be run in coordinated experiments (Heymans et al., 2018; Lotze et al., 2019; Spence et al., 

2018). The Irish Sea modelling capacity is in a decent position to support multi-model 

funding calls which would benefit the progression of an Irish Sea ensemble. 

8.5 Future work 

This project has culminated in the production of an EwE model of the Irish Sea, an ICES 

key run, and a concept for the addition of ecosystem information to fishing quotas. These 

outputs are not endpoints, they are platforms from which future research and policy advice 

can be produced. Hopefully the models technical reports encourage others to work with and 

modify the model for their own research questions (Bentley et al., 2018, 2019d). Fishers 

from WKIrish have already posed multiple questions for the model, which they believe 

would benefit fisheries management (Table 8.1). From these questions it seems the next big 

leap for the Irish Sea EwE model should be to advance to Ecospace, where it can take 

advantage of the spatial-temporal framework and simulate changes in species distributions 

(Steenbeek et al., 2013).  

Table 8.1. Work areas where the Irish Sea EwE model may benefit fisheries 

management.  

 Research question/objective 

1. Use the model to understand the role of ecosystem components not under management. 

2. 
How can management maximise the sustainability of fisheries and socio-economic 

benefits? 

3. What is the ecosystem impact of the landing obligation? 

4. What are the economic trade-offs in stock exploitation? 

5. Produce indicators for the Marine Strategy Framework Directive. 

6. Hindcast of management actions: what might have worked? 

7. Develop management scenarios with changes in fleet behavior. 

8. What are the impacts of changes to gear selectivity? 

9. Which species ranges may expand or contract? 

10. Ecosystem impacts of Marine Protected Areas and area closures. 

11. Inform Marine Spatial Planning (social and economic aspects). 

12. What are the impacts of nutrient inputs and pollution? 

13. Build tools for education, visualization and gaming. 
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For the continued development and upkeep of the model it is important that it finds a home 

and supportive funding. The most suitable candidate to host the Irish Sea EwE model would 

be the Marine Institute in Galway, who funded this PhD and have regular interactions with 

ICES working groups and fishery producer organisations. In future it will be important to 

maintain regular contact with stakeholders and advisory bodies in order to keep the 

momentum of WKIrish. With a base of operations, the model could frequently be updated, 

improved, coupled with other models (e.g. biogeophysical models), and integrated into a 

model ensemble. It is recommended that ICES key runs are updated every few years at 

WGSAM meetings. This way, any changes which have been applied to the model can be 

reviewed. Frequent interaction with WGSAM and other ICES working groups will also help 

to ensure the model remains relevant to current policy questions and continues to support an 

ecosystem-based approach.  

Research showing that environmental drivers and food web dynamics impact the production 

of commercial stocks is overwhelming (Carey and Zimmerman, 2014; Free et al., 2019; 

O’brien et al., 2000b; Planque and Fox, 1998; Rijnsdorp et al., 2009; Whipple et al., 2000). 

EwE and other multi-species modelling tools allow us to investigate the various drivers of 

stock production and provide advice for sustainable fisheries management. Many modelling 

studies advocate that advisory bodies consider fish stocks in an ecosystem context, but fail 

to realise that the transformation of ecosystem advice into action does not end with the 

publication of findings. Many may argue that small steps towards EAFM, such as the 

addition of ecosystem targets to FMSY ranges, are not enough to bring about EBM. However, 

small changes open the door for bigger interventions, policy change, and ensure progress 

towards EBM (Agardy et al., 2011). For effective change, ecosystem modellers must 

integrate themselves within other research communities, advisory bodies, and stakeholder 

groups, to recognize the policy questions which need to be addressed and the limitations of 

the legal and advice-giving framework. Only then can ecosystem information be 

appropriately packaged to impact a change in the way fish stocks and ecosystems are 

managed.  
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Appendix A: Ecopath functional groups and input parameters 

A1: Irish Sea Ecopath parameters and assumptions 

Table A.1. Functional groups and constituting species for the Irish Sea Ecopath model. 

Functional group Main species 

1: Toothed whales Harbour porpoise (Phocoena phocoena), bottlenose dolphin (Tursiops truncatus) 

2: Minke whales Minke whale (Balaenoptera acutorostrata) 

3: Seals Grey seals (Halichoerus grypus), harbour seals (Phoca vitulina) 

4: Seabirds (high 

discard diet) 

Fulmar (Fulmarus glacialis), gannet (Morus bassanus), lesser black backed gull (Larus 

fuscus), herring gull (Larus argentatus),great black backed gull (Larus marinus) 

5: Seabirds (low 

discard diet) 

Manx shearwater (Puffinus puffinus), shag (Phalacrocorax aristotelis), kittiwake (Larus 

tridactyla), guillemot (Uria aalge), razorbill (Alca torda), puffin (Fratercula arctica), terns 

(Roseate tern (Sterna dougallii), Common tern (Sterna hirundo), Arctic tern (Sterna 

paradisaea), Little tern (Sternula albifrons)), great cormorant (Phalacrocorax carbo) 

6: Sharks 
Smallspotted catshark (Scyliorhinus canicula), nursehound (Scyliorhinus stellaris),  

starry smooth hound (Mustelus asterias), spurdog (Squalus acanthias) 

7: Rays 
thornback ray (Raja clavata), spotted ray (Raja montagui), cuckoo ray (Leucoraja naevus),  

blonde ray (Raja brachyuran)  

8: Atlantic cod 2+ Atlantic cod (Gadus morhua) age 2+ 

9: Atlantic cod 1 Atlantic cod (Gadus morhua) age 0-1 

10: Whiting 2+ Whiting (Merlangius merlangus) age 2+ 

11: Whiting 1 Whiting (Merlangius merlangus) age 0-1 

12: Haddock 2+ Haddock (Melanogrammus aeglefinus) age 2+ 

13: Haddock 1 Haddock (Melanogrammus aeglefinus) age 0-1 

14: European plaice 2+ European plaice (Pleuronectes platessa) age 2+  

15: European plaice 1 European plaice (Pleuronectes platessa) age 0-1  

16: Common sole Common sole (Solea solea)  

17: Flatfish 

Common dab (Limanda limanda), Solenette (Buglossidium luteum), scaldfish (Arnoglossus 

laterna), lemon sole (Microstomus kitt), thickback sole (Microchirus variegatus), witch 

flounder (Glyptocephalus cynoglossus), brill (Scophthalmus rhombus), European flounder 

(Platichthys flesus), turbot (Scophthalmus maximus) 

18: Monkfish Monkfish (Lophius piscatorius) 

19: European hake European hake (Merluccius merluccius) 

20: Sandeels Greater sandeel (Hyperoplus lanceolatus), lesser sandeel (Ammodytes tobianus)  

21: Gurnards and 

dragonets 

Grey gurnard (Eutrigla gurnardus), red gurnard (Aspitrigla cuculus), common dragonet 

(Callionymus lyra), tub gurnard (Trigla lucerna ) 
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22: Other demersal 

fish 

Saithe (Pollachius virens), pollack (Pollachius pollachius), lesser weever (Echiichthys 

vipera), greater weever (Trachinus draco), shorthorn sculpin (Myoxocephalus scorpius), 

European conger eel (Conger conger),  

John dory (Zeus faber), common ling (Molva molva), European seabass (Dicentrarchus 

labrax), hooknose (Agonus cataphractus) 

23: Other 

benthopelagic fish 

Norway pout (Trisopterus esmarkii), poor cod (Trisopterus minutus), pouting (bib) 

(Trisopterus luscus) 

24: Atlantic herring Atlantic herring (Clupea harengus) 

25: European sprat European sprat (Sprattus sprattus)  

26: Other pelagic fish 
Atlantic mackerel (Scomber scombrus), Blue whiting (Micromesistius poutassou),  

Atlantic horse mackerel (Trachurus trachurus), Anchovy (Engraulis encrasicolus) 

27: Anadromous fish Seatrout (Salmo trutta), Atlantic salmon (Salmo salar) 

28: Lobsters and large 

crabs 

Edible crab (Cancer pagurus), European lobster (Homarus gammarus), spinous spider crab 

(Maja squinado) 

29: Nephrops Nephrops (Nephrops norvegicus)  

30: Shrimp Pink shrimp (Pandalus montagui), brown shrimp (Crangon crangon) 

31: Cephalopods 
Long-finned squid (Loligo forbesi), horned octopus (Eledone cirrhosa), European squid 

(Loligo vulgaris), bobtail squid (Rossia macrosoma), common cuttlefish (Sepia officinalis) 

32: Scallops Queen scallops (Aequipecten opercularis), great scallops (Pecten maximus) 

33: Epifauna 

Common starfish (Asterias rubens), common whelk (Buccinum undatum), brittle stars 

(Ophiuroidea), hermit crabs (Paguroidea), European edible sea urchin (Echinus esculentus),  

dead man’s fingers (Alcyonium digitatum), common mussel (Mytilus edulis),  

velvet swimming crab (Necora puber), common periwinkle (Littorina littorea)  

34: Infauna 
Common cockels (Cerastoderma edule), polychaetes (Polychaeta), razor shells (Ensis 

ensis),cut through shells (Spisula subtruncata) 

35: Gelatinous 

zooplankton 

Moon jellyfish (Aurelia aurita), Blue jellyfish (Cyanea lamarckii), Lion’s mane jellyfish 

(Cyanea capillata) 

36: Large zooplankton Zooplankton species >2mm in length  

37: Small zooplankton Zooplankton species <2mm in length  

38: Seaweed - 

39: Phytoplankton - 

40: Discards - 

41: Detritus - 
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Ecopath input parameters, references and assumptions are documented in Table A.2. All 

biomass units (B) are in units of t.km-2 (area covered = 58,000 km-2) whilst 

production/biomass (PB) and consumption/biomass (QB) are annual ratios (year-1). Where 

necessary, assumptions were made regarding the ecotrophic efficiency (EE) or 

production/consumption (PQ; year-1) parameters in order to estimate missing parameters (B, 

PB, and/or QB). We also provide references for diet composition (DC). Parameters which 

have been updated since the publication of the 2018 technical report have been denoted with 

‘*’.  

Table A.2. Irish Sea Ecopath parameter origins and assumptions. 
Functional 

group 

Parameter Value Source Comment 

1: Toothed 

whales 

B 0.00526 (Bjorge and Tolley, 2009; 

Hammond et al., 2013) 

Estimate from the Celtic Sea 

population and knowledge from Dr 

Hernández-Milián. 

PB 0.02 (Mackinson and Daskalov, 2008; 

Trites et al., 1999) 

Parameter reflects half of the 

maximum rate for annual whale 

population increase (4%) 

QB 15.52 (Trites et al., 1999) Mean daily ration calculated as a 

function of individual weight. 

EE 0.642 Calculated by EwE - 

PQ 0.001 Calculated by EwE - 

DC See 

Table 

A.2 

(Hernandez-Milian et al., 2015; 

Rogan and Hernández-Milián, 

2011; Santos et al., 2001) 

The parameterisation of marine 

mammal diets were guided by marine 

mammal expert Dr Hernández-

Milián. 

2: Minke 

whales 

B 0.0664 (Hammond et al., 2013; Wall, 

2013) 

Estimate from the Celtic Sea 

population and knowledge from Dr 

Hernández-Milián. 

PB 0.02 (Trites et al., 1999) Parameter reflects half of the 

maximum rate for annual whale 

population increase (4%) 

QB 6.58 (Trites et al., 1999) Mean daily ration calculated as a 

function of individual weight. 

EE 0.136 Calculated by EwE - 

PQ 0.003 Calculated by EwE - 

DC See 

Table 

A.2 

(Pierce et al., 2004; Ryan et al., 

2013) 

The parameterisation of marine 

mammal diets were guided by marine 

mammal expert Dr Hernández-

Milián. 

3: Seals B 0.00225 (Bonner, 1981, 1972; Lyons, 2004; 

Ó’Cadhla and Strong, 2007; 

Summers et al., 1980) 

Biomass estimated with guidance 

from Dr Hernández-Milián. 

PB 0.06 (Small and DeMaster, 1995; Trites 

et al., 1999) 

Parameter reflects half of the 

maximum rate for annual seal 

population increase (12%) 

QB 14.43 (Trites et al., 1999) Mean daily ration calculated as a 

function of individual weight. 

EE 0.117 Calculated by EwE - 

PQ 0.004 Calculated by EwE - 

DC See 

Table 

A.2 

(Gosch, 2017; Gosch et al., 2014; 

Kavanagh et al., 2010; Kiely et al., 

2000; Philpott, 2001) 

The parameterisation of marine 

mammal diets were guided by marine 

mammal expert Dr Hernández-

Milián. 

4: Seabirds 

(high discard 

diets) 

  

B 0.0018 (ICES, 2002) Value based on report from the ICES 

Seabird Ecology Working Group. 

This estimate reflects population sizes 

in 2001 and was used in the absence 

of data for earlier years. 
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Includes 

species for 

which 

discards 

constitutes 

>10% of their 

diet. 

  
  
  
  

PB 0.4 (Serpetti et al., 2017; Trites et al., 

1999) 

Based on the estimate of Trites et al. 

(1999) for the mortality rate of 

piscivorous birds as adopted by the 

West Coast of Scotland EwE model 

(Serpetti et al., 2017) 

QB 66.02 (Nilsson and Nilsson, 1976) Calculated from daily ration and body 

weight (equation from Nilsson and 

Nilsson (1976)).  

EE 0 Calculated by EwE Group neither consumed by other 

groups nor caught by fisheries in the 

model. 

PQ 0.006 Calculated by EwE - 

DC See 

Table 

A.2 

See Table 5 in Bentley et al. (2018) 

for an extensive list of diet 

references. 

- 

5: Seabirds 

(low discard 

diets) 

  

Includes 

species for 

which 

discards 

constitutes 

<10% of their 

diet. 

  
  
  
  

B 0.0015 (ICES, 2002) Value based on report from the ICES 

Seabird Ecology Working Group. 

This estimate reflects population sizes 

in 2001 and was used in the absence 

of data for earlier years. 

PB 0.4 (Serpetti et al., 2017; Trites et al., 

1999) 

Based on the estimate of Trites et al. 

(1999) for the mortality rate of 

piscivorous birds as adopted by the 

West Coast of Scotland EwE model 

(Serpetti et al., 2017) 

QB 69.21 (Nilsson and Nilsson, 1976) Calculated from daily ration and body 

weight (equation from Nilsson and 

Nilsson (1976)). 

EE 0 Calculated by EwE Group neither consumed by other 

groups nor caught by fisheries in the 

model. 

PQ 0.006 Calculated by EwE - 

DC See 

Table 

A.2 

See Table 5 in Bentley et al. (2018) 

for an extensive list of diet 

references. 

- 

6: Sharks B 0.29 (ICES, 2017e, 2017d) Estimate based on the BTS-VIIa and 

NIGFS surveys for the Irish Sea 

(VIIa). 

PB 0.4 (Allen, 1971; Pauly et al., 1990) Equivalent to the instantaneous rate 

of total mortality (Allen, 1971) which 

is calculated as fishing mortality (F; 

catch/biomass) plus natural mortality 

(M; Pauly et al. (1990)).  

QB 4.01 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.344 Calculated by EwE - 

PQ 0.1 Calculated by EwE - 

DC See 

Table 

A.2 

(Bentley et al., 2019b; Pinnegar, 

2014) 

Diet designed using CEFAS fish 

stomach records (DAPSTOM) and 

fishers’ knowledge. 

7: Rays B 0.254 Calculated by EwE Survey estimates (1993-2016) were 

too low to balance production with 

mortality (F and M).       

PB 0.845 (Allen, 1971; Pauly et al., 1990) Equivalent to the instantaneous rate 

of total mortality (Allen, 1971) which 

is calculated as fishing mortality (F; 

catch/biomass) plus natural mortality 

(M; Pauly et al. (1990)).  

QB 3.28 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.5 - Assumption applied to estimate 

biomass and provide realistic 

responses to changes in F.  

PQ 0.258 Calculated by EwE - 
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DC See 

Table 

A.2 

(Bentley et al., 2019b; Pinnegar, 

2014) 

Diet designed using CEFAS fish 

stomach records (DAPSTOM) and 

fishers’ knowledge. 

8: Adult cod 

(2+) 

  

Multi-stanza 

group; linked 

to Juvenile 

cod (0-1) 

  
  
  
  

B 0.339 (ICES, 2017a, 2018b) Estimated Age 2+ biomass for the 

year 1973 from ASAP model output 

for the Irish Sea (VIIa).  

PB 0.82 (Allen, 1971; Pauly et al., 1990) Equivalent to the instantaneous rate 

of total mortality (Allen, 1971) which 

is calculated as fishing mortality (F; 

catch/biomass) plus natural mortality 

(M; Pauly et al. (1990)).  

QB 3.12 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.92 Calculated by EwE - 

PQ 0.263 Calculated by EwE - 

DC See 

Table 

A.2 

(Pinnegar, 2014) Diet designed using CEFAS fish 

stomach records (DAPSTOM) from 

cod with length greater than 57.8 cm 

(Lmat).  

9: Juvenile 

cod (0-1) 

  

Multi-stanza 

group; linked 

to Adult cod 

(2+) 

  
  
  

B 0.0662 Calculated by EwE Estimate based on adult cod 

parameters (leading group) 

PB 1.01 (Allen, 1971; Pauly et al., 1990) Equivalent to the instantaneous rate 

of total mortality (Allen, 1971) which 

is calculated as fishing mortality (F; 

catch/biomass) plus natural mortality 

(M; Pauly et al. (1990)).  

QB 7.641 Calculated by EwE Estimate based on adult cod 

parameters (leading group) 

EE 0.92 Calculated by EwE - 

PQ 0.263 Calculated by EwE - 

DC See 

Table 

A.2 

(Pinnegar, 2014) Diet designed using CEFAS fish 

stomach records (DAPSTOM) from 

cod with length less than 57.8 cm 

(Lmat). 

10: Adult 

whiting (2+) 

  

Multi-stanza 

group; linked 

to Juvenile 

whiting (0-1) 

  
  
  
  

B 0.56 (ICES, 2017a, 2018b) Estimated Age 2+ biomass for the 

year 1980 from ASAP model output 

for the Irish Sea (VIIa).  

PB 0.762 (Allen, 1971; Pauly et al., 1990) Equivalent to the instantaneous rate 

of total mortality (Allen, 1971) which 

is calculated as fishing mortality (F; 

catch/biomass) plus natural mortality 

(M; Pauly et al. (1990)).  

QB 5.39 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.948 Calculated by EwE - 

PQ 0.141 Calculated by EwE - 

DC See 

Table 

A.2 

(Bentley et al., 2019b; Pinnegar, 

2014) 

Diet designed using CEFAS fish 

stomach records (DAPSTOM) from 

whiting with length greater than 25.1 

cm (Lmat) and fishers’ knowledge. 

11: Juvenile 

whiting (0-1) 

  

Multi-stanza 

group; linked 

to Adult 

whiting (2+) 

  
  
  

B 0.236 Calculated by EwE Estimate based on adult whiting 

parameters (leading group) 

PB 1.524 (Lees and Mackinson, 2007; 

Mackinson and Daskalov, 2008; 

Serpetti et al., 2017) 

Assumed to be 2 times adult PB 

QB 11.88 Calculated by EwE Estimate based on adult whiting 

parameters (leading group) 

EE 0.994 Calculated by EwE - 

PQ 0.128 Calculated by EwE - 

DC See 

Table 

A.2 

(Pinnegar, 2014) Diet designed using CEFAS fish 

stomach records (DAPSTOM) from 

whiting with length less than 25.1 cm 

(Lmat). 
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12: Adult 

haddock (2+) 

  

Multi-stanza 

group; linked 

to Juvenile 

haddock (0-1) 

  
  
  
  

B 0.086 (ICES, 2017a, 2018b) Assessment data prior to 1993 is 

unavailable, therefore an initial 

biomass was estimated as the average 

biomass from the period 1993-2000 

from ASAP model output for the Irish 

Sea (VIIa).    

PB 0.89 (Allen, 1971; Pauly et al., 1990) Equivalent to the instantaneous rate 

of total mortality (Allen, 1971) which 

is calculated as fishing mortality (F; 

catch/biomass) plus natural mortality 

(M; Pauly et al. (1990)).  

QB 4.42 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.962 Calculated by EwE - 

PQ 0.201 Calculated by EwE - 

DC See 

Table 

A.2 

(Bentley et al., 2019b; Pinnegar, 

2014) 

Diet designed using CEFAS fish 

stomach records (DAPSTOM) from 

haddock with length greater than 37.1 

cm (Lmat) and fishers’ knowledge.  

13: Juvenile 

haddock (0-1) 

  

Multi-stanza 

group; linked 

to Adult 

haddock (2+) 

  
  
  

B 0.0484 Calculated by EwE Estimate based on adult whiting 

parameters (leading group) 

PB 1.789 (Lees and Mackinson, 2007; 

Mackinson and Daskalov, 2008; 

Serpetti et al., 2017) 

Assumed to be 2 times adult PB 

QB 10.28 Calculated by EwE Estimate based on adult whiting 

parameters (leading group) 

EE 0.999 Calculated by EwE - 

PQ 0.128 Calculated by EwE - 

DC See 

Table 

A.2 

(Bentley et al., 2019b; Pinnegar, 

2014) 

Diet designed using CEFAS fish 

stomach records (DAPSTOM) from 

haddock with length less than 37.1 

cm (Lmat) and fishers’ knowledge. 

14: Adult 

plaice (2+) 

  

Multi-stanza 

group; linked 

to Juvenile 

plaice (0-1) 

  
  
  
  

B 0.155 (ICES, 2017a, 2018b) Estimated Age 2+ biomass for the 

year 1973 from SAM model output 

for the Irish Sea (VIIa). 

PB 0.79 (Allen, 1971; Pauly et al., 1990) Equivalent to the instantaneous rate 

of total mortality (Allen, 1971) which 

is calculated as fishing mortality (F; 

catch/biomass) plus natural mortality 

(M; Pauly et al. (1990)).  

QB 3.75 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.997 Calculated by EwE - 

PQ 0.211 Calculated by EwE - 

DC See 

Table 

A.2 

(Bentley et al., 2019b; Pinnegar, 

2014) 

Diet designed using CEFAS fish 

stomach records (DAPSTOM) from 

plaice with length greater than 36.1 

cm (Lmat) and fishers’ knowledge. 

15: Juvenile 

haddock (0-1) 

  

Multi-stanza 

group; linked 

to Adult 

haddock (2+) 

  
  
  

B 0.0315 Calculated by EwE Estimate based on adult plaice 

parameters (leading group) 

PB 1.38 (Lees and Mackinson, 2007; 

Mackinson and Daskalov, 2008; 

Serpetti et al., 2017) 

Assumed to be 2 times adult PB 

QB 10.3 Calculated by EwE Estimate based on adult plaice 

parameters (leading group) 

EE 0.934 Calculated by EwE - 

PQ 0.134 Calculated by EwE - 

DC See 

Table 

A.2 

(Bentley et al., 2019b; Pinnegar, 

2014) 

Diet designed using CEFAS fish 

stomach records (DAPSTOM) from 

plaice with length less than 36.1 cm 

(Lmat) and fishers’ knowledge. 

16: Common 

sole 

B 0.113 (ICES, 2018b) Estimated biomass for the year 1973 

from XSA model output for the Irish 

Sea (VIIa). 

PB 0.81 (Allen, 1971; Pauly et al., 1990) Equivalent to the instantaneous rate 

of total mortality (Allen, 1971) which 

is calculated as fishing mortality (F; 
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catch/biomass) plus natural mortality 

(M; Pauly et al. (1990)).  

QB 5.61 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.958 Calculated by EwE - 

PQ 0.144 Calculated by EwE - 

DC See 

Table 

A.2 

(Pinnegar, 2014) Diet designed using CEFAS fish 

stomach records (DAPSTOM). 

17: Flatfish B 0.47 (ICES, 2017e, 2017d) Estimate based on the BTS-VIIa and 

NIGFS surveys for the Irish Sea 

(VIIa).     

PB 1.518 Calculated by EwE   

QB 6.07 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.956 Calculated by EwE - 

PQ 0.25 - We estimate a PQ of 0.25 to facilitate 

the calculation of a PB parameter 

DC See 

Table 

A.2 

(Pinnegar, 2014) Diet designed using CEFAS fish 

stomach records (DAPSTOM). 

18: Monkfish B 0.033 (ICES, 2017e, 2017d) Estimate based on the BTS-VIIa and 

NIGFS surveys for the Irish Sea 

(VIIa).     

PB 0.49 (Allen, 1971; Pauly et al., 1990) Equivalent to the instantaneous rate 

of total mortality (Allen, 1971) which 

is calculated as fishing mortality (F; 

catch/biomass) plus natural mortality 

(M; Pauly et al. (1990)).  

QB 2.746 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.687 Calculated by EwE - 

PQ 0.178 Calculated by EwE - 

DC See 

Table 

A.2 

(Bentley et al., 2019b; Pinnegar, 

2014) 

Diet designed using CEFAS fish 

stomach records (DAPSTOM) and 

fishers’ knowledge. 

19: European 

hake 

B 0.093 Calculated by EwE Biomass from trawl surveys suggest 

hake may be under-represented 

(potentially due to catchability). 

PB 0.981 Calculated by EwE - 

QB 3.924 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.95 - We estimate an EE of 0.95 to 

facilitate the calculation of a B 

parameter 

PQ 0.25 - We estimate a PQ of 0.25 to facilitate 

the calculation of a PB parameter 

DC See 

Table 

A.2 

(Bentley et al., 2019b; Pinnegar, 

2014) 

Diet designed using CEFAS fish 

stomach records (DAPSTOM) and 

fishers’ knowledge. 

20: Sandeels B* 0.354 Calculated by EwE Biomass from trawl surveys suggest 

sandeels may be under-represented 

(potentially due to catchability). 

PB 2.053 Calculated by EwE - 

QB 8.21 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.95 - We estimate an EE of 0.95 to 

facilitate the calculation of a B 

parameter 

PQ 0.25 - We estimate a PQ of 0.25 to facilitate 

the calculation of a PB parameter 

DC See 

Table 

A.2 

(Pinnegar, 2014) Diet designed using CEFAS fish 

stomach records (DAPSTOM). 
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21: Gurnards B 0.34 (ICES, 2017e, 2017d) Estimate based on the BTS-VIIa and 

NIGFS surveys for the Irish Sea 

(VIIa).     

PB 1.403 Calculated by EwE When compared to other models 

through PREBAL analysis, the initial 

PB was very low. We therefore 

estimate PQ in order to balance the 

group and achieve a PB more 

consistent with other models (West 

Coast of Scotland, North Sea). 

QB 5.61 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.976 Calculated by EwE   

PQ 0.25 - We estimate a PQ of 0.25 to facilitate 

the calculation of a PB parameter 

DC See 

Table 

A.2 

(Pinnegar, 2014) Diet designed using CEFAS fish 

stomach records (DAPSTOM). 

22: Other 

demersal fish 

B 0.359 Calculated by EwE Diet structures placed too much 

predation pressure on the survey 

biomass estimate, therefor a biomass 

was estimated for the ‘other demersal 

fish’ group. 

PB 0.96 (Allen, 1971; Pauly et al., 1990) Equivalent to the instantaneous rate 

of total mortality (Allen, 1971) which 

is calculated as fishing mortality (F; 

catch/biomass) plus natural mortality 

(M; Pauly et al. (1990)).  

QB 4.32 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.95 - We estimate an EE of 0.95 to 

facilitate the calculation of a B 

parameter 

PQ 0.22 Calculated by EwE - 

DC See 

Table 

A.2 

(Pinnegar, 2014) Diet designed using CEFAS fish 

stomach records (DAPSTOM). 

23: Other 

benthopelagic 

fish 

B 1.435 Calculated by EwE - 

PB 1.845 Calculated by EwE - 

QB 7.38 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.95 - We estimate an EE of 0.95 to 

facilitate the calculation of a B 

parameter 

PQ 0.25 - We estimate a PQ of 0.25 to facilitate 

the calculation of a PB parameter 

DC See 

Table 

A.2 

(Pinnegar, 2014) Diet designed using CEFAS fish 

stomach records (DAPSTOM). 

24: Atlantic 

herring 

B* 0.72 (ICES, 2016e; Molloy, 2006) TSB for 1973 from 2016 ICES age 

based analytical assessment (ICES, 

2016a). Subsequent assessments only 

hindcast to 1980.  

PB* 1.35 (Allen, 1971; Pauly et al., 1990) Equivalent to the instantaneous rate 

of total mortality (Allen, 1971) which 

is calculated as fishing mortality (F; 

catch/biomass) plus natural mortality 

(M; Pauly et al. (1990)).  

QB 6.59 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.95 Calculated by EwE - 

PQ 0.205 Calculated by EwE - 

DC See 

Table 

A.2 

(Pinnegar, 2014) Diet designed using CEFAS fish 

stomach records (DAPSTOM). 
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25: European 

sprat 

B 2.294 Calculated by EwE - 

PB 2.425 Calculated by EwE - 

QB 9.7 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.95 - We estimate an EE of 0.95 to 

facilitate the calculation of a B 

parameter 

PQ 0.25 - We estimate a PQ of 0.25 to facilitate 

the calculation of a PB parameter 

DC See 

Table 

A.2 

(Pinnegar, 2014) Diet designed using CEFAS fish 

stomach records (DAPSTOM). 

26: Other 

pelagic fish 

B 4.147 Calculated by EwE - 

PB 1.278 Calculated by EwE - 

QB 5.11 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.95 - We estimate an EE of 0.95 to 

facilitate the calculation of a B 

parameter 

PQ 0.25 - We estimate a PQ of 0.25 to facilitate 

the calculation of a PB parameter 

DC See 

Table 

A.2 

(Pinnegar, 2014) Diet designed using CEFAS fish 

stomach records (DAPSTOM). 

27: 

Anadromous 

fish 

B 0.03 (Lees and Mackinson, 2007) Estimate from Lees and Mackinson 

(2007) Irish Sea model which derived 

its biomass estimate from expert 

advice. 

PB 0.644 (Allen, 1971; Pauly et al., 1990) Equivalent to the instantaneous rate 

of total mortality (Allen, 1971) which 

is calculated as fishing mortality (F; 

catch/biomass) plus natural mortality 

(M; Pauly et al. (1990)).  

QB 3.17 (Christensen and Pauly, 1992; 

Pauly et al., 1990) 

Calculated using an empirical model 

which incorporates water temperature 

and feeding characteristics.    

EE 0.336 Calculated by EwE - 

PQ 0.203 Calculated by EwE - 

DC See 

Table 

A.2 

(Pinnegar, 2014) Diet designed using CEFAS fish 

stomach records (DAPSTOM). 

28: Lobsters 

and large 

crabs 

B 0.5 Calculated by EwE - 

PB 0.62 (Tumbiolo and Downing, 1994) Empirical model for the production 

rate of marine invertebrates 

QB 4.133 Calculated by EwE - 

EE 0.95 - We estimate an EE of 0.95 to 

facilitate the calculation of a B 

parameter 

PQ 0.15 (Christensen, 1995) We estimate a PQ of 0.15 to facilitate 

the calculation of a QB parameter 

DC See 

Table 

A.2 

(Barker and Gibson, 1977; 

Bernárdez et al., 2000; Brey, 2001) 

- 

29: Nephrops B 0.916 Calculated by EwE - 

PB 1.27 (Tumbiolo and Downing, 1994) Empirical model for the production 

rate of marine invertebrates 

QB 8.467 Calculated by EwE - 

EE 0.95 - We estimate an EE of 0.95 to 

facilitate the calculation of a B 

parameter 

PQ 0.15 (Christensen, 1995) We estimate a PQ of 0.15 to facilitate 

the calculation of a QB parameter 

DC See 

Table 

A.2 

(Cristo and Cartes, 1998) - 

30: Shrimp B 2.249 Calculated by EwE - 
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PB 2.67 (Tumbiolo and Downing, 1994) Empirical model for the production 

rate of marine invertebrates 

QB 17.8 Calculated by EwE - 

EE 0.95 - We estimate an EE of 0.95 to 

facilitate the calculation of a B 

parameter 

PQ 0.15 (Christensen, 1995) We estimate a PQ of 0.15 to facilitate 

the calculation of a QB parameter 

DC See 

Table 

A.2 

(Oh et al., 2001; Simpson et al., 

1970) 

- 

31: 

Cephalopods 

B 0.315 Calculated by EwE - 

PB 1.981 (Tumbiolo and Downing, 1994) Empirical model for the production 

rate of marine invertebrates 

QB 15 (Lees and Mackinson, 2007; 

Mackinson and Daskalov, 2008; 

Serpetti et al., 2017) 

Little information was available 

regarding cephalopod consumption 

rates in the Irish Sea, therefore an 

estimate was taken from other local 

models.  

EE 0.95 - We estimate an EE of 0.95 to 

facilitate the calculation of a B 

parameter 

PQ 0.132 Calculated by EwE - 

DC See 

Table 

A.2 

(Collins and Pierce, 1996; Pierce et 

al., 1994) 

- 

32: Scallops B 1.214 Calculated by EwE - 

PB 1.146 (Tumbiolo and Downing, 1994) Empirical model for the production 

rate of marine invertebrates 

QB 7.643 Calculated by EwE - 

EE 0.95 - We estimate an EE of 0.95 to 

facilitate the calculation of a B 

parameter 

PQ 0.15 (Christensen, 1995) We estimate a PQ of 0.15 to facilitate 

the calculation of a QB parameter 

DC See 

Table 

A.2 

(Serpetti et al., 2017) - 

33: Epifauna B* 24.648 Calculated by EwE - 

PB* 1.7 (Tumbiolo and Downing, 1994) Empirical model for the production 

rate of marine invertebrates 

QB* 4.028 Calculated by EwE - 

EE 0.95 - We estimate an EE of 0.95 to 

facilitate the calculation of a B 

parameter 

PQ 0.25 (Mackinson and Daskalov, 2008; 

Serpetti et al., 2017) 

We estimate a PQ of 0.25 to facilitate 

the calculation of a QB parameter 

DC See 

Table 

A.2 

(Serpetti et al., 2017) - 

34: Infauna B* 25.005 Calculated by EwE - 

PB* 1.7 (Tumbiolo and Downing, 1994) Empirical model for the production 

rate of marine invertebrates 

QB* 6.8 Calculated by EwE - 

EE 0.95 - We estimate an EE of 0.95 to 

facilitate the calculation of a B 

parameter 

PQ 0.25 (Mackinson and Daskalov, 2008; 

Serpetti et al., 2017) 

We estimate a PQ of 0.25 to facilitate 

the calculation of a QB parameter 

DC See 

Table 

A.2 

(Serpetti et al., 2017) - 

35: 

Gelatinous 

zooplankton 

B 1.7 (Bastian et al., 2014) Estimate based on AFBI jellyfish 

surveys between May and June. 

Value taken from earliest survey date 

(1994). 

PB 0.762 Calculated by EwE - 
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QB 2.54 (Brey, 2001; Martinussen and 

Båmstedt, 1995) 

Calculated using carbon food rations 

(Martinussen and Båmstedt, 1995) 

converted into wet weight (Brey, 

2001).  

EE 0.938 Calculated by EwE - 

PQ 0.3 (Lees and Mackinson, 2007; 

Mackinson and Daskalov, 2008) 

We estimate a PQ of 0.3 to facilitate 

the calculation of a PB parameter 

DC See 

Table 

A.2 

(Martinussen and Båmstedt, 1995) - 

36: Large 

zooplankton 

B* 6.81 (Pitois and Fox, 2006; Richardson 

et al., 2006) 

Plankton abundances from the 

SAHFOS continuous plankton 

recorder (Richardson et al., 2006) 

were converted into biomass (Pitois 

and Fox, 2006). 

PB 10 (Lees and Mackinson, 2007; 

Serpetti et al., 2017) 

- 

QB 33.3 Calculated by EwE - 

EE 0.682 Calculated by EwE - 

PQ 0.3 (Lees and Mackinson, 2007; 

Mackinson and Daskalov, 2008) 

We estimate a PQ of 0.3 to facilitate 

the calculation of a QB parameter 

DC See 

Table 

A.2 

(Lees and Mackinson, 2007; 

Serpetti et al., 2017) 

- 

37: Small 

zooplankton 

B* 16.18 (Pitois and Fox, 2006; Richardson 

et al., 2006) 

Plankton abundances from the 

SAHFOS continuous plankton 

recorder (Richardson et al., 2006) 

were converted into biomass (Pitois 

and Fox, 2006). 

PB 18 (Serpetti et al., 2017) - 

QB 60 Calculated by EwE - 

EE 0.521 Calculated by EwE - 

PQ 0.3 (Lees and Mackinson, 2007; 

Mackinson and Daskalov, 2008) 

We estimate a PQ of 0.3 to facilitate 

the calculation of a QB parameter 

DC See 

Table 

A.2 

(Lees and Mackinson, 2007; 

Serpetti et al., 2017) 

- 

38: Seaweed B 29.3 (Burrows et al., 2018) Estimated biomass of seaweed in the 

Irish Sea extracted from a UK wide 

model of seaweed biomass. 

PB 1 (Mike Burrows, per.comms) - 

EE 0.393 Calculated by EwE - 

39: 

Phytoplankton 

B 13.83 (Gowen et al., 2000) Gowen et al. (2000) provide a 

production estimate of 97 g.C.m-2.yr 

for the Irish Sea, 

PB* 226.3 (Heymans, 2001) The conversion ratio for C to wet 

weight was taken from Heymans 

(2001), bringing the PB close to those 

in the North Sea and Baltic Sea 

models. 

EE 0.327 Calculated by EwE - 

40: Discards B* 0.219 (ICES, 2019c; STECF, 2018b) Total discards were estimated using 

discard data from the STECF 

database and ICES stock assessments.  

EE 0.127 Calculated by EwE - 

41: Detritus B 100 (Lees and Mackinson, 2007; 

Mackinson and Daskalov, 2008; 

Serpetti et al., 2017) 

Includes dissolved and particulate 

organic matter. 

EE 0.115 Calculated by EwE - 

 

A2: Irish Sea Ecopath diet matrix 

Table A.3 includes the Ecopath diet matrix. Diets are assigned as weighted proportions and 

include knowledge from stomach records, literature, and fishers (WKIrish4).  
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Table A.3. (part 1/5) Irish Sea Ecopath diet matrix. 
 Predator/Prey 1 2 3 4 5 6 7 8 

1 Toothed whales - - - - - - - - 

2 Minke whales - - - - - - - - 

3 Seals - - - - - - - - 

4 Seabirds (high discard diet) - - - - - - - - 

5 Seabirds (low discard diet) - - - - - - - - 

6 Sharks 0.040 - 0.009 - - - - - 

7 Rays - - 0.045 - - 0.020 0.010 - 

8 Atlantic cod 2+ 0.005 - 0.040 - 0.015 0.001 0.040 - 

9 Atlantic cod 0-1 0.020 - 0.009 0.012 - 0.005 0.010 - 

10 Whiting 2+ 0.094 - 0.031 - - 0.004 - 0.060 

11 Whiting 0-1 0.160 - - 0.037 - 0.008 0.020 0.110 

12 Haddock 2+ - - - - - 0.012 - 0.022 

13 Haddock 0-1 - - - - - 0.008 0.005 0.033 

14 European plaice 2+ 0.0001 - 0.002 - - 0.005 - 0.020 

15 European plaice 0-1 - - - - 0.010 0.005 - 0.004 

16 Common sole 0.0002 - 0.020 - - 0.008 0.004 0.010 

17 Flatfish 0.100 - 0.057 0.037 0.010 0.151 0.050 0.104 

18 Monkfish 0.002 - 0.001 - - - - - 

19 European hake 0.060 - - - - - - 0.004 

20 Sandeels 0.050 0.005 0.060 0.091 0.348 0.002 0.076 - 

21 Gurnards - - 0.023 0.036 0.075 0.070 0.003 0.070 

22 Other demersal fish 0.143 - 0.195 0.083 0.021 0.007 - 0.074 

23 Other benthopelagic fish 0.200 - 0.195 0.040 0.013 0.185 0.003 0.069 

24 Atlantic herring 0.050 0.195 0.045 0.087 0.128 0.011 - 0.050 

25 European sprat 0.050 0.195 0.045 0.087 0.128 0.002 - 0.002 

26 Other pelagic fish 0.001 0.400 0.075 0.118 0.097 0.196 0.005 0.037 

27 Anadromous fish 0.001 - 0.090 - 0.018 - - - 

28 Lobsters and large crabs - - 0.008 - 0.014 0.014 0.013 0.036 

29 Nephrops - - 0.016 - - 0.075 0.116 0.166 

30 Shrimp - 0.100 - - - 0.002 0.020 0.003 

31 Cephalopods 0.024 0.090 0.035 0.002 - 0.037 0.007 0.043 

32 Scallops - - - - - 0.007 0.050 - 

33 Epifauna - - - 0.107 0.001 0.159 0.423 0.028 

34 Infauna - - - 0.050 0.084 0.005 0.029 0.001 

35 Gelatinous zooplankton - - - - - 0.0003 - 0.054 

36 Large zooplankton - 0.009 - 0.013 0.018 0.0001 0.002 0.0001 

37 Small zooplankton - 0.006 - - - 0.0004 0.003 0.00004 

38 Seaweed - - - - - 0.001 - - 

39 Phytoplankton - - - - - - - - 

40 Discards - - - 0.201 0.020 - 0.112 - 

41 Detritus - - - - - - - - 
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Table A.2. (part 2/5) Irish Sea Ecopath diet matrix. 

 Predator/Prey 9 10 11 12 13 14 15 16 

1 Toothed whales - - - - - - - - 

2 Minke whales - - - - - - - - 

3 Seals - - - - - - - - 

4 Seabirds (high discard diet) - - - - - - - - 

5 Seabirds (low discard diet) - - - - - - - - 

6 Sharks - - - - - - - - 

7 Rays - - - - - - - - 

8 Atlantic cod 2+ - - - - - - - - 

9 Atlantic cod 0-1 - 0.005 - - - - - - 

10 Whiting 2+ 0.005 0.010 - - - - - - 

11 Whiting 0-1 0.015 0.020 - - - - - - 

12 Haddock 2+ - - - - - - - - 

13 Haddock 0-1 - 0.010 - - - - - - 

14 European plaice 2+ - - - - - - - - 

15 European plaice 0-1 - - - - - - - - 

16 Common sole 0.017 - - - - - - - 

17 Flatfish 0.150 0.042 0.006 0.046 - - - - 

18 Monkfish - - - - - - - - 

19 European hake - 0.016 - - - - - - 

20 Sandeels 0.105 0.005 0.026 0.032 - 0.068 0.049 - 

21 Gurnards 0.048 - 0.002 - - - 0.037 - 

22 Other demersal fish 0.001 - - - - - - - 

23 Other benthopelagic fish 0.072 0.201 0.064 0.008 0.027 0.027 0.001 - 

24 Atlantic herring 0.050 0.020 - - - - - - 

25 European sprat 0.002 0.280 0.411 0.029 0.024 - 0.001 - 

26 Other pelagic fish 0.033 0.302 0.190 - - - 0.068 - 

27 Anadromous fish - - - - - - - - 

28 Lobsters and large crabs 0.109 - - 0.020 0.036 0.032 - - 

29 Nephrops 0.101 0.007 0.065 0.318 0.100 - - - 

30 Shrimp 0.006 0.002 0.034 0.035 0.022 0.001 0.003 - 

31 Cephalopods 0.077 0.015 - 0.006 - - 0.008 - 

32 Scallops 0.005 - - - - 0.049 0.049 - 

33 Epifauna 0.113 0.041 0.092 0.449 0.546 0.324 0.279 0.225 

34 Infauna 0.003 0.001 0.021 0.045 0.167 0.203 0.366 0.775 

35 Gelatinous zooplankton - 0.0001 0.003 - - - - - 

36 Large zooplankton 0.088 0.002 0.087 0.0002 0.066 0.037 0.001 - 

37 Small zooplankton 0.0003 0.001 0.0004 0.0003 0.012 - 0.059 - 

38 Seaweed - - - 0.011 - - 0.002 - 

39 Phytoplankton - - - - - - - - 

40 Discards - 0.020 - - - 0.259 0.078 - 

41 Detritus - - - - - - - - 
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Table A.2. (part 3/5) Irish Sea Ecopath diet matrix. 

 Predator/Prey 17 18 19 20 21 22 23 24 

1 Toothed whales - - - - - - - - 

2 Minke whales - - - - - - - - 

3 Seals - - - - - - - - 

4 Seabirds (high discard diet) - - - - - - - - 

5 Seabirds (low discard diet) - - - - - - - - 

6 Sharks - - - - - - - - 

7 Rays - 0.010 - - - - - - 

8 Atlantic cod 2+ - 0.035 - - - - - - 

9 Atlantic cod 0-1 - 0.020 0.010 - - - - - 

10 Whiting 2+ 0.001 0.010 - - - - - - 

11 Whiting 0-1 0.004 0.118 0.008 - - 0.029 - - 

12 Haddock 2+ - 0.005 - - - - - - 

13 Haddock 0-1 - 0.005 0.009 - - - - - 

14 European plaice 2+ - 0.030 - - - - - - 

15 European plaice 0-1 0.005 0.040 - - 0.005 - - - 

16 Common sole 0.004 - 0.012 - 0.005 - - - 

17 Flatfish 0.018 0.175 - - 0.010 0.003 - 0.0001 

18 Monkfish - - - - - - - - 

19 European hake - 0.011 - - - - - - 

20 Sandeels 0.012 - - 0.050 0.001 0.017 - - 

21 Gurnards 0.020 0.075 - - 0.030 0.004 0.010 0.0001 

22 Other demersal fish - 0.032 - - - 0.100 - - 

23 Other benthopelagic fish 0.063 0.098 0.100 - 0.115 0.100 0.005 0.0001 

24 Atlantic herring - 0.104 0.150 - - 0.058 - - 

25 European sprat 0.018 0.0004 0.019 - 0.006 0.023 - - 

26 Other pelagic fish 0.127 0.190 0.449 - 0.175 0.427 0.030 0.0001 

27 Anadromous fish - - - - - - - - 

28 Lobsters and large crabs 0.0001 - - - 0.001 - 0.003 - 

29 Nephrops 0.001 0.001 - - 0.020 0.003 0.010 - 

30 Shrimp 0.001 0.0003 0.003 - 0.026 0.050 0.016 0.014 

31 Cephalopods 0.010 0.040 - - 0.038 0.003 0.005 - 

32 Scallops - - - - - - - - 

33 Epifauna 0.492 0.0001 - 0.078 0.105 0.093 0.137 0.050 

34 Infauna 0.062 - - - 0.038 0.0003 0.088 0.083 

35 Gelatinous zooplankton 0.070 - - - 0.050 - 0.020 0.020 

36 Large zooplankton 0.074 0.0001 0.240 0.473 0.026 0.046 0.248 0.772 

37 Small zooplankton 0.000 - - 0.400 0.348 0.045 0.350 0.060 

38 Seaweed 0.018 - - - - - 0.078 - 

39 Phytoplankton - - - - - - - - 

40 Discards - - - - - - - - 

41 Detritus - - - - - - - - 
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Table A.2. (part 4/5) Irish Sea Ecopath diet matrix. 

 Predator/Prey 25 26 27 28 29 30 31 32 

1 Toothed whales - - - - - - - - 

2 Minke whales - - - - - - - - 

3 Seals - - - - - - - - 

4 Seabirds (high discard diet) - - - - - - - - 

5 Seabirds (low discard diet) - - - - - - - - 

6 Sharks - - - - - - - - 

7 Rays - - - - - - - - 

8 Atlantic cod 2+ - - - - - - - - 

9 Atlantic cod 0-1 - - - - - - - - 

10 Whiting 2+ - - - - - - 0.001 - 

11 Whiting 0-1 - - - - - - 0.002 - 

12 Haddock 2+ - - - - - - - - 

13 Haddock 0-1 - - - - - - - - 

14 European plaice 2+ - - - - - - - - 

15 European plaice 0-1 - - - - - - - - 

16 Common sole - - - - - - - - 

17 Flatfish - - - - - - - - 

18 Monkfish - - - - - - - - 

19 European hake - - - - - - - - 

20 Sandeels - - 0.600 - - - 0.020 - 

21 Gurnards - - - - - - 0.004 - 

22 Other demersal fish - - - - - - - - 

23 Other benthopelagic fish - 0.010 0.076 0.011 - - 0.050 - 

24 Atlantic herring - - 0.133 - - - 0.020 - 

25 European sprat - 0.130 0.130 - - - - - 

26 Other pelagic fish - 0.050 - - - - 0.029 - 

27 Anadromous fish - - - - - - - - 

28 Lobsters and large crabs - - - 0.019 - - 0.010 - 

29 Nephrops - - - - - - - - 

30 Shrimp - 0.223 0.003 0.095 0.014 - - - 

31 Cephalopods - - - - 0.020 - 0.010 - 

32 Scallops - - - - - - - - 

33 Epifauna 0.017 0.003 - 0.222 0.400 0.111 0.080 - 

34 Infauna 0.002 - 0.033 0.139 0.069 0.404 0.002 - 

35 Gelatinous zooplankton 0.005 - - - - - 0.020 - 

36 Large zooplankton 0.476 0.584 0.026 - 0.120 0.185 0.471 - 

37 Small zooplankton 0.500 - - - 0.092 0.300 0.281 - 

38 Seaweed - - - 0.122 - - - - 

39 Phytoplankton - - - - - - - 0.500 

40 Discards - - - 0.126 0.286 0.0004 - - 

41 Detritus - - - 0.266 - - - 0.500 
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Table A.2. (part 5/5) Irish Sea Ecopath diet matrix. 

 Predator/Prey 33 34 35 36 37 

1 Toothed whales - - - - - 

2 Minke whales - - - - - 

3 Seals - - - - - 

4 Seabirds (high discard diet) - - - - - 

5 Seabirds (low discard diet) - - - - - 

6 Sharks - - - - - 

7 Rays - - - - - 

8 Atlantic cod 2+ - - - - - 

9 Atlantic cod 0-1 - - - - - 

10 Whiting 2+ - - - - - 

11 Whiting 0-1 - - - - - 

12 Haddock 2+ - - - - - 

13 Haddock 0-1 - - - - - 

14 European plaice 2+ - - - - - 

15 European plaice 0-1 - - - - - 

16 Common sole - - - - - 

17 Flatfish - - - - - 

18 Monkfish - - - - - 

19 European hake - - - - - 

20 Sandeels - - - - - 

21 Gurnards - - - - - 

22 Other demersal fish - - - - - 

23 Other benthopelagic fish - - 0.100 - - 

24 Atlantic herring - - - - - 

25 European sprat - - - - - 

26 Other pelagic fish - - - - - 

27 Anadromous fish - - - - - 

28 Lobsters and large crabs - - - - - 

29 Nephrops - - - - - 

30 Shrimp - - 0.050 - - 

31 Cephalopods - - - - - 

32 Scallops 0.010 - - - - 

33 Epifauna 0.090 - 0.100 - - 

34 Infauna 0.150 0.035 - - - 

35 Gelatinous zooplankton - - - - - 

36 Large zooplankton - - 0.250 0.012 - 

37 Small zooplankton 0.100 - 0.250 0.350 0.030 

38 Seaweed 0.100 - - - - 

39 Phytoplankton 0.375 0.500 0.250 0.500 0.800 

40 Discards - - - - - 

41 Detritus 0.175 0.465 - 0.138 0.170 
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A3: Irish Sea Ecopath multi-stanza parameters 

Table A.4. Multi-stanza parameters based on reported values for the Irish Sea.   

Multi-stanza Parameter Value Source 

Cod 

VBGF K 0.16  (Froese and Pauly, 2017) 

Recruit power 1  - 

BA/B 0  - 

Adult stanza start month 24  (ICES, 2016c) 

Wmat/Winf 0.137  (Froese and Pauly, 2017; Silva et al., 2013) 

Whiting 

VBGF K 0.34  (Froese and Pauly, 2017) 

Recruit power 1  - 

BA/B 0  - 

Adult stanza start month 24  (ICES, 2016c) 

Wmat/Winf 0.221  (Froese and Pauly, 2017; Silva et al., 2013) 

Haddock 

VBGF K 0.29  (Froese and Pauly, 2017) 

Recruit power 1  - 

BA/B 0  - 

Adult stanza start month 24  (ICES, 2016c) 

Wmat/Winf 0.173  (Froese and Pauly, 2017; Silva et al., 2013) 

Plaice 

VBGF K 0.13  (Froese and Pauly, 2017) 

Recruit power 1  - 

BA/B 0  - 

Adult stanza start month 24  (ICES, 2016c) 

Wmat/Winf 0.165  (Froese and Pauly, 2017; Silva et al., 2013) 
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Appendix B: Ecosim time series and temporal simulations 

B1: Irish Sea Ecosim time series and sources 

To accurately simulate biomass and catch trends, Ecosim requires the incorporation of time 

series data to both calibrate and drive simulations. The Irish Sea model uses 52 calibration 

time series (biomass and catch) for functional groups. Calibration time series are shown in 

Figure B.1 and Figure B.2. Data sources for calibration time series are listed in Table B.1.  

Four types of forcing time series were used in the model: fishing effort, fishing mortality, 

forced catch, and abiotic forcing. Fishing fleet catch rates were driven by fishing effort time 

series. Effort trends for otter trawl, beam trawl, and Nephrops trawl were taken from 

scientific data, whereas trends for pelagic nets, gillnets, pots, dredge, and longline from 

1973-2003 were reconstructed by fishers’ during WKIrish workshops (Figure B.3, see Table 

B.2 for sources). From 2003-2016 STECF effort data was used for these fleets (STECF, 

2018b). The landings of sharks, whiting, anadromous fish, and infauna could not be 

simulated using the effort time series and were therefore driven by fishing mortality (sharks 

and whiting) or forced catch (anadromous fish, infauna). Abiotic forcing time series were 

assigned using Pearson’s correlation analysis.  

Table B.1. Irish Sea EwE key run calibration time series sources. 

Functional group Time series type Source 

Toothed whales Biomass-model GAM model, VIIa, (Waggitt et al., 2019) 

Minke whales Biomass-model GAM model, VIIa, (Waggitt et al., 2019) 

Seabirds (high discard diet) Biomass-model GAM model, VIIa, (Waggitt et al., 2019) 

Seabirds (low discard diet) Biomass-model GAM model, VIIa, (Waggitt et al., 2019) 

Sharks 
Biomass-survey BTS-VIIa (ICES, 2017e) 

Catches ICES catch statistics (ICES, 2018d) 

Rays 
Biomass-survey BTS-VIIa (ICES, 2017e) 

Catches ICES catch statistics (ICES, 2018d) 

Atlantic cod 2+ 

Biomass-assessment SAM Age2+, WKIrish (ICES, 2017a, 2018b) 

Catches 
WKIrish/WGCSE, catch in tonnes (landings + 

discards) (ICES, 2017a, 2018b) 

Atlantic cod 0-1 

Biomass-assessment SAM Age 0-1, WKIrish (ICES, 2017a, 2018b) 

Catches 
WKIrish/WGCSE, catch in tonnes (landings + 

discards) (ICES, 2017a, 2018b) 

Whiting 2+ 

Biomass-assessment ASAP Age2+, WKIrish (ICES, 2017a, 2018b) 

Catches 
WKIrish/WGCSE, catch in tonnes (landings + 

discards) (ICES, 2017a, 2018b) 
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Whiting 0-1 

Biomass-assessment ASAP Age 0-1, WKIrish (ICES, 2017a, 2018b) 

Catches 
WKIrish/WGCSE, catch in tonnes (landings + 

discards) (ICES, 2017a, 2018b) 

Haddock 2+ 

Biomass-assessment ASAP Age2+, WKIrish (ICES, 2017a, 2018b) 

Catches 
WKIrish/WGCSE, catch in tonnes (landings + 

discards) (ICES, 2017a, 2018b) 

Haddock 0-1 

Biomass-assessment ASAP Age 0-1, WKIrish (ICES, 2017a, 2018b) 

Catches 
WKIrish/WGCSE, catch in tonnes (landings + 

discards) (ICES, 2017c, ICES, 2018c) 

European plaice 2+ 

Biomass-assessment 
SAM Age2+, WKIrish (ICES, 2017c, ICES, 

2018c) 

Catches 
WKIrish/WGCSE, catch in tonnes (landings + 

discards) (ICES, 2017a, 2018b) 

European plaice 0-1 

Biomass-assessment SAM Age 0-1, WKIrish (ICES, 2017a, 2018b) 

Catches 
WKIrish/WGCSE, catch in tonnes (landings + 

discards) (ICES, 2017a, 2018b) 

Common sole 
Biomass-assessment XSA (ICES, 2018b) 

Catches Landings data from WGCSE (ICES, 2018c) 

Flatfish 
Biomass-survey BTS-VIIa (ICES, 2017e) 

Catches ICES catch statistics (ICES, 2018d) 

Monkfish 
Biomass-survey BTS-VIIa (ICES, 2017e) 

Catches ICES catch statistics (ICES, 2018d) 

European hake 
Biomass-survey BTS-VIIa (ICES, 2017e) 

Catches ICES catch statistics (ICES, 2018d) 

Sandeels Biomass-survey BTS-VIIa (ICES, 2017e) 

Gurnards and dragonets Biomass-survey BTS-VIIa (ICES, 2017e) 

Other demersal fish 
Biomass-survey BTS-VIIa (ICES, 2017e) 

Catches ICES catch statistics (ICES, 2018d) 

Other benthopelagic fish Biomass-survey BTS-VIIa (ICES, 2017e) 

Atlantic herring 
Biomass-assessment SAM, HAWG, (ICES, 2018f) 

Catches Landings data from HAWG (ICES, 2018f) 

European sprat 
Biomass-survey 

AFBI annual herring acoustic survey, HAWG, 

(ICES, 2018f) 

Catches ICES catch statistics (ICES, 2018d) 

Other pelagic fish Catches ICES catch statistics (ICES, 2018d) 

Lobsters and large crabs Catches ICES catch statistics (ICES, 2018d) 

Nephrops Biomass-assessment 
UWTV index for Irish Sea West (FU15) (ICES, 

2018c) 



Appendix B 

265 

Catches 

WGCSE, catch in tonnes (landings + discards) 

(ICES, 2018c) and info from ICES catch statistics 

from 1973-2003 (ICES, 2018a) 

Cephalopods Catches ICES catch statistics (ICES, 2018d) 

Epifauna Catches ICES catch statistics (ICES, 2018d) 

Scallops Catches ICES catch statistics (ICES, 2018d) 

Gelatinous zooplankton Biomass-survey 
Annual average weight from 1994-2016 from S. 

Beggs (Bastian et al., 2014) 

Large zooplankton Biomass-survey SAHFOS CPR, > 2 mm, VIIa 

Small zooplankton  Biomass-survey SAHFOS CPR, < 2 mm, VIIa 

Phytoplankton Biomass-survey SAHFOS CPR, PCI, VIIa 

 

Table B.2. Irish Sea EwE key run forcing time series sources. 

Forcing Series Group(s) Target variable Source 

Fishing effort 

Beam trawl, otter 

trawl, Nephrops 

trawl 

Effort 

Beam and otter trawl effort from 

WGCSE (ICES, 2018b). Nephrops 

trawl effort taken from Coughlan et al. 

(2015) who reconstructed the trend 

based on catch per unit effort (CPUE) 

Fishing effort 

Pelagic nets, gill 

nets, pots, dredge, 

longline 

Effort 
Fishers’ knowledge effort trends 

(Bentley et al., 2019c; ICES, 2018c) 

Fishing mortalities 

(yield/biomass) 

Sharks, whiting 2+, 

whiting 0-1 
Fishing mortality (F) Group catch/biomass  

Forced catch 
Anadromous fish, 

infauna 
Catch 

ICES catch statistics (ICES, 2018d). 

EwE fleet structure could not simulate 

the landings of these groups.  

Winter North 

Atlantic Oscillation 

index (NAOw) 

Large zooplankton Other mortality 

Winter (December through March) 

index of the NAO is  based on the 

difference of normalised sea level 

pressure between Lisbon, Portugal and 

Reykjavik, Iceland (NCAR, 2019b). 

Assigned to large zooplankton mortality 

based on Pearson’s correlation analysis.  

Atlantic 

Multidecadal 

Oscillation (AMO) 

Cod, whiting 
Larval recruitment 

success 

The AMO is defined here as the annual 

mean area averaged sea surface 

temperature (SST) anomalies over the 

North Atlantic basin (NCAR, 2019a). 

Assigned to cod and whiting based on 

Pearson’s correlation analysis. 
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Figure B.1. Biomass calibration time series used for fitting the Irish Sea Ecosim model 

(1973-2016).  
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Figure B.2. Catch calibration time series used for fitting the Irish Sea Ecosim model 

(1973-2016). 
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Figure B.3. Forcing time series used in the Irish Sea Ecosim model (1973-2016), 

including fishing fleet effort drivers (E), forced catch (FC), and environmental drivers 

(ENV). 

 

B2: Irish Sea Ecosim biomass and catch simulations vs. observations 

Biomass and catch simulations for all functional groups are shown in Figure B.4 and Figure 

B.5 respectively with 95% confidence intervals derived from 1,000 Monte Carlo model 

permutaions varying Ecopath basic input parameters using data pedigree information. 
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Figure B.4.. Ecosim predicted biomass trends (1/2) post WGSAM for functional groups 

in the Irish Sea Ecopath with Ecosim model. Black lines indicate model simulations 

against observed data (points). The shaded area indicates 95% confidence intervals based 

on Monte Carlo simulations varying Ecopath basic input parameters (B, PB, QB, diet). 
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Figure B.4. Ecosim predicted biomass trends (2/2) post WGSAM for functional groups in 

the Irish Sea Ecopath with Ecosim model. Black lines indicate model simulations against 

observed data (points). The shaded area indicates 95% confidence intervals based on 

Monte Carlo simulations varying Ecopath basic input parameters (B, PB, QB, diet). 
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Figure B.5. Ecosim predicted catch trends (1/2) post WGSAM for functional groups in 

the Irish Sea Ecopath with Ecosim model. Black lines indicate model simulations against 

observed data (points). The shaded area indicates 95% confidence intervals based on 

Monte Carlo simulations varying Ecopath basic input parameters (B, PB, QB, diet). 
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Figure B.5. Ecosim predicted catch trends (2/2) post WGSAM for functional groups in 

the Irish Sea Ecopath with Ecosim model. Black lines indicate model simulations against 

observed data (points). The shaded area indicates 95% confidence intervals based on 

Monte Carlo simulations varying Ecopath basic input parameters (B, PB, QB, diet). 
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Appendix C: Food web indicator equations 

This appendix includes a list of equations for the calculation of food web indicators used in 

Chapter 7.  

Average Mutual Information 

Average Mutual Information (𝐴𝑀𝐼) quantifies the degree to which a network is organised 

based on the probability that energy moves from component 𝑖 to component 𝑗 (𝑇𝑖𝑗) 

(Ulanowicz, 1986): 

𝐴𝑀𝐼 = ∑ 𝑇𝑖𝑗 𝑇⁄ log (𝑇𝑖𝑗𝑇/𝑇.𝑗𝑇𝑖.) 

Finn’s Cycling Index 

Finn’s Cycling Index (𝐹𝐶𝐼) indicates the retention time of material within a system (Baird 

and Ulanowicz, 1993) based on cycled flow (material that is recycled before exiting the 

network) and total system throughput (𝑇𝑆𝑇) (Finn, 1980, 1976): 

𝐹𝐶𝐼 =
𝐶𝑦𝑐𝑙𝑒𝑑 𝑓𝑙𝑜𝑤

𝑇𝑆𝑇
 

Path length 

Path length (𝐴𝑃𝐿) uses the total system throughput (𝑇𝑆𝑇) to calculate a measure of the 

retention time of material within the system, which is expected to be higher in systems with 

high degrees of flow diversity and cycling (Christensen, 1995; Finn, 1976). 𝐴𝑃𝐿 is defined 

as: 

𝐴𝑃𝐿 =
𝑇𝑆𝑇

∑ 𝐼𝑛𝑝𝑢𝑡𝑠
 

Shannon diversity 

The Shannon entropy-based metric of total flow diversity (𝐻) captures the effects of both 

richness (the length of the vector, 𝑛) and the evenness of the distribution (MacArthur, 1955). 

In this application 𝑝𝑖 is the proportion of group 𝑖 relative to the total number of groups:  

𝐻 = −1 ∑ 𝑝𝑖 log (𝑝𝑖)

𝑛

𝑖−1
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Transfer efficiency 

The transfer efficiency of a trophic level is calculated as the sum of the flow transferred from 

any given level to the next higher level, plus exports (e.g., catches) from the given level 

relative to the input (or throughput) of the given trophic level. 

Mean trophic level of the catches 

The mean trophic level of the catches (𝑇𝐿𝑐) is calculated as the weighted average of 𝑇𝐿 of 

caught species using catches (𝑌𝑖) as the weighting factors: 

𝑇𝐿𝑐 =
∑ 𝑇𝐿𝑖𝑖 × 𝑌𝑖

∑ 𝑌𝑖𝑖
 

Proportion of primary production required for the exploited fishery’s catch 

The proportion of primary production required for the exploited fishery’s catch (𝑃𝑃𝑅𝑐) is a 

component needed for the calculation of the Loss in Production Index (𝐿𝐼𝑛𝑑𝑒𝑥), and is 

defined as:  

𝑃𝑃𝑅𝑐 = ∑ [𝑌 × ∏
𝑄𝑝𝑟𝑒𝑑

𝑃𝑝𝑟𝑒𝑑
× 𝐷𝐶𝑃𝑟𝑒𝑑,𝑃𝑟𝑒𝑦

′

𝑃𝑟𝑒𝑑,𝑃𝑟𝑒𝑦

]
𝑃𝑎𝑡ℎ𝑠

 

where P is production, Q is consumption, and 𝐷𝐶′ is the diet composition for each 

predator/prey interaction in each path from primary production or detritus through the food 

web to the catch, with cycles removed from the diet compositions (Christensen et al., 2008) 

Loss in Production Index 

The Loss in Production Index (𝐿𝐼𝑛𝑑𝑒𝑥) (Libralato et al., 2008) uses the trophic level of the catch 

(𝑇𝐿𝐶) and the primary production required to sustain the fishery (𝑃𝑃𝑅), and mean transfer efficiency 

(𝑇𝐸𝑚), compared to the system primary production (𝑃𝑃), to quantify the loss of system production 

due to fishing: 

𝐿𝐼𝑛𝑑𝑒𝑥 =
𝑃𝑃𝑅𝑐 × 𝑇𝐸𝑚𝑇𝐿𝑐−1

𝑃𝑃 × ln 𝑇𝐸𝑚
 

Probability of sustainable fishing 

The probability of an ecosystem being sustainably fished (𝑃𝑠𝑢𝑠𝑡) is based on the disruption 

of energy flows subjected to fishing pressure (𝐿𝐼𝑛𝑑𝑒𝑥) (Libralato et al., 2008). 𝑃𝑠𝑢𝑠𝑡 is 

defined for any given value of 𝐿 as:  

𝑃𝑠𝑢𝑠𝑡(𝐿) =
𝑃(𝐿2 > 𝐿)

𝑃(𝐿2 > 𝐿) + 𝑃(𝐿1 < 𝐿)
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A B S T R A C T

Ecological Network Analysis (ENA) can inform marine management decisions by producing indicators that
describe ecosystem health and function. Reporting ENA indicators with uncertainty boundaries lets end-users
draw stronger inferences and can increase confidence in model results. However, few studies developing these
indicators have estimated uncertainty due to data limitations and computational challenges. In this study, we
used Linear Inverse Modelling with an Ecopath model of the Irish Sea to investigate how the incorporation of
uncertainty in dietary data can strengthen inferences based on model-derived ENA indicators. A Monte Carlo
approach was used to generate ten thousand data-bound parameterisations for the Irish Sea food web and
provide plausible distribution estimates for functional group diets. ENA results captured the plausible range of
state-indicators and provided robust estimates of the control exerted by components within the food web. Results
suggest that, higher trophic components, such as mammals, birds, and elasmobranchs in the Irish Sea are
controlled by mid-to-low trophic components, such as small pelagic fish, invertebrates, and plankton. Fisheries
discards also played an important role in the flow of energy to groups such as Nephrops (Norway lobster), crabs
and lobsters, and seabirds. These results bolster our understanding of food web dynamics in the Irish Sea and
demonstrate how information derived from ENA indicators can have implications for effective and sustainable
ecosystem based management. Finally, the methods established here represent an important step in the ma-
turation of marine ecosystem modelling and ENA for management purposes.

1. Introduction

The production and monitoring of state-indicators that describe the
structure and function of ecosystems has emerged as a key element for
operationalizing Ecosystem Based Management (EBM) (Link and
Browman, 2017). Such indicators may be assessed temporally within
systems but may also be compared across-systems (Coll et al., 2016;
Uusitalo et al., 2016). Within the European Union (EU), EBM is being
enacted through the Marine Strategy framework directive whose aim is
for Member States to achieve Good Environmental Status in Europe’s
seas. The Directive is framed around 11 descriptors including food web
structure and functioning (Descriptor 4). Agreeing on suitable ap-
proaches for this descriptor is challenging for the management com-
munity, but trophic models that characterise the energy flows within

marine food webs, are likely to be a useful approach (Niquil et al.,
2014; Piroddi et al., 2015).

The Ecopath with Ecosim (EwE) modelling approach (Christensen
et al., 2005) is based on modelling energy flow and so is capable of
providing such flow based indicators (Dame and Christian, 2006; Longo
et al., 2015; Heymans and Tomczak, 2016). EwE has been applied to
hundreds of ecosystems around the world (Colléter et al., 2015), with
over 500 unique models documented in EcoBase (see website at http://
sirs.agrocampus-ouest.fr/EcoBase/). Although EwE has been pre-
dominantly used to investigate the impacts of fishing (Pauly, 2000),
more recent studies have investigated the impacts of ocean warming
(Bentley et al., 2017; Serpetti et al., 2017), invasive species (Corrales
et al., 2017), the EU landings obligation (Celić et al., 2018), and pol-
lutants (Tierney et al., 2018; Walters and Christensen, 2018).
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For ecosystem models to be used as a basis for providing informative
and robust advice to managers, it is important that the uncertainty in
model predictions is acknowledged (Crosetto et al., 2000; Gal et al.,
2014; Heymans et al., 2018). A widely used approach is to conduct
uncertainty analyses to investigate how model outputs vary when input
parameters are changed (Gardner et al., 1981; Hill et al., 2007; Uusitalo
et al., 2015; Soldaat et al., 2017). For example, Monte Carlo (MC)
methods randomly draw input parameters from assigned distributions
to generate a distribution of plausible outcomes (Kennedy and O’Hagan,
2001). Within EwE the MC routine allows users to search for Ecopath
input variable combinations to test model sensitivity and improve the
fit of model predictions to time series data (Christensen and Walters,
2004; Heymans et al., 2016). The recent development of ECOIND (Coll
and Steenbeek, 2017) and EcoSampler (Steenbeek et al., 2018) provides
users with an even more sophisticated framework to assess the impact
of input parameter uncertainty on a range of ecological indicators.
ECOIND enables the standardised calculation of ecological indicators to
further EwE’s capacity to contribute towards integrated ecosystems
analysis whilst EcoSampler records samples from the EwE MC routine
and runs them through loaded plugins to efficiently capture output
variation. MC analysis in EwE can be used to assess the impact of input
uncertainty on outputs such as biomass predictions, catch predictions,
and indicators of system health and functioning (Bentley et al., 2017;
Serpetti et al., 2017; Corrales et al., 2018; Steenbeek et al., 2018).

Ecological Network Analysis (ENA) is used to analyse and quantify
environmental interactions and the structure of ecological networks
(Patten et al., 1976; Ulanowicz, 1980; Ulanowicz, 2012; Borrett et al.,
2018). ENA products have been proposed as indicators that can quan-
tify the health, resilience, maturity, and flow dynamics of marine sys-
tems (de Jonge, 2007, 2012; Longo et al., 2015). More specifically
OSPAR’s Intersessional Correspondence Group for Coordination of
Biodiversity Assessment and Monitoring (ICG-COBAM) proposed a list
of nine indicators, including those based on ENA for capturing marine
food-web characteristics (Niquil et al., 2014). Furthermore, ENA can
also be used to define and identify the roles of components within

networks (Patten and Auble, 1981; Jordán et al., 2007; Estrada, 2007;
Borrett, 2013), for example control analysis identifies the dependencies
of components on one another by assessing the magnitude and transi-
tion of energy between donors and recipients (Patten, 1978; Fath and
Patten, 1999; Schramski et al., 2006, 2007). Such indicators may be
useful for management advice as they identify the components which
regulate the flow of energy through an ecosystem network (Hines et al.,
2016).

Single estimates for ENA metrics are commonly taken from de-
terministic models, such as Ecopath, without exploring their un-
certainty (Uusitalo et al., 2015). Estimating uncertainty is important if
indicators are to be trusted (Burgass et al., 2017).

ENAtool, an EwE routine developed by Guesnet et al. (2015), uses a
Monte Carlo approach to provide users with the means to incorporate
input parameter uncertainty into the calculation of ENA indicators to
generate ranges of plausible values. Uncertainty in this instance is de-
rived from assigned data pedigree confidence intervals, and whilst in-
creasing the statistical inference gained from ENA results, this ap-
proach, along with the recently added Dirichlet method to address diet
uncertainty in EwE (Steenbeek et al., 2018), is unable to address the
unique uncertainty ranges of individual predator-prey flows, which
vary asymmetrically around the mean. Recent Advances in uncertainty
analyses for ENA (Hines et al., 2018) adapt Linear Inverse Modelling
(LIM) techniques (Vézina and Platt, 1988; Kones et al., 2009) to in-
vestigate how unique and asymmetric flow uncertainty affects model
outcomes. This approach allows us to explore uncertainty at a higher
flow resolution and estimate indicators, such as control, which are not
calculated by EwE.

Using recent advances in network ecology (Hines et al., 2018), this
study aims to address the impact of heterogeneous flow uncertainty,
arising from varying quantities and distributions of diet information for
each predator-prey interaction, on ENA indicators and control measures
derived from Ecopath models. We demonstrate the application of these
new methods using an Ecopath model of the Irish Sea (Bentley et al.,
2018) with diet ranges derived from long-term stomach records.

2°W4°W6°W8°W10°W

56
°N

54
°N

52
°N

Ireland

Northen
Ireland

Wales

England

Scotland

United
KingdomIsle of Man

Dublin
Liverpool

Glasgow

Belfast

Swansea ¯0 100 20050
Km

Irish Sea

a) b)

Fig. 1. Map of the British Isles and Ireland (a) with inset (b) showing the extent of the Irish Sea Ecopath model (hatched area).
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2. Methods

In the context of the model used in this work, the Irish Sea covers
the extent of the International Council for the Exploration of the Sea
(ICES) division VIIa (Fig. 1), the area of which is approximately
58,000 km2 (Vincent et al., 2004).

2.1. Ecopath model

Ecopath (version 6.6 beta) (Christensen et al., 2005) was used to
construct a mass-balanced snapshot of the Irish Sea ecosystem in 1973
(Bentley et al., 2018). The model is comprised of 41 functional groups
ranging from plankton to marine mammals. Atlantic cod (Gadus
morhua), whiting (Merlangius merlangus), haddock (Melanogrammus ae-
glefinus) and European plaice (Pleuronectes platessa) are the main com-
mercially exploited fish species in the Irish Sea and are split into adult
and juvenile functional groups (Fig. 2, Supplemental Table 1). Esti-
mates for biomass (B), production/biomass (P B/ ) and consumption/
biomass (Q B/ ), were sourced from ICES stock assessments and working
group reports, local studies, online repositories, such as FishBase
(Froese and Pauly, 2017) and SeaLifeBase (Palomares and Pauly, 2017),
or were empirically calculated (Bentley et al., 2018). The Irish Sea
model was constructed following best practice methods (Heymans
et al., 2016) and ecological rules of thumb (Link, 2010) to maintain
ecological realism. See Bentley et al. (2018) for the full description of
all parameters.

Fishing fleets are fundamental components in most Ecopath models
and contribute towards the export of energy from the network. Fishing
fleets in the Irish Sea model (otter, Nephrops, beam and pelagic trawls,
gill nets, pots, dredges and other gears) reflect those deemed most
important by fishers during stakeholder meetings of the ICES bench-
mark workshop WKIrish (ICES, 2015, 2018) (see website at http://
www.ices.dk/community/ groups/Pages/WKIrish.aspx). Fisheries cap-
tures were parametrised using landings and discards information from
the Scientific, Technical and Economic Committee for Fisheries (STECF)

and ICES (Bentley et al., 2018).

2.2. Diet composition

Diet data for fish functional groups were obtained from long-term
fish stomach records available through the Cefas DAPSTOM initiative
(integrated DAtabase and Portal for fish STOMach records) (Pinnegar,
2014). Prey items were combined to reflect the functional group
structure in the Ecopath model. The default data format in DAPSTOM is
counts of prey per predator, which were converted into weight (kg)
using average estimates for each prey species. Average diets, along with
plausible ranges were then generated for each fish functional group
based on annual data (1960–2017). Where predator functional groups
included multiple species (e.g. the ‘other demersal fish’ functional
group), the contribution of prey to the overall group diet was prorated
by predator biomass. Diets for marine mammals, seabirds and in-
vertebrates were taken from literature (Bentley et al., 2018).

Traditionally, Ecopath diet matrices are altered ad-hoc during
model-balancing (Morissette, 2005). In this study we used the stomach
records to establish a data-based parameter field to move within when
balancing the model (Bentley et al., 2018). An example of an Ecopath
diet with asymmetric uncertainty from DAPSTOM records is shown in
Fig. 3 for adult cod.

2.3. Conversion of Ecopath model into a network object using enaR

Ecosystem flow networks (such as those described by Ecopath
consumption matrices) are composed of nodes and edges and can be
used to derive ENA indicators and measures of control (Kay et al., 1989;
Heymans and Baird, 2000; Fath et al., 2007). Nodes represent living or
non-living resource pools and edges connect nodes through material or
energy transfer. Although selected ENA indicators and analyses can be
calculated within Ecopath, the uncertainty approach and control ana-
lysis used in this study cannot currently be produced by the EwE soft-
ware. The following were therefore extracted from the Irish Sea.

Fig. 2. Energy flow and biomass diagram for the Irish Sea Ecopath food web model. Functional groups and fleets are represented by nodes, the relative size of which
denotes their biomass in the ecosystem. Lines represent the flow of energy and the y-axis denotes group trophic level.
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Ecopath model and reformatted (SCOR format) for analysis with
enaR package (version 3.0.0) (Borrett and Lau, 2014): (1) a flow matrix
(Ecopath consumption matrix), (2) network inputs (gross primary
production in the Irish Sea), (3) network exports (detritus and fisheries
exports), (4) respiration (calculated in EwE outputs) and (5) node sto-
rage (Ecopath biomass). Data was input as t·km−2 from the 1973 Eco-
path snapshot. As Ecopath does not provide estimates of gross primary
productivity or respiration for primary producers (Heymans and Baird,
2000), methods for calculating respiration and gross production for
aquatic plants were taken from a model equation proposed by Aoki
(2006). Gross

= + +a r p d (1)

production a( ) is consumed by respiration r( ), production p( ), and flow
to detritus d( ):

In accordance with Aoki (2006), we assumed that:

=r σa (2)

where σ is the annual respiration-gross production ratio. According to
Eqs. (1) and (2):

= +
−

r p d σ
σ

( )
1 (3)

r can therefore be estimated from values of p, d and σ , where p and d
are available from Ecopath. Values of σ for phytoplankton have been
estimated to be 0.42 y−1 for Georges Bank (Riley, 1946), Narragansett
Bay, Delaware Bay and Chesapeake Bay (Monaco and Ulanowicz, 1997)
and 0.44 y−1 for Lake Biwa, Lake Yunoko, Lake Suwa and Lake Kojima
(Mori and Yamamoto, 1975). For the purpose of this model, as pre-
viously adopted by Aoki (2006), the average value of 0.4 was used for
phytoplankton and 0.65 was adopted for seaweed Aoki (2006).

Upper and lower limits for each network edge (flows, inputs, ex-
ports and respirations) were calculated using the 95% confidence in-
tervals for prey contribution to predator diet from the DAPSTOM re-
cords. For groups other than fish, where no dietary uncertainty data
were available, symmetric upper and lower network parameter limits
were set at± 25% of the balanced models estimates as, after testing
limits from±0% to± 100% uncertainty, this was the point at which
the effect of uncertainty in these edges was maximised (i.e. further
increases in uncertainty generated a predictable melt of indicator dis-
tributions).

2.4. Generating plausible network parameterisations

We applied the upper and lower constraints for each network edge

Fig. 3. Diet of Adult Atlantic cod in the Irish Sea. The bars illustrate the estimates incorporated into Ecopath and the error bars show the plausible range of diet
proportions for each prey based on the 95% confidence intervals observed in the DAPSTOM records from 1960 to 2017. See Bentley et al (2018) for full data
description.
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using the enaUncertainty function for the enaR package in R (Lau et al.,
2017; Hines et al., 2018). This function used a LIM algorithm (van den
Meersche et al., 2009; Soetaert et al., 2009) in combination with MC
sampling to generate ten thousand balanced network permutations of
the Irish Sea network, each of which had edge values that fell within the
specified plausible upper and lower flow limits. Each network para-
meterisation in the resulting set of networks was considered equally
plausible, and analyses were conducted across the entire set to evaluate
uncertainty in ENA results.

2.5. ENA: flow analysis

Four commonly used flow-based network statistics to quantify the
movement of energy through the network, namely, total system
through flow (TST), Finn’s cycling index (FCI), indirect flow intensity
(IFI) and average path length (APL) were calculated using the enaFlow
analysis in the enaR package. TST is a measure of the amount of ma-
terial moving through a system (Finn, 1976), calculated as:

∑= +TST Internalflows Inputs( ) (4)

TST is seen as an indicator of the size or activity of the system (Finn,
1976). FCI is calculated as:

=FCI
Cycledflow

TST (5)

where cycled flow is defined as material that is recycled (passes through
the same node more than once) before exiting the network (Finn, 1976,
1980). FCI indicates the retention time of material within a system
(Baird and Ulanowicz, 1993) and can be used to interpret ecosystem
stability (Vasconcellos et al., 1997) and health (Wulff and Ulanowicz,
1989). IFI is the proportion of TST derived from indirect pathways
(fluxes over two or more edges) (Higashi and Patten, 1986; Borrett
et al., 2006; Salas and Borrett, 2011). IFI is calculated as:

=IFI
Indirectflow

TST (6)

Indirect effects are critical components of complex adaptive systems
that can act as a stabilising force in the face of external perturbations
(Borrett et al., 2006). APL is the average number of groups an inflow or
outflow passes through (Finn, 1976) and is calculated as:

=
∑

APL TST
Inputs (7)

APL is a measure of the retention time of material within the system
and is expected to be higher in systems with high degrees of flow di-
versity and cycling (Christensen, 1995). It also characterises the
amount of activity that the system organisation can generate for each
unit of input into the system, and is therefore similar to the multiplier
effect in economics (Samuelson, 1951).

2.6. ENA: control analysis

Two ecological control metrics, control difference (CD), and system
control (scj), were used to quantify the pair-wise and system-wide in-
fluence of functional groups (Schramski et al., 2006, 2007). System
control analysis characterises the relative influence of each functional
group towards the movement of energy through the system and quan-
tifies the role of each component. CD enables system-based compar-
isons of fractional transfer (cdij: e.g. the contribution from node ito jvs
jto i) to quantify pairwise dependencies (Schramski et al., 2006, 2007).
The direction of control is denoted by + or −. Estimates of CD are
comparable across the entire matrix facilitating comparisons between
the strengths of pairwise controls. cdij values are additive and were
summed to provide system wide control measures for each functional
group. If scj is positive for a specific group ( j) this denotes that the
group has a controlling influence over the system. Inversely, a negative
scj denotes that the group is controlled by the system. When summed,
the positive and negative values of cdij and scj are equal to zero, in-
dicating total system balance (Schramski et al., 2006, 2007). We used
the enaR enaControl function to execute this analysis.

2.7. Comparing network indicators with regional Ecopath models

Existing Ecopath models of the Irish Sea (Lees and Mackinson,
2007), West Scotland shelf (Serpetti et al., 2017) and West Scotland
deep sea (Heymans et al., 2010), North Sea (Mackinson and Daskalov,
2008) and Celtic Sea (Moullec et al., 2017) were transformed into
network objects using the methodology described above. TST, APL, FCI
and IFI indicators were derived from each model for comparison against
the indicator ranges calculated for the Irish Sea with and without data-
derived uncertainty included. The main network metrics for these
models are presented in Table 1. Because estimates of TST are strongly
dictated by the structure and size of the network (Ulanowicz, 2012),
TST is not directly comparable across models unless they are similar in
design, however, TST is useful for comparing model structures.

3. Results

3.1. ENA indicators

The ten thousand plausible model parameterisations were used to
produce distributions of ENA metrics (Hines et al., 2018) based on the
diet uncertainty data (Fig. 4). The original Ecopath estimates for ENA
indicators were as follows: TST= 3553 t/km2/yr, APL=1.94,
FCI= 0.03, IFI= 0.19. According to uncertainty-based inter-quartile
estimates, TST in the Irish Sea network ranged from 3893 to 4462 t/
km2/yr, APL ranged from 1.93 to 2.06, FCI ranged from 0.028 to 0.034,
and IFI ranged from 0.18 to 0.21. When comparing the same indicators
from other models to the range identified for the Irish Sea model
(Fig. 5), it was found that three of the four indicators for the Lees and
Mackinson (2007) Irish Sea model (APL, FCI, IFI) fell within the range

Table 1
Main characteristics and network metrics for models of the Irish Sea (IRS (Bentley et al., 2018), IRSO (Lees and Mackinson, 2007)), west coast of Scotland (WCS
(Serpetti et al., 2017)), west Scotland deep sea (WSDS (Heymans et al., 2010)), North Sea (NS (Mackinson and Daskalov, 2008)), and Celtic Sea (CS (Moullec et al.,
2017)).

Network metrics IRS IRSO WCS WSDS NS CS Units

Number of living groups 39 50 40 33 65 46 –
Number of non-living groups 2 3 1 1 3 2 –
Number of edges 479 685 486 306 1054 522 –
Gross Primary Production 1831 19,149 2056 4872 6023 4252 t·km−2·year−1

Fisheries exports 1.9 1.5 4.1 0.4 4.8 1.2 t·km−2·year−1

Sum of exports 526 11,763 621 1632 325 434 t·km−2·year−1

Sum of all respiratory flows 1305 12,257 1435 3258 5797 3818 t·km−2·year−1

Total biomass: living groups 123 237 107 228 552 101 t·km−2

Total biomass: non-living groups 100 100 100 50 100 326 t·km−2
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identified for the Irish Sea model presented in this work. Both models
for the West Scotland have two indicators within the Irish Sea range
(west coast: TST, APL; deep sea: APL, IFI) whereas all indicators for the
North and Celtic Sea models fell outside of the Irish Sea range.

3.2. Control difference

By examining control difference (CD) we built an understanding of
the transactional nature through which energy moves through the Irish
Sea food web. CD measures are absolute values and therefore we can
compare the strength of pairwise relationships. CD measures were in-
itially calculated for the original Ecopath model to gain a baseline
understanding of the pairwise relationships existing in the model
(Fig. 6). As CD matrices are antisymmetric, relationships can be con-
sidered from the perspective of the donor or recipient component. The
certainty of these relationships were tested by calculating CD measures
for each of the ten thousand plausible network parameterisations
(Fig. 7). In the original Ecopath model, the three highest magnitudes of
control were exerted by (1) anadromous fish as prey for seals, (2) dis-
cards as prey for Nephrops (Norway lobster) and (3) juvenile haddock as
prey for adult cod. The plausible ranges of CD values were used to
quantify whether relationships were positive (plausible range of 95%
confidence intervals > 0), negative (plausible range of 95% confidence
intervals < 0) or undefined. CD relationships were undefined if the

95% confidence intervals of plausible CD values included zero. Out of
819 CD relationships, 563 (69.7%) were negative, 70 (8.5%) were
positive and 186 (23.7%) were undefined (Fig. 7).

3.3. System control

System control (SC) estimates for the original Ecopath network
were calculated as the row sums of the CD matrix in Fig. 6. The 95%
confidence intervals for SC estimates were calculated using the ten
thousand plausible CD matrices. The system control of each functional
group (Fig. 8) can be defined as positive (> zero), negative (< zero) or
undefined (95% confidence intervals include zero).

Marine mammals, seabirds, sharks, rays, juvenile and adult Atlantic
cod and adult European plaice only have plausible SC values below
zero, indicating that these functional groups are controlled by other
components in the network. The majority of mid-to-low trophic groups
have SC ranges above zero, indicating that they control other compo-
nents. Five functional groups have 95% confidence intervals of plau-
sible SC values that include zero (Fig. 8) and therefore we are unable to
conclude that these groups had control values different from zero.

4. Discussion

There are increasing calls for the use of ecosystem flow models and

Fig. 4. Probability density plots showing original estimates and distributions of (a) TST, (b) APL, (c) FCI and (d) IFI in the Irish Sea Ecopath network using data
guided uncertainty.

Fig. 5. ENA indicators from Ecopath models
of the Irish Sea (IRS (Bentley et al., 2018),
IRSO (Lees and Mackinson, 2007)), west
coast of Scotland (WCS (Serpetti et al.,
2017)), west Scotland deep sea (WSDS
(Heymans et al., 2010)), North Sea (NS
(Mackinson and Daskalov, 2008)), and
Celtic Sea (CS (Moullec et al., 2017)). Esti-
mates are compared to the plausible dis-
tribution of ENA metric for the IRS pre-
sented in this work.
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ENA to be used to inform decision making due to the ability of these
tools to elucidate and quantify complex interactions in ecosystems
(Leslie and McLeod, 2007; Levin et al., 2009; Collie et al., 2016).
However the application of these tools in marine management has so
far been limited (Fulton et al., 2011). These models are complex and
incorporate many poorly constrained parameters, which feed into lar-
gely unknown uncertainties in their predictions. These uncertainties
may be sufficiently large as to render the outputs misleading, especially
when such models are projected more than a short time into the future.
One of the key uncertainties in marine food web models are the diets of
the functional groups and whether these have changed over time. Long-
term and open source data-sets, such as DAPSTOM, are therefore in-
valuable for the future uptake of ecosystem models as they allow users
to constrain parameters and investigate plausible model outcomes in
reference to observed data uncertainties. In comparison to results de-
rived from the application of uniform uncertainty, data-guided un-
certainty improves the interpretation of model results, which is crucial
for management (de la Vega et al., 2018).

Here, we discuss the impact of data-derived parameter uncertainty
from the Irish Sea on ENA results and highlight how this approach is
essential for appropriate interpretation of ecosystem structure and
function.

4.1. ENA indicators

This study is the first to use the uncertainty approach described by
Hines et al. (2018) to estimate the confidence in Ecopath-derived ENA
indicators. This is an important step in the progressive development of
ecosystem flow modelling and ENA, as it enables researchers to have
more confidence in the results and to draw stronger ecological

inferences (Ludovisi and Scharler, 2017). Providing estimates of un-
certainty to end-users will help them to understand the accuracy/un-
certainty of any estimate, which is important because management of
human activities requires a solid foundation to support decisions which
may result in large economic consequences (Borja et al., 2016).

ENA indicators are sensitive to both the estimated flows (para-
meterisation) and the network structure or topology. Thus, differences
in indicators derived from different models can reflect differences in
network structure. The challenge is that the differences in topology can
represent real system differences (e.g., an ecosystem before and after
the introduction of an invasive species that requires a new node and
related flows), or it can capture different conceptual modelling as-
sumptions (e.g., degree of species aggregations). It is difficult to sepa-
rate these effects, which is why ENA scientists often refrain comparing
models with different structures (Baird et al., 1991). ENA can however
be used to compare models with consistent structures. This approach
has been used to investigate temporal dynamics across multiple steady
state networks of the same system (Borrett et al., 2006), to measure the
sensitivity of system indicators to the construction of artificial struc-
tures (Raoux et al., 2018) and to compare ecological network analysis
indicators for management (de la Vega et al., 2018).

Models which were more complex (i.e. more nodes and a greater
link density) than the Irish Sea model, such as the Celtic Sea (Moullec
et al., 2017) and North Sea (Mackinson and Daskalov, 2008) models,
have higher estimations of ENA indicators. The structure of the west
coast of Scotland (WCS) model (Serpetti et al., 2017) is more similar to
the Irish Sea model. Both include 41 functional groups, a well-defined
fish component with ontogenetic splits for commercially important
species, and less finely resolved mammal, bird and invertebrate com-
ponents. This similarity in network complexity and functional grouping

Fig. 6. Control difference (CD) matrix for the Ecopath model of the Irish Sea. The twenty strongest CD values are denoted with a star (*). Nodes are ordered by
Ecopath functional group order.
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is reflected in the overlapping estimates of TST, therefore differences
between these models may reveal ecological rather than modelling
structure differences. Differences between the Irish Sea and WCS in-
dices imply that the WCS experiences a higher degree of recycling (FCI)
and indirect energy transfer (IFI), suggesting a greater system stability
and diversity. However, these conclusions are weakened by the absence
of diet data-based uncertainty analysis for the WCS.

4.2. Pairwise and system control

EBM requires decision makers to holistically consider the linkages
between species when making management decisions (Pikitch et al.,
2004). By applying ENA control analysis to an Ecopath model of the
Irish Sea we provide a relative measure of the importance of pairwise
and system wide interactions (Schramski, 2006). Understanding the
roles of functional groups and the magnitude of dependence they have
on one another can provide a useful means to prioritise ecosystem
components when informing management. For example, the CD ana-
lysis highlights the importance of discards as a controlling group over
Nephrops, crabs and lobsters, and seabirds in all network para-
meterisations. With the recent introduction of the EU landings obliga-
tion (EC, 2013) our results suggest that these groups may experience
drastic alterations to energy availability if discards are removed. This
in-turn will propagate across the CD matrix and impact secondary (e.g.
Nephrops as prey for adult haddock) and tertiary groups (e.g. adult
haddock as prey for adult cod). This is an important example of how the
approach used in this study can inform real-world EBM decisions. The
present results also reinforce findings from other studies regarding
potential un-intended consequences of implementing the landings ob-
ligation including potential reduced system stability (Fondo et al.,
2015), trophic cascades (Heath et al., 2014) and changes in fisheries
revenue (Celić et al., 2018). However, the landings obligation is also
expected to improve current fishing methods and practices through the
development of more selective gear, therefore reducing the impact of
fishing on non-target species (de Vos et al., 2016).

The majority of pairwise interactions, including the strongest in-
teractions, support donor-oriented control, with higher trophic levels
being controlled by lower trophic levels. Fath (2004) noted that energy
flow tends to be biased toward donor-oriented control. The largest CD
estimates (furthest from 0) correspond to flow relationships which are
heavily one-sided, for example, consumption of anadromous fish by
seals. Consumption of anadromous fish by other groups in the Irish Sea
is very low based on available stomach records. Therefore, even though
anadromous fish only account for 1% of seal diet, this equates to over
60% of the anadromous fish consumed within the food web. As seals are
top predators this is a one-sided transition, therefore the control of
anadromous fish over seals is particularly high, which also results in a
high system control estimation for anadromous fish.

System control analysis characterises the relative influence of each
functional group towards the movement of energy through the system
and quantifies the role of each component (Schramski, 2006; Schramski
et al., 2006). All but five functional groups showed defined control
(positive or negative) in the Irish Sea network (Fig. 8). Generally, the
levels of control indicated by the metrics were consistent with their
perceived roles in the food web. For example, marine mammals, sea-
birds, elasmobranchs, monkfish, adult and juvenile cod, adult plaice
and whiting were controlled by other system components in the Irish
Sea. These controls are likely to be prey abundance for higher trophic
level predators but could also include predator abundance for func-
tional groups such as juvenile cod. The metrics suggest that mid-to-low
trophic species such as plankton, sandeels, herring, sprat and the pe-
lagic, demersal and benthopelagic fish groups play central roles in
controlling the movement of energy through the Irish Sea food web.
This is consistent with expectations, as base Ecopath estimates of key-
stoneness (Libralato et al, 2006) and Relative Trophic Impact (RTI) are
highest for plankton (large-, small-, phyto-), epifauna, infauna, sprat

and other pelagic fish functional groups (Supplemental Table 1), sug-
gesting bottom-up control dominates the system. RTI is an indicator
derived from the Mixed Trophic Impact (MTI), which describes how an
increase in the biomass of an impacting group affects the biomass of
impacted groups (Ulanowicz and Puccia, 1990; Christensen et al, 2008).

Overall the SC analysis indicates bottom-up ecosystem regulation in
the Irish Sea (Frederiksen et al., 2006), suggesting that changes in
plankton communities, such as those driven by multidecadal oscilla-
tions (Fromentin and Planque, 1996; Edwards et al., 2013a) or climate
change (Richardson and Schoeman, 2004; Edwards et al., 2013b), may
have a strong influence on the dynamics of higher trophic levels. This
finding may influence management decisions in relation to climate
change or commercial stock recovery plans (Kelly et al., 2006). Eco-
systems that have experienced intense exploitation, such as the Irish
Sea, are likely to evolve towards bottom-up control due to the decrease
in higher trophic levels (Perry et al., 2010). The removal of higher
trophic levels reverses the direction of control and amplifies the already
existing bottom-up control. Exploited ecosystems with bottom-up con-
trol, such as the Irish Sea, can therefore be more vulnerable to climate
forcing.

4.3. Towards applications of ENA in management and decision making

OSPAR, the EU and others have recognised that indicators are re-
quired for the assessment of overall marine ecosystem health (Niquil
et al., 2014; Piroddi et al., 2015). Members of a recent ENA workshop,
aiming to align ENA development with marine management (Schückel
et al., 2018; Safi et al., In submission), proposed a list of ENA indicators
for food web assessment and management. The list included three in-
dicators used in this work (TST, APL, FCI) and several others which
were not, including keystoneness, mean trophic level, detritivory/her-
bivory, and ascendency (Fath, 2015). Indicators of keystoneness, as
well as MTI and RTI, are similar to the measures of control used in this
study. Both approaches quantify the relationships between nodes and
can identify nodes of high importance for ecosystem structure and
function. Used in conjunction, these indicators may strengthen con-
clusions derived from indicator analysis.

Continuing efforts need to focus on the development of operational
routes to transfer information derived from ENA indicators into sus-
tainable marine management and environmental assessments (Rossberg
et al., 2017; Schückel et al., 2018). Using ecosystem flow models, it may
be possible to identify ENA reference points from ecologically, eco-
nomic and socially preferable time points or scenarios (Fiksel, 2006,
Fiksel et al., 2014), as has been demonstrated as part of the Indiseas
project (see website at www.indiseas.org) (Coll et al., 2016; Reed et al.,
2016; Shin et al., 2018). However, these indicators need to be
strengthened by the inclusion of uncertainty analysis before being used
as targets for management and policy.

There are a number of limitations to the techniques for in-
corporating uncertainty into models which were used in this study
(Hines et al., 2018). One of the main limitations is that these ap-
proaches are data intensive and therefore may have limited application
based on data availability. Whilst it is possible to run the analyses de-
scribed here using uniform uncertainty levels (de la Vega et al., 2018),
data guided uncertainty is preferable to develop a more informed in-
sight into the model results. Secondly, these methods use discrete time
(single time steps) and are not dynamic. Therefore their application can
only provide end-users with snapshot of the distribution of ENA me-
trics. It is however possible to use these methods in conjunction with
other models/empirical approaches to provide decision makers with as
much information as possible. For example, the analyses described here
could be applied to multiple static networks extracted from EwEs
temporal (Ecosim) and spatial (Ecospace) modules in order to build a
dynamic understanding of ENA and uncertainty over time and space
(Christian and Thomas, 2003; Borrett et al., 2006). In addition, tem-
poral ENA indicators can be extracted from EwE using the Ecosim
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Network Analysis plugin, therefore future work should aim to integrate
this output with the uncertainty analysis presented here.

Ongoing work should aim to relate environmental and human
pressures to system ENA responses to better understand how they im-
pact ecosystem health and function (Torres et al., 2017). Furthermore,
an approach should be developed to facilitate the comparison of ENA
indicators across ecosystems by accounting for a) structural uncertainty
or differences in network configuration, and b) the ways in which in-
dicators are calculated.

In conclusion, this study has demonstrated an approach to in-
corporating data-driven uncertainty into food web modelling as a
means to strengthen our confidence in the model outputs. These
methods are an important step in the maturation of ecosystem model-
ling and in particular the development of ENA as a tool for providing
advice for sustainable ecosystem management.
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In this study, we describe the approach taken by the International Council for the Exploration of the Seas Irish Sea benchmark working group
(WKIrish), to co-create diet information for six commercial species using fishers’ and scientists knowledge and incorporate it into an existing
Ecopath food web model of the Irish Sea. To understand how the co-created diet information changed the model we compared a suite of
food web indicators before and after the addition of fishers’ knowledge (FK). Of the 80 predator–prey interactions suggested by fishers during
workshops, 50 were already included in the model. Although the small number of changes made to the model structure had an insignificant
impact on the ecosystem-level indicators, indicators of species hierarchical importance and mixed trophic impacts were significantly changed,
particularly for commercial species. FK heightened the importance of discards as a source of food for rays, plaice, and whiting and reduced
the importance of cod, toothed whales, and plaice as structural components of the food web. FK therefore led to changes which will influence
pairwise advice derived from the model. We conclude by providing lessons from WKIrish which we believe were key to the positive
co-production experience and development of integrated management.

Keywords: co-production of knowledge approach, ecological network analysis, Ecopath, ecosystem-based management, fishers’ knowledge,
linear inverse modelling

Introduction
Environmental research is confounded by irreducible uncertain-

ties in scientific knowledge and the need to recognize different

legitimate perspectives. As a consequence, Funtowicz and Ravetz

(1993, 2003) and Ravetz (2006) suggested that research is more

likely to meet the challenges of environmental sustainability when

enacted through a democratic and transdisciplinary approach.

They coined this approach as “post-normal science,” where the

extended peer community and multiple knowledge types are

included to more sufficiently inform real world decisions (Strand,

2017; Ainscough et al., 2018). Taking a post-normal approach to

fisheries management broadens the scientific knowledge basis

through the engagement of a wider range of actors and leads

to the evolution of research towards a participatory approach

(Wiber et al., 2004; Berghöfer et al., 2008; Hind, 2014;

Stephenson et al., 2016). Stephenson et al. (2016) suggest one of

the best ways to improve fisheries governance is by involving

stakeholders throughout the scientific to policy advice process.
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For permissions, please email: journals.permissions@oup.com
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This is in line with the recent trends for co-production of knowl-

edge in environmental sciences, where collaboration leads to gen-

uine knowledge sharing rather than simply harvesting an

additional data source (Meadow et al., 2015; Wall et al., 2017;

Djenontin and Meadow, 2018). It is also called for in European-

level policy documents such as the European Marine Board’s

foresight document: Navigating the Future V (EMB, 2019), which

highlights the need for transdisciplinary and sustainability

science.

Fishers’ knowledge (FK) holds considerable value as a source

of information to support and inform fisheries research and man-

agement (Johannes et al., 2000; Haggan et al., 2007; Moreno-Báez

et al., 2010; Macdonald et al., 2014; Raymond-Yakoubian et al.,

2017; Bentley, Serpetti, et al., 2019). The unique experiences and

perspectives of fishers provide not only fishery information, but

also the ecological, institutional, social, and economic knowledge

often passed from generation to generation (Berkes et al., 2000;

Haggan et al., 2007; Silvano and Valbo-Jorgensen, 2008; Martins

et al., 2018). This breadth of knowledge can aid fisheries manage-

ment when combined with scientific knowledge (Mackinson and

Nottestad, 1998; Mackinson et al., 2015), particularly where data

and resources are lacking (Lopes et al., 2018; Berkström et al.,

2019). Whilst fisheries research has historically been dominated

by more narrowly focused quantitative fisheries biology (Hind,

2014), the support for ecosystem-based and integrated fisheries

management has grown over the past few decades. FK forms part

of the best available information needed to inform an integrated

management approach (Stephenson et al., 2016; Figus et al.,

2017). Progress has thus been made towards the integration of FK

into science and management, with successful examples indicat-

ing that FK is best implemented through the co-production of

knowledge, appropriately designed for the conversion of FK into

actionable advice (Röckmann et al., 2012; Mackinson and

Wilson, 2014; Stange et al., 2015; Stephenson et al., 2016). Those

closest to the fishery, including fishers themselves and also other

stakeholders such as NGOs, are increasingly interested in contrib-

uting to the scientific process (Jasanoff, 2004; Pita et al., 2010). It

is therefore promising to see that the growing instances of posi-

tive collaboration experiences are changing attitudes towards FK

research and leading management systems to place greater value

on alternative knowledge types (Djenontin and Meadow, 2018;

Stephenson et al., 2018).

In 2015, scientists, fishers, NGO representatives, and industry

managers were invited to work towards the first International

Council for the Exploration of the Seas (ICES) integrated bench-

mark assessment for the Irish Sea: WKIrish (ICES, 2015) using a

co-production approach. One of the aims of WKIrish was to

combine scientific and stakeholder knowledge to build multi-

species food web models that may ultimately be used to provide

advice in an ecosystem-based context. One of the potential food

web modelling approaches identified by attendees of the initial

WKIrish workshop (ICES, 2015) was Ecopath with Ecosim (EwE)

(Christensen et al., 2008).

EwE is a food web modelling suite, used globally to assess the

ecosystem impact of fisheries and address ecological questions for

scientific and policy purposes (Pauly et al., 2000; Christensen and

Walters, 2004). Underpinning EwE models is a diet matrix which

determines the trophic interactions between species and func-

tional groups (Ulanowicz, 1980; Polovina, 1984b), the nature of

pairwise interactions (i.e. the influence of one food web

component on another) (Ulanowicz and Puccia, 1990; Schramski

et al., 2006; Hines et al., 2016), and the hierarchy of species im-

portance within the food web (Power et al., 1996; Libralato et al.,

2006; Borrett, 2013). At an initial meeting of WKIrish on 14–15

September 2017, fishers proposed that their knowledge of the

diets of commercial species would be a valuable source of infor-

mation to support the data available from stomach records

and literature. Studies have previously used FK of species diets to

support conventional management decisions in the absence of

scientific information, with FK often showing a high degree of

concordance with scientific literature (Johannes et al., 2000;

Silvano and Begossi, 2010, 2012; Ramires et al., 2015). Bevilacqua

et al. (2016) investigated whether FK could be used to parameter-

ize an entire ecosystem model by gathering additional knowledge

such as fish size, weight, growth rates, longevity, stock size, and

catch rates. Whilst Bevilacqua et al. (2016) found fishers were

able to provide precise information regarding species diets and

weights, they were unable to inform on the growth rates, longev-

ity, biomasses, and stock sizes of modelled species. In this in-

stance, FK was more appropriate for parameters which were

observable (i.e. stomach contents) compared to those which were

not (i.e. growth rates). However, the amount of knowledge fishers

possess on their target species may be very different for other

locations around the world. For ecosystem modelling, the true

benefit of FK may lie in its potential as a source of knowledge to

be hybridized with existing scientific information.

Following the initial WKIrish meeting focusing on information

sharing and project scoping (WKIrish1), two workshops were

held to evaluate the scientific (fisheries) data available for the re-

gion (WKIrish2) and update Irish Sea single stock assessments

(WKIrish3). In this study, we describe the methodological

approach to sharing scientists’ and FK of species diets which

occurred during the fourth workshop (WKIrish4). We examine

how the inclusion of FK impacted the structure and function of

the previously constructed Irish Sea EwE model (Bentley et al.,

2018; Bentley, Hines, et al., 2019) using a suite of ecological indi-

cators which characterize: (i) the entire food web, (ii) individual

functional groups, and (iii) trophic interactions. These indicators

are influenced by the flows of energy between its components

(Patten et al., 1976; Ulanowicz, 1980, 1986; Borrett et al., 2018)

and describe the structure and function of the food web flows.

Whilst FK may be limited relative to the parameter demands of

an end-to-end ecosystem model, we hypothesize that it will influ-

ence model-derived advice, particularly surrounding commercial

species, and enable stakeholder buy-in for future management.

Methods
Study system
The existing Irish Sea EwE model covers the extent of ICES

Division VIIa (�58 000 km�2) (Figure 1a). Following declines in

commercial finfish stocks, the fisheries landings from the Irish

Sea shifted in 1994 from being dominated by finfish such as cod

(Gadus morhua), whiting (Merlangius merlangus), herring

(Clupea harengus), sole (Solea solea), and plaice (Pleuronectes pla-

tessa)) to invertebrates such as Norway lobster (Nephrops norvegi-

cus), scallops (Aequipecten opercularis and Pecten maximus), blue

mussels (Mytilus edulis), and whelks (Buccinum undatum)

(Figure 1b).

2 J. W. Bentley et al.
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Ecopath model
The Ecopath approach was initially presented by Polovina

(1984a, b) to estimate the biomass and food consumption of

functional groups within an ecosystem and was subsequently

combined with approaches from theoretical ecology for the analy-

sis of energy flows between functional groups (Ulanowicz and

Kay, 1991). The system has since been optimized for use in fisher-

ies assessment and ecological investigations (Christensen and

Pauly, 1992; Walters et al., 1997, 1999; Christensen et al., 2008).

The model structure comprises a mass-balanced network of

functional groups, consisting of single or multiple species, whose

biomass pools are trophically linked. There are two master

equations in Ecopath, the first describes how the production of

each functional group can be split into components [Equation

(1)] and the second describes the energy balance for each group

[Equation (2)].

Production ¼ catchesþ predation mortality

þ biomass accumulationþ net migration

þ other mortality (1)

Consumption ¼ productionþ respirationþ unassimilated food: (2)

The initial Irish Sea model was developed by Bentley et al.

(2018) using Ecopath version 6.6 beta and represents a mass-

balanced snapshot of the food web in 1973. The model includes

41 functional groups ranging from detritus and plankton to

elasmobranchs and marine mammals with a well-defined fish

component. Four important commercial species: cod, whiting,

haddock, and plaice were split into adult and juvenile stages using

the best practice suggested by Heymans et al. (2016), to capture

ontogenetic diet shifts and different exploitation patterns with

size. The models initial diet matrix for fish was built using infor-

mation held in the Cefas integrated DAtabase and Portal for

STOMach (DAPSTOM) records (Pinnegar, 2014; Bentley, Hines,

et al., 2019). Diets for mammals, seabirds, and invertebrates were

taken from literature sources as described in Bentley et al. (2018).

The Irish Sea model includes eight fishing fleets (beam trawl, ot-

ter trawl, Nephrops trawl, pelagic nets, gill nets, pots, dredges, and

other gears). Fisheries landings and discards were parameterized

using information from ICES (2018a) and STECF (2018). The

recommended rules of thumb and best practices outlined by Link

(2010) and Heymans et al. (2016) to ensure ecological realism

in model structure and function were followed. For an in-depth

description of the methods and parameters, see Bentley et al.

(2018).

Fishers’ knowledge
FK regarding the diets of commercially important species was

shared during a WKIrish workshop (WKIrish4) held in Dun

Laoghaire, Ireland, on 23–27 October 2017 (ICES, 2018c). The

meeting was attended by nine scientists, nine fishing industry

stakeholders (fishers’ and their representatives), an NGO repre-

sentative, and a recreational fisherman. The scientist attendees

were from multiple disciplines, primarily focused on the Irish Sea

region, and included multi-species modellers, marine mammal

experts, and fisheries scientists. Their role was to participate in

the group discussions and share their knowledge with stakehold-

ers. Stakeholders from the fishing industry were selected by their

producer organizations, who were asked to invite those who

would have knowledge dating back to the 1970s. Stakeholders

from the fishing industry therefore had between 30 and 40 years

of fishing experience, with several coming from families with

multigenerational experience.

The aim of the workshop was to build a diet matrix which in-

cluded scientific knowledge and FK of predator–prey interactions

for the species they commonly encountered in their operations,

and where they would have observed stomach contents whilst

processing catches. During the workshop, cod, whiting, haddock,
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Figure 1. Study area. (a) Map of the British Isles and Ireland with inset showing the extent of the Irish Sea Ecopath model and (b) ICES
landings statistics (tonnes) for the Irish Sea from 1950–2014.
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plaice, rays (Raja spp.), and Norway lobster were identified as

the species for which fishers’ felt they had substantial knowledge.

The knowledge co-production process is shown in Table 1. The

process was informed by guidance given in the GAP2 “Oral

Histories Tool,” http://gap2.eu/methodological-toolbox/oral-his

tories/.

Each of the six selected species was considered in turn,

with fishers’ being asked to provide knowledge as far back in

time as possible, ideally to the early 1970s as the EwE snap-

shot was constructed to represent the system in 1973. Every

effort was taken to avoid leading fishers’ responses; the only

guidance from the scientists was to focus discussion species

by species. Thereafter, the inclusion and strength of any in-

teraction was driven only by the stakeholders. Fishers were

asked to list the predator–prey interactions for the species

of interest, along with any qualitative information that might

influence how the information was entered into the model

(i.e. were interactions observed frequently or infrequently).

Where possible, fishers’ were asked to differentiate between

juvenile and adult fish for functional groups with multi-

stanzas. Fishers were finally asked about any other informa-

tion they could contribute regarding diets of mammals and

seabirds. An example of a completed appraisal for cod is pre-

sented in stage 2 of Table 1.

Incorporating FK into EwE
Fishers’ diet links were quantified in the model on a case-by-case

basis. New interactions were added to the model diet matrix

whilst ensuring that the combined predation and fishing mortal-

ity placed on each functional group did not exceed production, as

for an Ecopath model to be mass balanced total consumption

cannot exceed the production of the species. To ensure diets

remained balanced, additions of new prey proportions were

counterbalanced by adjusting other prey proportions within the

range of plausible values (Bentley et al., 2018). Due to the inher-

ent uncertainty in quantifying qualitative information, the diets

of functional groups which were altered by FK were assigned large

confidence intervals (680%) in the models “pedigree” routine

(Table 2) (Christensen and Walters, 2004), which serves a dual

purpose by allowing the user to describe the origin of the data

whilst also assigning confidence intervals based on data origin.

The large confidence intervals assigned to diets altered by fishers

ensured, when later applying Monte Carlo simulations (see

“Assessing the impact of FK on food web structure and function”

Table 1. Workshop methodology.

Stage 1: pre-workshop
Research impetus and

preparation
� During WKIrish1, stakeholders expressed knowledge of commercial species diets as well as an interest in

using this knowledge in an ecosystem modelling context.
� Between WKIrish1 and WKIrish4, the EwE model was constructed using stomach record data and

literature, with the foresight that new interactions from stakeholders would be incorporated during WKIrish4.
Stage 2: workshop:WKIrish 4
Introduction and

workshop aims (2 h)
� The workshop began with a briefing presentation,

familiarizing stakeholders with ecosystem
modelling. (20–30 min)

� The aims of the workshop were discussed. (1 h)
� Visual aids were provided of the models functional

groups.
� Discussion took place to identify the species

stakeholders were familiar with. (30–40 min)

Example stakeholder diet for Atlantic cod produced
during WKIrish4

Information collection (3 h) � Diets for the six commercial species commonly
encountered by fishers’ (rays, cod, whiting,
haddock, plaice, Norway lobster) were collected
one at a time with participants gathered around a
flipchart.

� Food webs were drawn by a scientific member of
the workshop whilst stakeholders provided
information.

� Visual aids were projected onto monitors to
support discussion, i.e. if a participant was talking
about a specific species, that species would be
projected to inform others in the room.

Discussion (1 h) � Time was put aside to discuss the workshop and
answer stakeholder questions and share scientific
knowledge on the subject of species diets.

Stage 3: post-workshop
Network analysis � Stakeholder information was incorporated into the ecosystem models diet matrix. Comparisons were made

between model statistics with and without stakeholder’s additions.
Follow-up workshop � Final results and the value of FK were presented back to participants during WKIrish 5 via an oral presentation.

Research briefs were also produced for stakeholders to convey the research undertaken from 2017 to 2018.

Using fishers’ experiential and inherited knowledge to better understand the predator–prey interactions of commercial species in the Irish Sea.
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section), that a large range of parameters could be tested to reflect

data uncertainty in model outputs.

Assessing the impact of FK on food web structure and
function
To quantify the impact of incorporating FK into the Irish Sea

food web model, we calculated a suite of ecological network

analysis (ENA) indicators both before and after changes were

made. ENA indices are capable of identifying the impact of stress

and disturbance on ecosystem status and trophic conditions

(Dame and Christian, 2007). There is therefore a sense that ENA

indices can be used for ecosystem and fisheries management

(Longo et al., 2015; Raoux et al., 2019). Whilst efforts are under-

way to establish the most appropriate indicators to assess

ecosystem status (Borrett et al., 2018; Schückel et al., 2018), the

development of methods to perform sensitivity and uncertainty

analysis for ENA is essential to make stronger inferences regard-

ing network thresholds (Borrett et al., 2016) and the differences

between networks (Hines et al., 2018). Eight indicators were used

(Table 3), four of which [total system throughput (TSTp), aver-

age path length (APL), Finn’s cycling index (FCI), and Shannon

based flow diversity (H)—see Table 2 for definitions] have re-

cently been proposed as key indicators for food web assessment

for management advice (Schückel et al., 2018; Fath et al., 2019;

Safi et al., 2019). The selected indicators explore the impact of in-

corporating FK on ecosystem structure and function [TST, APL,

FCI, indirect flow intensity (IFI), H], on species importance in

the food web [trophic level (TL) and relative trophic impact

(RTI)], and on pairwise dependencies [mixed trophic impact

(MTI)].

Calculating indicators and uncertainty in Ecopath
TL and RTI were calculated using the Ecopath software

(Christensen et al., 2008). The inbuilt Monte Carlo routine

(Kennedy and O’hagan, 2001; Heymans et al., 2016) was used to

generate 500 permutations of (i) the original Ecopath model

without FK and (2) the modified version of the original model

with FK using the “pedigree” based confidence intervals assigned

to the diets of each functional group (Table 2). Model iterations

were stored using the EcoSampler plugin (Steenbeek et al., 2018).

Estimates of TL and RTI were extracted for the calculation of

95% confidence intervals.

Calculating indicators and uncertainty using enaR
The remaining indicators (TST, APL, FCI, IFI, H, and MTI) were

calculated in RStudio (version 1.0.153) (RStudioTeam, 2015) us-

ing recent advances in uncertainty analyses for ENA which facili-

tate the estimation of data-based flow uncertainty (Hines et al.,

2018; Bentley, Hines, et al., 2019). Following the methodology of

Bentley, Hines, et al. (2019), the Irish Sea food web models, both

with and without FK, were transformed into network objects us-

ing the “network” package (version 1.14-377) (Butts, 2008) for

analysis with the “enaR” package (version 3.0.0) (Borrett and

Lau, 2014). Each network edge (energy flows, exports, and respi-

rations) was assigned an upper and lower limit calculated using

the 95% confidence intervals for prey contribution to predator

diet from the DAPSTOM records.

Limits were assigned to each network flow using the

enaUncertainty function from the enaR package (Lau et al.,

2017). This function uses a linear inverse modelling (LIM) algo-

rithm from the limSolve package (version 1.5.5.3) (Soetaert et al.,

2009; Van Den Meersche et al., 2009) in combination with Monte

Carlo sampling to generate a plausible set of network permuta-

tions. For flows which were not taken from DAPSTOM, where no

dietary uncertainty data were available (i.e. FK and interactions

from literature), symmetric upper and lower network parameter

limits were set at 625% of the balanced models estimates as, after

testing limits from 60 to 6100% uncertainty, this was found to

be the point at which the effect of uncertainty in these edges was

maximized (i.e. further increases in uncertainty generated a pre-

dictable and symmetrical melt of indicator distributions).

Overall, 10 000 balanced network permutations were generated

for the Irish Sea model without FK, and another 10 000 for the

model with FK. All permutations had edge values that fell within

Table 2. Confidence intervals assigned to predator diets within
Ecopath.

Functional group

Confidence intervals

Without FK With FK

1 Toothed whales 0.5 0.5
2 Minke whales 0.5 0.5
3 Seals 0.5 0.8
4 Seabirds (high discard diet) 0.5 0.8
5 Seabirds (low discard diet) 0.5 0.8
6 Sharks 0.1 0.8
7 Rays 0.1 0.8
8 Adult cod 0.1 0.1
9 Juvenile cod 0.1 0.1
10 Adult whiting 0.1 0.8
11 Juvenile whiting 0.1 0.1
12 Adult haddock 0.1 0.1
13 Juvenile haddock 0.1 0.1
14 Adult plaice 0.1 0.8
15 Juvenile plaice 0.1 0.8
16 Common sole 0.1 0.1
17 Flatfish 0.1 0.1
18 Monkfish 0.1 0.8
19 European hake 0.1 0.8
20 Sandeels 0.1 0.1
21 Gurnards and dragonets 0.1 0.1
22 Other demersal fish 0.1 0.1
23 Other benthopelagic fish 0.1 0.1
24 Atlantic herring 0.1 0.1
25 European sprat 0.1 0.1
26 Other pelagic fish 0.1 0.1
27 Anadromous fish 0.1 0.1
28 Lobsters and large crabs 0.5 0.5
29 Norway lobster 0.5 0.8
30 Shrimp 0.5 0.5
31 Cephalopods 0.5 0.5
32 Scallops 0.5 0.5
33 Epifauna 0.5 0.5
34 Infauna 0.5 0.5
35 Gelatinous zooplankton 0.5 0.5
36 Large zooplankton 0.5 0.5
37 Small zooplankton 0.5 0.5
38 Seaweed 0.5 0.5
39 Phytoplankton 0.5 0.5

Diets taken from local stomach data were assigned low confidence intervals
of 0.1, diets taken from literature were assigned confidence intervals of 0.5.
Diets altered by FK were assigned higher confidence intervals of 0.8.
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the assigned upper and lower limits and were therefore considered

equally plausible. Indicators were calculated for each network per-

mutation to produce indicator distributions for each model.

Indicators were compared to and without FK to identify whether FK

significantly impacted their distributions. We defined the impact of

FK to be significant if there was no overlap between the 95% confi-

dence intervals for indicator distributions (Hines et al., 2018).

Following the calculation of indicator distributions, we applied

a secondary uncertainty analysis. Unlike the primary uncertainty

analysis which explored whether network metrics were different

given the assigned uncertainty to network edges, here we ac-

knowledged that the original networks (without and with FK)

were not identical, and therefore question how much (or little)

edge uncertainty was necessary to obscure the differences between

networks. Questioning the level of uncertainty at which differen-

ces between network objects become apparent strengthens

conclusions from comparative assessments (Hines et al., 2016).

In this study, we conducted comparisons using the uncertainty

proportions assigned to each edge and an uncertainty scalar,

as introduced by Hines et al. (2018). The scalar is a proportion

of the assumed uncertainty, ranging from 0.03 to 0.1, where the

original assumed uncertainty is equal to 1. Upper and lower un-

certainty limits were calculated as:

lower ¼ Oij � ððOij � LijÞ � Uncertainty scalarÞ

upper ¼ Oij þ ððUij � OijÞ � Uncertainty scalarÞ;

where Oij is the original edge value between groups i and j, Lij is

the lower edge limit and Uij is the upper edge limit. Calculating

upper and lower edges independently facilitates the calculation of

asymmetric uncertainty for edges with asymmetric upper and

lower limits. The range of 0.03–0.1 was selected as at this level of

uncertainty we began to see differences between indicators with

and without FK. We did not test above 0.1 as significant differen-

ces were obscured beyond this point. This window will likely

be different for each model comparison.

Results
Fishers’ knowledge
Fishers identified a total of 80 predator–prey interactions involv-

ing rays, cod, haddock, whiting, plaice, or Norway lobster

(Figure 2, Table 4). Of these, 50 were already included in the Irish

Sea EwE model without FK, thus fishers identified 30 new

linkages. The addition of these new predator–prey interactions

increased the number of edges in the food web network from 479

Table 3. List of food web indicators used to compare the Irish Sea food web model with and without FK.

Food web
indicator Equation Indicator description References

TL TLi ¼ 1þ
P

jðTLj � DCijÞ TLi signifies the position group i occupies within the food
web, where TLj is the fractional TL of prey j and DCij is
the fraction of j in the diet of i.

Odum and Heald (1975) and Christensen
et al. (2008)

RTI ðeiÞ
ei ¼

ffiffiffiffiffiffiffiffiffiffiffiffiPn
j 6¼i

m2
ij

s
RTI (ei) is calculated for group i using their estimated

pairwise MTIs (mij ), taking into consideration that mij

can be positive or negative to calculate an overall effect
on the food web.

Libralato et al. (2006)

TSTp TSTp ¼
P
ðInternal flowsþ

External flowsÞ
TSTp is a measure of the amount of material moving

through a system and is seen as an indicator of system
size and activity.

Rutledge et al. (1976), Ulanowicz (1980,
1997, 1986), and Borrett and Lau (2014)

APL APL ¼ TSTP
Inputs

APL is a measure of the retention time of material within
the system and is expected to be higher in systems
with high degrees of flow diversity and cycling
(Christensen, 1995). It also characterizes the amount of
activity that the system organization can generate for
each unit of input into the system, and is therefore
similar to the multiplier effect in economics.

Samuelson and Scott (1967), Finn (1976),
Christensen (1995), and Borrett and Lau
(2014)

FCI FCI ¼ Cycled flow
TST Cycled flow is defined as material that is recycled before

exiting the network. FCI therefore indicates the
retention time of material within a system and can be
used to interpret ecosystem stability and health.

Finn (1976), Baird and Ulanowicz (1993),
Vasconcellos et al. (1997), and Borrett
and Lau (2014)

IFI IFI ¼ Indirect flow
TST IFI characterizes the indirect effects within a system, which

can be critical components of complex adaptive
systems that can act as a stabilizing force in the face of
external perturbations

Borrett et al. (2006) and Borrett and Lau
(2014)

H H ¼ �1
Pn
i�1

pi log ðpiÞ This Shannon entropy-based metric of total flow diversity
captures the effects of both richness (the length of the
vector, n) and the evenness of the distribution. In this
application pi is the proportion of group i relative to
the total number of groups.

MacArthur (1955) and Borrett and Lau
(2014)

MTI qij � gij � hji MTI quantifies the net impact (qijÞ of a network
compartment on another as the difference between
the positive impact the prey has on the predator (gijÞ
minus the negative impact the predator has on its
prey (hjiÞ.

Ulanowicz and Puccia (1990) and Borrett
and Lau (2014)
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to 509. New predators were identified for rays, cod, haddock,

whiting, plaice, and Norway lobster. Notably, monkfish (Lophius

piscatorius) was identified as a predator on rays, cod, whiting, and

haddock. Within functional group predation was identified for

rays and Norway lobster and discard consumption was identified

for rays, whiting, and plaice. Despite multiple prey being sug-

gested for cod and haddock, no new prey items were identified

reflecting the opportunistic diet of these species, as indicated also

by DAPSTOM data used for “without FK” model construction.

Including FK altered the diet profile for rays the most, with five

new prey items being identified (not including within-group pre-

dation). FK also proved valuable in providing insights into new

interactions between commercial species and marine mammals

and seabirds, including the consumption of rays and Norway lob-

ster by seals and the consumption of juvenile plaice by seabirds.

Overall, 14% of the flows in the model were modified to accom-

modate FK (Table 4).

Changes to species-level indicators
The addition of FK had small impacts on the TLs of the func-

tional groups (Figure 3). Small declines were generated in the

baseline TLs of seals, rays, adult whiting, juvenile plaice, and adult

plaice, whereas the TL of monkfish increased. Only the TLs of ju-

venile and adult plaice were significantly altered by incorporating

FK, where the 95% confidence intervals from plausible models

were used to make statistical comparisons.

RTI identifies groups which have the largest effects on the food

web. The groups with the highest RTI with and without FK were

epifauna, zooplankton, and phytoplankton. In the model without

FK, adult cod also had a high RTI, however fishers’ additions sig-

nificantly reduced this, as well as the RTI of toothed whales and

adult plaice. The RTI for adult whiting and European hake in-

creased in the model with FK. RTI for the remaining groups

showed a lack of significant difference between the model with

FK vs. the model without FK.

Changes to ecosystem-level indicators
Sets of 10 000 plausible models were generated for the Irish Sea

Ecopath models with and without FK. These sets were used to

produce distributions of ENA metrics for comparative assess-

ment. The 95% ranges of all the network metrics overlapped so

no significant differences were observed between the metrics esti-

mated with and without FK (Figure 4).

Uncertainty sensitivity analysis highlighted how little data vari-

ability was needed to reveal significant differences between indi-

cator estimates from the model without FK vs. the model with

FK. Differences in the distributions of FCI, IFI, and H were ob-

served between the two models when the uncertainty ranges

Beam trawls

Flatfish

Phytoplankton
Discards

Infauna Scallops

Epifauna

Lobsters and large crabs

Nephrops

Dredge

Pots

Pelagic nets
Other gear

Nephrops trawl

Otter trawls

Gill nets

Shrimp

Cephalopods

Other pelagic fish
Atlantic herring

European sprat

European hake

Other demersal fish

Monkfish

Adult cod

Juvenile cod

Sandeels

Common sole

Other benthopelagic fish

Gurnards and dragonets

Anadromous fish

Small zooplankton

Large zooplankton

Gelatinous zooplankton

Seabirds (high discard diet)

Seabirds (low discard diet)

Minke whales

Seals

Toothed whales

Adult whiting

Juvenile whiting

Adult haddock

Juvenile haddock

Juvenile plaice

Adult plaice

Sharks

Rays

5

4

3

2

1 Seaweed Detritus

level cihporT

Figure 2. Energy flow and biomass diagram for the Irish Sea Ecopath food web model. Functional groups (black) and fleets (orange) are
represented by nodes. The relative size of nodes for functional groups denotes their biomass in the ecosystem, whereas the relative size of
nodes for fishing fleets represents catch volume. Lines represent the flow of energy and the y-axis denotes group trophic level. Thin grey
lines=interactions included based on scientific data, thick (red) lines¼new interactions from fishers’ knowledge, thick dashed (blue)
lines¼interactions from fishers’ knowledge which were already in the model. See online for color version.
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around predator–prey interactions were below 4–5% of their

original uncertainty. For TSTp and APL), significant differences

were not observed above 3% of the original uncertainty.

Changes to pairwise species dependencies
The MTI routine was used to explore how a small increase in the

biomass of any functional group impacted the biomass of the

other groups. The routine was applied to each of the 10 000

model iterations with and without FK to calculate the plausible

MTI ranges and visualize the impact of including FK. An average

MTI matrix was created for the model with FK using the 10 000

iterations (Figure 5). Increases in the biomasses of lower TLs, no-

tably phytoplankton, had the largest positive impacts on the bio-

masses of other functional groups, whereas increases in the

biomasses of higher trophic groups negatively impacted their

prey species, such as the impact of adult cod on haddock.

Cannibalistic functional groups negatively impacted themselves.

MTI values are relative and comparable between groups,

therefore cumulative MTIs were calculated for each functional

group to explore their average impact on other groups as well as

the average impact of other groups on them. The full range of

MTI values were utilized from the 10 000 models to provide

95% confidence intervals around the cumulative MTIs

(Figure 5). Increases in the biomasses of phytoplankton, epi-

fauna, infauna, zooplankton, and detritus had positive cumula-

tive impacts on the system biomass. Sandeels, herring, sprat

(Sprattus sprattus), and other pelagic fish also positively im-

pacted the systems biomass, with predominantly positive MTI

ranges. Sharks, rays, cod, and whiting showed largely negative

MTI ranges, suggesting that increases in their biomass would,

on average, negatively impact other groups. When looking at

the impacted functional groups we find that the average cumu-

lative MTI tends to increase with increasing TL. Discards and

detritus also show positive responses to increases in system

biomass.
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Figure 3. Trophic Level (TL) and Relative Total Importance (RTI; Libralato et al, 2006) network metrics,ranked highest to lowest, before and
after the addition of new predator-prey links suggested by fishers’. Bars indicate baseline Ecopath estimates of all living functional groups of
the two models (without vs. with fishers’ knowledge (FK)) and error bars indicate 95% confidence intervals calculated using a Monte Carlo
approach. Stars indicate significant differences between metrics with and without fishers’ knowledge. * Seabirds 1 ¼ high discard diet;
Seabirds 2 ¼ low discard diet.
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(a) (b)

Figure 4. (a) Probability density plots showing the distribution of TSTp, APL, FCI, IFI and H in the Irish Sea networks using data guided
uncertainty. Network metrics were calculated before and after fisher’s knowledge (FK) was incorporated into the models diet matrix. Vertical
lines indicate original metrics of the two baseline models. (b) Asymmetric uncertainty analysis showing the uncertainty necessary to obscure
the differences between network metrics with and without fishers’ knowledge using scalar asymmetric uncertainty ranging from 3–10%. See
Table 3 for indicator definitions.
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To investigate the impact of FK on the MTI routine, we com-

pared the distributions of plausible MTI values between models

sets with and without FK (Figure 6). The greatest changes in MTI

distributions were seen for the group interactions which included

one of the six species altered by FK. On average, the percentage

overlap for distributions of MTI values for the six species targeted

by FK was reduced by 30% with the addition of FK. However, the

indirect consequences of these changes propagated through the

food web, with the average percentage overlap for distributions of

MTI values for all other groups being reduced by 18% after the ad-

dition of FK. Overall, 168 of the MTI distributions from the model

with FK shared <50% overlap with the distributions from the

model without FK. Of these 168 interactions, 67 shared <95%

overlap with estimates prior to the addition of FK, and were there-

fore significantly altered. Adult plaice, rays, and discards showed

the largest changes in the ways they impacted other groups whereas

adult plaice, rays, Norway lobster, and hake experienced the largest

changes in the ways they were impacted by other groups.

Discussion
A number of new food web interactions was identified and added

to the Irish Sea Ecopath model through a co-production of

0.0

0.1

0.2

0.3

M
TI

Impacting group

To
ot

he
d 

w
ha

le
s

M
in

ke
 w

ha
le

s
Se

al
s

Se
ab

ird
sH

Se
ab

ird
sL

Sh
ar

ks
R

ay
s

Ad
ul

t c
od

Ju
ve

ni
le

 c
od

Ad
ul

t w
hi

tin
g

Ju
ve

ni
le

 w
hi

tin
g

Ad
ul

t h
ad

do
ck

Ju
ve

ni
le

 h
ad

do
ck

Ad
ul

t p
la

ic
e

Ju
ve

ni
le

 p
la

ic
e

C
om

m
on

 s
ol

e
Fl

at
fis

h
M

on
kf

is
h

Eu
ro

pe
an

 h
ak

e
Sa

nd
ee

ls
G

ur
na

rd
s

D
em

er
sa

l f
is

h
Be

nt
ho

pe
la

gi
c 

fis
h

H
er

rin
g

Sp
ra

t
Pe

la
gi

c 
fis

h
An

ad
ro

m
ou

s 
fis

h
Lo

bs
te

rs
 a

nd
 c

ra
bs

N
ep

hr
op

s
Sh

rim
p

C
ep

ha
lo

po
ds

Sc
al

lo
ps

Ep
ifa

un
a

In
fa

un
a

G
el

at
in

ou
s 

zo
op

.
La

rg
e 

zo
op

.
Sm

al
l z

oo
p.

Se
aw

ee
d

Ph
yt

op
la

nk
to

n
D

is
ca

rd
s

D
et

rit
us

Impacted group
−0.2
0.0
0.2
0.4
0.6

MTI

−0.02 0.00 0.02 0.04 0.06

MTI

Detritus
Discards
Phytoplankton
Seaweed
Small zoop.
Large zoop.
Gelatinous zoop.
Infauna
Epifauna
Scallops
Cephalopods
Shrimp
Nephrops
Lobsters and crabs
Anadromous fish
Pelagic fish
Sprat
Herring
Benthopelagic fish
Demersal fish
Gurnards
Sandeels
European hake
Monkfish
Flatfish
Common sole
Juvenile plaice
Adult plaice
Juvenile haddock
Adult haddock
Juvenile whiting
Adult whiting
Juvenile cod
Adult cod
Rays
Sharks
SeabirdsL
SeabirdsH
Seals
Minke whales
Toothed whales

Figure 5. Mixed trophic impact (MTI) analysis for the Irish Sea food web co-created by scientists and stakeholders. Values in the MTI matrix
represent the average impacts across 10,000 model iterations. Bars highlight the average cumulative MTI’s for each group, showing how they
impact the food web and how they are impacted by the food web. Error bars show the 95% confidence intervals for cumulative impacts
based on the 10,000 models produced.
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knowledge approach. The difficulty in assigning qualitative informa-

tion to a quantitative model was addressed through LIM uncer-

tainty analysis (Hines et al., 2018) and the assignment of large

confidence intervals (Christensen et al., 2008) to diets which in-

cluded FK. Whilst this introduced more uncertainty into the diet

matrix, we consider it preferable to address larger uncertainty ranges

than to omit trophic interactions. If interactions are not included in

the Ecopath model, they will not be incorporated into further spa-

tial and temporal extensions so that model scenarios intended to in-

form management will not be able to replicate these interactions.

Fishers’ have been shown on multiple occasions to have a de-

tailed and accurate understanding of the diets of the species they

frequently observe and process (Silvano and Begossi, 2010, 2012;

Ramires et al., 2015; Bevilacqua et al., 2016). Our study revealed

good agreement between FK and the available data, as 63% of

fishers suggested predator–prey interactions were already in-

cluded in the model. Having information from FK and scientific

knowledge in agreement aids to validate and reinforce both sour-

ces of information. It also encourages greater confidence in the

new interactions put forward by fishers’, which have implications

for model outputs used to inform fisheries and ecosystem man-

agement and enhance fishers’ uptake of management measures

based on these models. FK is therefore a valid, yet underutilized,

source of information which could be used to improve fisheries
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Figure 6. Impact of fishers’ knowledge on mixed trophic impact (MTI) analyses. Proportional overlaps were calculated between MTI
distributions with and without fishers’ knowledge. The direction of distribution shifts were defined as positive (þ) or negative (�). Bars
highlight the average overlap for each impacted and impacting group. Values towards zero indicate large differences in MTI estimates with
the inclusion of fishers’ knowledge.
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management (Stephenson et al., 2016). However, factors such as

fishers’ experience, the degree to which they work spatially, the

times of year they fish, education levels, and the trust between

fishers and scientists will impact the knowledge held and shared

(Johannes et al., 2000; Hind, 2014; Baigún, 2015). Therefore trust

and relationship building is a necessary pre-cursor to a successful

co-production process (Djenontin and Meadow, 2018).

Food web indicators
Given the levels of uncertainty assumed as plausible, we were un-

able to detect significant differences in ecosystem-level indicators

when comparing models before and after the addition of FK. The

high overlap in ecosystem-level metrics is not entirely surprising

given the relatively small amount of changes FK made to the net-

work structure. We further investigated the level of uncertainty at

which statistically meaningful differences would become appar-

ent. Our findings indicate that even at 10% of the original uncer-

tainty there would still be considerable overlap in most of the

system-level metrics, strengthening the conclusion that the differ-

ences are negligible. When using only 4–5% of the original uncer-

tainty, H, FCI, and IFI) were significantly different with FK. This

brings to attention the importance of the data range being used

to accurately determine differences. When comparing two sepa-

rate ecosystems, or an ecosystem changing over time, using lim-

ited data to establish uncertainty bounds may lead to Type 1

errors, i.e. the perception of a genuine difference when there is

not one. The opposite is also true, where too much assigned un-

certainty can lead to Type 2 errors, i.e. the perception of no dif-

ference when there is one. Sensitivity analyses, such as the

example provided here, should therefore be further developed

and used to check ENA results, considering available data, to

make more informed conclusions. Furthermore, indicators are

also sensitive to network structure and topology, making it diffi-

cult to compare indicators from models with different structures

(i.e. one which account for a microbial loop against one which

does not) (Bentley, Hines, et al., 2019). Developing methods to

address these sensitivities represents is a vital step in the matura-

tion of ENA as we consider applying it more broadly for environ-

mental management.

Detritus (dissolved and particulate organic carbon) and lower

trophic organisms, such as primary producers, invertebrates, and

the microbial loop, have been identified as the dominant/struc-

tural components of numerous ecosystems globally (Libralato

et al., 2006; Pavés and González, 2008; Heymans et al., 2014;

Ulanowicz et al., 2014; D’alelio et al., 2016). Our findings indicate

that the Irish Sea is consistent with this trend. Indicator analysis

highlighted zooplankton, phytoplankton and epifauna as the food

web components with the greatest relative total impact (RTI).

Adding FK had no impact on the high importance of lower tro-

phic-level organisms, however, the addition of FK altered the TL

of adult and juvenile plaice and the importance of toothed

whales, adult cod, adult whiting, adult plaice, and hake. TLs of

functional groups are determined by the TLs of their prey (Odum

and Heald, 1975). Fishers’ advised that plaice eat Norway lobster

as discards only, as they do not find that they consume whole

Norway lobster, often just the heads, which are discarded at sea

during processing. As discards is a detrital group, this alteration

significantly lowered the TL of plaice in the Irish Sea. This also

drew attention to the importance of cautiously assigning stomach

record data, as records do not always differentiate between

primary consumption and scavenging. Collaboration between

fishers and scientists to create conceptual food webs therefore im-

proved the credibility of the ecosystem model, reinforcing the

idea that early involvement of stakeholders is a crucial first step

for the effective co-development of participatory research

(Djenontin and Meadow, 2018).

Incorporating FK changed the diet of adult whiting and hake

and significantly increased their RTI (Figure 3), increasing their

impact and importance within the system. Conversely, FK-based

changes reduced the impact that a change in the biomass of adult

cod, adult plaice, rays, and toothed whales had on other food web

components. The modelled change in the importance of toothed

whales is a consequence of declines in the importance of their

prey species (i.e. cod and plaice).

The largest changes which occurred as a consequence of incor-

porating FK into the Irish Sea EwE model were to the nature of

pairwise group interactions. The MTI routine is a useful tool to

quantify and visualize the combined direct and indirect impacts

that an increase in any of the functional groups is predicted to

have on all other groups (Ulanowicz and Puccia, 1990). Adding

fishers’ information to the model changed the MTI results for all

functional group interactions. Most changes were insignificant

due to the high overlap between MTI indicators with and without

FK, however 67 of the MTI distributions from the model with FK

shared <5% of the parameter space estimated by the model with-

out FK. These changes were important as they primarily altered

the MTI information of the commercial components of the food

web. The role of adult plaice in the food web was changed dra-

matically due to its increased consumption of discards and re-

duced TL. Monkfish and hake became more ferocious predators

in the model with FK, experiencing greater biomass increases in

response to small increases in the biomasses of cod, whiting, and

haddock, whilst small increases in the biomasses of monkfish and

hake are estimated to have a more negative impact on the bio-

masses of cod, whiting, and haddock. As the MTI analysis is often

used for identifying keystone species (Libralato et al., 2006), the

addition of FK might change the perception of keystone species

in an ecosystem This information helps us to better understand

how the impacts of stressors such as fishing or climate change,

which directly impact one or multiple food web components,

could be indirectly propagated throughout the ecosystem. FK

therefore led to network changes which will influence pairwise

advice derived from the model to support ecosystem-based man-

agement and policy.

Impact of FK on the modelled role of discards
One area where FK can be used to inform policy is the role of

fisheries discards in the food web. Previous analysis without FK

highlighted the importance of discards as a controlling group

over seabirds, crabs and lobsters, and Norway lobster in 10 000

network parameterizations (Bentley, Hines, et al., 2019). By add-

ing FK, the impact of discards on plaice, whiting, and rays signifi-

cantly increased. The model developed through a co-production

approach suggests that the EU landing obligation (European

Union, 2013) which requires all catches of regulated commercial

species to be landed, thus reducing discards, may have trophic

implications for a wider range of functional groups than previ-

ously thought. However, it is challenging to identify how signifi-

cant this impact would be, as none of these functional groups

solely depend on discards (Heath et al., 2014; Depestele et al.,
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2019). Nevertheless, this alteration demonstrates the capacity of

participatory research to reveal unforeseen impacts of anthropo-

genic and environmental change.

FK: localized benefits and global discourse
Transdisciplinary approaches and co-design are now being called

for at both the scientific and policy level (EMB, 2019). The posi-

tive impacts of scientific research are likely to be strengthened by

engaging stakeholders in its design, development, and delivery

and by providing feedback on the impact and value of their con-

tribution (Johannes et al., 2000; Reed, 2008; Mackinson et al.,

2011; Djenontin and Meadow, 2018). ICES is at the forefront in

providing scientific advice on European fisheries and therefore is

in an ideal position to develop and promote such participatory

research and guide its integration into management (Mackinson

et al., 2011).

Focusing on the localized benefits of the WKIrish experience,

the co-production of knowledge approach improved the rigor of

the Irish Sea model and provided an opportunity to test and de-

velop new methodologies to forward the field of research

(Bentley, Serpetti, et al., 2019; Pedreschi et al., 2019). From a

stakeholder perspective, inclusion of their information influenced

the structure of the model, which increased their buy-in and en-

gagement with the process, and continue to guide the direction of

future collaboration and research objectives (ICES, 2018b).

Fishers’ recommended that researchers prioritize ecosystem

modelling in the future, with the desire to better understand (i)

the roles of food web components not currently under manage-

ment, (ii) the impact of area closures on commercial stocks and

the ecosystem, and (iii) how best to maximize the sustainability

of fisheries and socio-economic benefits.

In the context of the global scientific discourse, experts expect

that stakeholder participation in research will become fundamen-

tal for the delivery of credible and more readily usable results to

support and legitimize management (Stephenson et al., 2016;

Raymond-Yakoubian et al., 2017; EMB, 2019). For this to succeed

we need to provide standards and frameworks from which to de-

velop our participatory approach. WKIrish serves as an example

of successful participatory research which is en-route to incorpo-

rate co-produced ecosystem information into ICES fisheries ad-

vice (ICES, 2018b). Through WKIrish, FK was used to feed into

studies on species diets, historical fishing effort (Bentley, Serpetti,

et al., 2019), and integrated ecosystem assessments (Pedreschi

et al., 2019). However, through the methodologies established

here and in other co-production studies, FK could be used to

feed into studies on temporal and spatial abundances

(Macdonald et al., 2014), population dynamics (Decelles et al.,

2017), and socio-economic dynamics (Scholz et al., 2004), to in-

form different management processess and policy dimensions.

We list below the lessons from WKIrish which we believe were

key to the positive co-production experience and will be useful

for the wider FK and co-production discourse:

� The research was initially requested by the fishing industry and

linked to impending changes in the policy advice for Irish Sea

fisheries, establishing immediate stakeholder buy-in and re-

search engagement.

� Working relationships and trust between stakeholders and sci-

entists were established prior to WKIrish. Harnessing pre-

existing relationships facilitated open discussions and negated

the often-combated issue of mistrust.

� Stakeholders participated at all stages of WKIrish, including

definition of the problem, development of the benchmark

structure, data collection, data analysis, testing results, and

knowledge dissemination.

� Knowledge was shared, not harvested, and time was taken to

reach mutual understandings by combining multiple knowl-

edge sources from stakeholders in an open and informal

forum.

� Results and the value of stakeholder contributions were dis-

seminated back to stakeholders via presentations and printed

research briefs (summaries) to overcome the inaccessibility of

primary scientific information.

Study limitations
There are two main limitations to this study. First, from the dis-

cussion with fishers, only six species, in a food web model with 41

compartments, were considered and respective trophic interac-

tions modified. Furthermore, 63% of interactions identified by

fishers were already included in the model without FK. Whilst

more a reality than a limitation, this limited the scope to observe

any impact of FK on whole system indicators (TST, FCI,

APL, IFI, H) was therefore limited as these indicators are prod-

ucts of all the flows of energy throughout the system, of which

only 14% were modified. In addition, system indicators tend to

be more critically influenced by the few strong links with big en-

ergy flows, such as those between primary producers and lower

TLs, than they are by the relatively small and diverse energy flows

at higher TLs which were altered by FK (Ulanowicz et al., 2014).

Yet as this was an exercise in co-production, the path taken

remains preferable for the development of a food web model us-

ing the best available knowledge. To ask fishers to define diets for

species they were unfamiliar with would have been counterpro-

ductive for the models rigor and stakeholder buy-in, reducing the

models credibility as a tool for the production of ecosystem

information.

Second, fishers provided qualitative information which was

quantified in the model based on the values already assembled

from scientific data. This approach ensured the model remained

mass-balanced (i.e. demands on functional group did not exceed

their production) and provided an environment within which

qualitative diet information could be readily quantified relative to

other parameters in the model such as species biomass, consump-

tion rates, and production rates. However, by not quantifying FK

independently of scientific knowledge, the plausible inputs for

fishers’ new additions were restrained by scientific data. Again,

whilst this limited the scope of impact of FK on food web indica-

tors, this approach provided a means to co-create knowledge us-

ing qualitative FK within the boundaries of the available

quantified scientific knowledge.

Conclusion
Work is on-going towards the practical application of the co-

created Irish Sea model as a tool to provide ecosystem informa-

tion to support resource management. Through ICES groups

WKIrish, WKEWIEA (Operational EwE models to inform IEAs),

and WGEAWESS (Ecosystem Assessment of Western European

Shelf Seas), protocols are being developed to assess the quality of

EwE models and identify data products which can be integrated
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into ecosystem assessments and fisheries advice. For example,

WKIrish are developing methods to incorporate ecosystem infor-

mation as an additional factor to consider when selecting a fish-

ing pressure from the FMSY ranges (ICES, 2018b). FMSY is the

fishing mortality consistent with achieving Maximum Sustainable

Yield, which ICES provides to fisheries managers as an adaptable

range between FMSYupper and FMSYlower. If a species is being

negatively impacted by ecosystem or food web dynamics (i.e. low

system productivity or high natural mortality), then managers

may be advised to apply an FMSY at the lower end of the range to

minimize the cumulative impact their actions may have on the

system, and vice versa.

WKIrish has been key to increasing the interest of stakeholders

in the continued development of an ecosystem modelling capacity

for the Irish Sea. By disseminating results back to fishers’, we

were able to demonstrate the visible impact and value of their

knowledge and together build a road map for future collaboration

(ICES, 2018b). Based on our experience, we can recommend that

the approach taken by WKIrish should be considered for other

ICES regions, and by other organizations which hold a similar

position of influence. Not only have we learned more about the

ecosystem, but through stakeholder buy-in, the process has

strengthened relationships between fishers’ and scientists and

serves as a positive example of the co-production approach.
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Fisher’s knowledge offers a valuable source of information to run parallel to observed data and fill gaps in our scientific knowledge. In this study
we demonstrate how fishers’ knowledge of historical fishing effort was incorporated into an Ecopath with Ecosim (EwE) model of the Irish Sea to
fill the significant gap in scientific knowledge prior to 2003. The Irish Sea model was fitted and results compared using fishing effort time-series
based on: (i) scientific knowledge, (ii) fishers’ knowledge, (iii) adjusted fishers’ knowledge, and (iv) a combination of (i) and (iii), termed “hybrid
knowledge.” The hybrid model produced the best overall statistical fit, capturing the biomass trends of commercially important stocks.
Importantly, the hybrid model also replicated the increase in landings of groups such as “crabs & lobsters” and “epifauna” which were poorly sim-
ulated in scenario (i). Incorporating environmental drivers and adjusting vulnerabilities in the foraging arena further improved model fit, there-
fore the model shows that both fishing and the environment have historically influenced trends in finfish and shellfish stocks in the Irish Sea.
The co-production of knowledge approach used here improved the accuracy of model simulations and may prove fundamental for developing
ecosystem-based management advice in a global context.

Keywords: Bayesian, climate change, co-production of knowledge, Ecopath, Ecosim, fishing effort, Irish Sea

Introduction
Considerable progress has been, and continues to be made to-

wards the integration of fishers’ knowledge into science and man-

agement (Stephenson et al., 2016). In developing countries, it is

not uncommon for fishers’ knowledge to be the primary source

of information for fisheries management (Johannes, 1998;

Johannes et al., 2000), as it embodies a continuum of information

moulded by personal and generational experience (Mackinson

et al., 2011). Fishers have valuable knowledge relating to stock

sizes (Eddy et al., 2010), habitat preferences (Bergmann et al.,

2004), fish behaviour (Moreno et al., 2007), dietary preferences

(Drew, 2005), and fishing effort (McCluskey and Lewison, 2008)

due to their dependence on local resources. Furthermore, the dia-

logue required to capture fishers’ knowledge can be effective in

strengthening credibility, collaboration, and trust between fisher-

ies stakeholders, scientists, and managers as well as leading to a

more complete understanding of the ecosystem for all parties

(Mackinson, 2001; Mackinson et al., 2011; Stephenson et al.,

2016). Recent trends for co-production of knowledge in environ-

mental sciences go one-step further in involving stakeholders

throughout the scientific to policy advice process. This means

that the incorporation of knowledge becomes genuine knowledge

sharing, rather than simply harvesting of an additional data

source (Meadow et al., 2015; Wall et al., 2017; Djenontin and

Meadow, 2018).

This integrated knowledge type, co-generated through appropri-

ately designed participatory processes, is reflective of the emerging

application of “post-normal” science (Colloff et al., 2017; Ainscough

et al., 2018). “Normal science,” which is expert led and excludes the

extended peer community, is often inefficient for informing real

world decisions (Funtowicz and Ravetz, 1993). Fisheries science and

policy is inherently uncertain, with high stakes and socioeconomic
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consequences that influence data interpretation. It is therefore neces-

sary to include a range of stakeholders to legitimize scientific direc-

tion and outputs so that they may more readily inform policy and

management and improve credibility. A co-production approach to

knowledge generation offers an inclusive forum to share information

and trigger positive social and ecological action (Armitage et al.,

2011). Co-production moves away from expert built analytical

framework’s, which may fail to capture local knowledge (Djenontin

and Meadow, 2018). It also increases the degree to which researchers

and stakeholders interact (Dilling and Lemos, 2011), improving the

alignment of research to stakeholder needs (Shirk et al., 2012) and

also improving stakeholders’ understanding of the “scientific”

approach.

One area which may benefit from a co-production of knowl-

edge approach is ecosystem modelling. Ecosystem models lend

themselves to ecological education and elucidation. By their na-

ture, they are capable of bringing to life ecosystem scenarios far

too complex to observe or measure in situ. However, the parame-

terization of ecosystem models is demanding; scientific knowl-

edge alone is often too limited to fully realize a model’s potential.

A “post-normal” approach to ecosystem modelling may therefore

be beneficial for both modellers and stakeholders. As of yet, few

ecosystem models have incorporated fishers’ knowledge into their

parameterization although examples do exist for northern British

Columbia (Ainsworth and Pitcher, 2005) and the Brazilian north-

east coast (Bevilacqua et al., 2016). These examples gathered fish-

ers’ knowledge using interview style approaches and used the

information to parameterize biological attributes for functional

groups and to reconstruct historical stock biomass time series.

In 2015, the first International Council for the Exploration of the

Sea (ICES) Integrated Benchmark Assessment for the Irish Sea

(WKIrish) was established with dual aims of improving the single-

species stock assessments and working towards integrated ecosystem

assessment and advice (ICES, 2015a). WKIrish identified Ecopath

with Ecosim (EwE) as a potential approach for investigating the

drivers underpinning the dynamics of finfish in the Irish Sea (ICES,

2015a). EwE is a suite of software for modelling food webs

(Christensen et al., 2008). Ecopath is used to set up a mass-balanced

representation of the food web in a reference year and can be used

to quantify the flows of energy within an ecosystem (Polovina,

1984). Ecosim is then used to reconstruct the food web dynamics

over time since the reference year. Ecosim thus requires time-series

to drive the simulation. These time-series are typically fishing effort

(or mortality) plus potential environmental drivers.

When building the Irish Sea EwE model, we were only able to

find fishing effort data back to 2003 for a number of gear types

(pots, gill nets, long-lines, pelagic nets, dredge). However, com-

mercial stock assessment based estimates of biomass are available

back to 1973. It is in instances such as these that fishers’ knowl-

edge has been championed as a valuable additional source of in-

formation (Mackinson and Nottestad, 1998; Johannes et al.,

2000). The incorporation of such knowledge into ecosystem

models can complement scientific data, provide new insight into

system structure and function and increase their reliability and

uptake (Bevilacqua et al., 2016). During benchmark workshops

for WKIrish, fishers were therefore invited to share their knowl-

edge of historic Irish Sea fishing effort to fill the gaps in the scien-

tific data (ICES, 2018b). To avoid one-directional data

harvesting, the results from this study were shared with stake-

holders at a follow-up WKIrish event, where a roadmap was de-

veloped for future research and collaboration.

Parameterization of EwE models is vulnerable to input uncer-

tainty because of the amount of information required for each

functional group (Gal et al., 2014). Recognizing this, Monte Carlo

approaches (Kennedy and O’Hagan, 2001) can be used to generate

a range of plausible inputs (Heymans et al., 2016; Bentley et al.,

2018). Production of the corresponding range of model outputs

allows modellers and end-users to make stronger ecological infer-

ences from the results (De La Vega et al., 2018). In this study, we

demonstrate how fishers’ knowledge on historical fishing effort

was incorporated into the Irish Sea EwE model, taking account of

uncertainty around this input. The overall aim was to investigate

whether incorporating fishers’ knowledge would increase the ca-

pacity of the model to simulate historic biomass and catch trends,

and therefore better understand the drivers of ecosystem change

in the Irish Sea. To the best of our knowledge, the work presented

here describes the first study to use a co-production of knowledge

approach to parameterize a marine ecosystem model.

Methods
Study system
The EwE model of the Irish Sea covers ICES division VIIa, an

area of �58 000 km�2 (Figure 1). Since the 1970s, the status of

the commercial fish and shellfish stocks in the Irish Sea has

changed dramatically (Kelly et al., 2006). As elsewhere in the

North Atlantic, many of the Irish Sea finfish stocks have been his-

torically subject to high levels of fishing mortality leading to re-

duced spawning stock biomasses (SSBs) and truncated age

structures (Brander, 1981, ICES, 2015a, 2016). For example, by

the late 1990s, the Irish Sea Atlantic cod (Gadus morhua) stock

had declined to the point of collapse and a recovery plan was in-

troduced (Anon\., 2000; ICES, 2001). This plan relied upon land-

ing quota reductions, temporary closure of spawning grounds,

and the introduction of technical gear regulations (ICES, 2003).

However, despite large reductions in the fishing effort of the bot-

tom trawl and seine fleet, cod SSB declined by 68% from 2003 to

2009. Up until 2010, estimates of fishing mortality remained

above Flim (limit reference point for fishing mortality) despite re-

ducing fishing mortality being the main aim of the management

plan. Cod spawning grounds were also closed during the spawn-

ing season but with exceptions (derogations) for Nephrops

trawlers and certain beam trawls. However, both of these fisheries

have bycatches of cod, whiting (Merlangius merlangus), and had-

dock (Melanogrammus aeglefinus) (ICES, 2016). Although a lack

of discard data during the years of the cod recovery plan pre-

vented an analysis of the impact of these derogated fisheries, it is

likely that cod recovery was hindered (Kelly et al., 2006).

WKIrish has updated discard and mortality parameters (ICES,

2016) and revised the age-structured assessments resulting in a

re-evaluation of the SSB of Irish Sea cod to be above Blim (limit

reference point for SSB) since 2016. Herring (Clupea harengus),

haddock and plaice (Pleuronectes platessa) SSBs are estimated to

be well above MSY Btrigger (value of SSB that triggers a specific

management action), SSB for sole (Solea solea) is also increasing

but whiting remains well below Blim (ICES, 2017, 2018a)

(Supplementary Figure S1).

Ecopath model
Ecopath (version 6.6 beta) was used to construct a model of the

Irish Sea Ecosystem representative of 1973 (Bentley et al., 2018).

The modelled food web includes 41 functional groups, ranging

2 J. W. Bentley et al.
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from detritus and plankton to seabirds and mammals, with a

well-defined fish component (Supplementary Table S1).

Functional groups are connected through predator–prey linkages

(Supplementary Figure S2). A few important commercial species:

cod, whiting, haddock, and plaice were split into adult and juve-

nile stages to better represent the ontogenetic differences in their

physiology and diets (Christensen and Walters, 2004, Bentley

et al., 2018). The model’s diet matrix was constructed using infor-

mation held in DAPSTOM (integrated DAtabase and Portal for

fish STOMach records) (Pinnegar, 2014) for fish functional

groups, and from scientific literature for the mammal, seabird,

and invertebrate groups. We followed recommended best practice

methods (Heymans et al., 2016) and ecological rules of thumb

(Link, 2010) to ensure that ecological realism was maintained in

the models structure and function. The Irish Sea model includes

eight fishing fleets (beam trawl, otter trawl, Nephrops trawl, pe-

lagic nets, gill nets, pots, dredge, and longlines) which reflect

those deemed most important by fishers (ICES, 2018b). Landings

and discards for 1973 were allocated to fleets using data from

ICES and the Scientific, Technical and Economic Committee for

Fisheries (STECF, 2018). For an in-depth description of the

methods and parameters used to build the Irish Sea Ecopath

model, see Bentley et al. (2018).

Ecosim model
Ecosim uses initial parameters inherited from the base Ecopath

model to simulate food web dynamics over time (Christensen

and Walters, 2004; Christensen et al., 2008). The Ecosim model

of the Irish Sea runs from 1973 to 2014—the last year for which

landings data were available at the time of model construction.

To affect a change in the biomass and catch trends of functional

groups over time, the model requires time-series of drivers, such

as fishing effort, fishing mortality, or environmental change.

Ideally, each fishing fleet will have its own effort time series but

available series covering the full temporal extent of the model

were only available for three of the eight fleets: beam trawl, otter

trawl, and Nephrops trawl. Data for beam and otter trawls were

taken from the Celtic Seas working group (ICES, 2015b), for the

Nephrops trawls, the effort trend was taken from Coughlan et al.

(2015) who reconstructed the trend based on catch per unit effort

(CPUE). Effort data [kilowatt (KW) days] for the remaining fleets

(pelagic nets, gill nets, pots, dredge, and longlines) were available

from 2003 onwards through STECF (STECF, 2018). Ecosim uses

fishing effort as a relative measure, with effort in the baseline year

being equal to 1 and subsequent years reflecting the proportional

change. Ecosim therefore requires effort time series from the

baseline year, meaning that the available data would limit the

model simulation capacity to the trends of functional groups

caught by the beam, otter and Nephrops vessels. As part of

WKIrish, stakeholders were therefore asked to reconstruct his-

toric fishing effort trends through a co-production of knowledge

approach.

Fishers knowledge
WKIrish stakeholder workshops (WKIrish4) were held in Dun

Laoghaire, Ireland, on the 23–27 October 2017 and in Kilkeel,

Northern Ireland, on the 8 December 2017 (ICES, 2018b). The

first meeting was attended by nine industry stakeholders, an

NGO representative, and a recreational fisherman, the second by

12 industry stakeholders. The stakeholders were invited via their

Figure 1. Map of (a) Ireland and the British Isles showing (b) the extent of the model area for the Irish Sea EwE model (hatched area).

Using fishers’ knowledge to drive food web simulations 3

D
ow

nloaded from
 https://academ

ic.oup.com
/icesjm

s/advance-article-abstract/doi/10.1093/icesjm
s/fsz003/5304545 by U

niversity of the H
ighlands and Islands user on 31 January 2019

https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsz003#supplementary-data
https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsz003#supplementary-data


Producer Organisations (POs). There was no specific selection,

however, the POs were asked to invite those fishers who would

have knowledge of the fisheries of interest back to 1973. This

meant that they were in an age bracket between 45 and 65 years

old, with between 30 and 40 years of experience. Several were also

sons of fishermen and could convey the knowledge of their prede-

cessors. Each industry stakeholder had worked with, or had

knowledge of most of the different gear types, therefore each ef-

fort trend was reconstructed as a group exercise. The group in-

cluded mainly representatives from Ireland, with one person each

from Northern Ireland and mainland UK. The knowledge co-

production process is illustrated in Figure 2. The process was in-

formed by the guidance given in the GAP2 “Oral Histories Tool,”

http://gap2.eu/methodological-toolbox/oral-histories/.

Fishers were shown the STECF data on a graph and asked to

fill in the 1973–2003 gaps in information to the best of their

knowledge. Fishers were asked to perceive fishing effort as a fleets

“killing power,” avoiding the potential inclination to link effort

to factors such as number of vessels or time at sea which may be

misrepresentative of fishing effort in KW days. The actual process

involved fishers describing changes in the fishing effort as a narra-

tive, the chairman then made a tentative interpretation of that on

the graphs pictured in Figure 2. The fishers would then agree or

disagree, and the graphed trend altered as they directed until a

consensus was arrived at. Every effort was taken to avoid leading

the fishers’ views in any particular direction, the role of the chair-

man was simply to interpret what they had said on the graphs.

Fishers’ trends were incorporated into the Ecosim model during

the workshop and preliminary results were shared to provide im-

mediate feedback and enhance the fishers’ experience of ecosys-

tem models in action (ICES, 2018b).

The second workshop was held in Kilkeel, Northern Ireland 1

month after the first workshop. This was attended by 12 fishers,

with a similar age and experience profile. The main focus of this

workshop was on the pelagic effort trends, as this metier in the

Irish Sea is mainly operated from this port. The Kilkeel fishers

were also shown the other effort trends from the first workshops

and asked if they agreed with these, which they did. Many of these

fishers would have also worked in the other Irish Sea demersal

and Nephrops fisheries.

Adjusted fishers’ knowledge
During preliminary data testing, the addition of fishers’ percep-

tions of historical fishing effort to the model caused numerous

functional groups to collapse. This outcome could be due either

to incorrect model parameterization (i.e. the initial catches in

Ecopath being too high), or overestimation of the historical

changes in fishing effort. The initial catches in Ecopath are taken

from official landings reports, and whilst there may be errors in

the data reported, altering the model inputs would require

assumptions that could not be justified without additional evi-

dence. We therefore proceeded under the assumption that the

trends fishers provided were more accurate than the magnitude

of change over time.

Bayes’ Theorem was used to estimate adjusted fishers’ efforts

(posterior probability distribution) as a consequence of the ability

of unadjusted fishers’ efforts (prior probability distribution) to

simulate observed trends (likelihood function). Posterior proba-

bility distributions are an alternative to p-values and provide a di-

rect measure of the degree of belief that can be placed on

parameter estimates (Ellison, 2004). The process designed for this

study has been conceptually illustrated in Figure 3.

Fishers’ trends were transformed into probability distributions,

spanning 699% of the fishers’ baseline estimate based on the

largest deviation between scientific and fishers’ effort magnitudes.

Effort magnitude changes resulting in trends which fell below

zero were excluded. Biomass and catch trends were simulated for

Figure 2. Methodology for the construction of historic fishing effort trends for the Irish Sea using fishers’ experiential and inherited
knowledge.
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10 000 random magnitude combinations (Supplementary Figure

S3) using Multi-Sim (Steenbeek et al., 2016). Multi-Sim is an

Ecosim plugin which automatically perturbs environmental and

anthropogenic drivers (in this case fishing effort) and collates

Ecosim results. The sum of squared deviations (SSs) between sim-

ulated and observed biomass and catch trends were used to esti-

mate the posterior distribution of fishers’ efforts. We

implemented a cyclic approach, using posterior distributions as

prior distributions for the following cycle, until the overall SS was

minimized.

Ecosim scenarios, inputs, and model fitting
The Irish Sea Ecosim model was parameterized using four types

of fishing effort information: (i) scientific knowledge only, (ii)

fishers’ knowledge only, (iii) adjusted fishers’ knowledge only,

and (iv) hybrid knowledge—which was a combination of (i) and

(iii). Each scenario used fishing effort and/or mortality time series

to drive fisheries catch (Table 1).

Biomass time series were taken from ICES stock assessments

or working group reports where available. For functional groups

without dedicated stock assessments, biomass estimates were

taken from trawl data available through ICES Database of Trawl

Surveys (DATRAS; ICES, 2018c). Catch time series were taken

from ICES landing statistics (ICES, 2018d), stock assessments,

and working group reports. Whilst catch time series were entered

into the model as absolute values, biomass was added as “relative

biomass,” where the software takes the ratio of “observed” to esti-

mated value for the years where there are observations and esti-

mates a scaling factor. Observations are then scaled and plotted

on top on the estimated values. Whilst initial observed and esti-

mated biomass values may not align, model simulations should

follow the general trends of observed data. This method was used

as a number of time series do not represent absolute values but

provide relative trends, such as indicators of plankton biomass,

DATRAS survey estimates with uncertain catchability rates, and

an index in individuals for Nephrops norvegicus.

Temperature functional responses were incorporated into all

models (Supplementary Text S1) following the methodologies

outlined in recent studies which have used Ecosim to simulate

the impact of ocean warming (Bentley et al., 2017; Serpetti et al.,

2017; Corrales et al., 2018). Gaussian functional responses to tem-

perature change were designed using temperature tolerance

ranges taken from AquaMaps (Kaschner et al., 2016)

(Supplementary Figure S4). These responses impact the con-

sumption rates of predators in response to changes in Irish Sea

depth integrated temperature (�C) from 1973 to 2014

(Supplementary Figure S5). Temperature functional responses

were incorporated into the model prior to the Bayesian effort

magnitude search.

After the addition of fishing and temperature drivers, model

simulations were fitted against observed data using an automated

stepwise fitting plugin (Scott et al., 2016). The automated fitting

constructed a series of model iterations to determine which com-

bination of parameters [estimated vulnerabilities and/or primary

production (PP) anomaly-described below] provided the best sta-

tistical fit for model simulations against observed data, as deter-

mined by sum of squares and Akaike’s Information Criterion for

small sample sizes (AICc) (Akaike, 1974; Burnham and

Anderson, 2003). The stepwise fitting estimated up to 54 parame-

ters given that a total of 55 calibration time series were provided

(29 biomass, 26 catch). Estimating one parameter less than time

series provided ensured statistical strength was maintained (Scott

et al., 2016). The fitting procedure was carried out for each model

scenario, and for each scenario the iteration with the lowest AICc

was selected as the best fit model.

Ecosim uses the foraging arena theory (Ahrens et al., 2012) to

quantify “vulnerabilities,” which represent the degree to which a

change in predator biomass will impact predation mortality for a

given prey (Supplementary Text S1). Vulnerabilities can be ad-

justed in the software interface by applying multipliers to the rate

with which a prey moves between being vulnerable and not-

vulnerable (Christensen and Walters, 2004). Multipliers can range

from one to infinity with two as the default. Vulnerabilities with

multipliers greater than two indicate top-down control, where

predator biomass drives prey mortality, whereas vulnerabilities

with multipliers between one and two suggest bottom-up control,

where even large increases in predator biomass cause only a lim-

ited increase in the consumption rate of that predator on the

given prey, therefore the biomass of the prey regulates predator

consumption (Christensen and Walters, 2004; Heymans et al.,

2016). Environmental drivers and climate variability indices

which impact the dynamics of the marine ecosystem, but are not

explicitly incorporated into the model, may be captured by esti-

mating an anomaly function for the production rate of primary

producers. In the Irish Sea model this function was applied to the

phytoplankton functional group. When estimating the anomaly,

we set the maximum number of spline points to five as large scale

climatic drivers have multidecadal trends, therefore only one

spline point (or change in direction) was required per decade in

Ecosim.

The impact of input parameter uncertainty on model predic-

tions was then addressed using the Monte Carlo approach

(Kennedy and O’Hagan, 2001). Basic input parameters were

assigned data pedigree confidence intervals based on data origin

(Supplementary Table S2). For basic input parameters that had

data-based uncertainty, confidence intervals were assigned to re-

flect the plausible range of parameter estimates. One thousand

mass-balanced models were produced for each scenario using the

EcoSampler plugin (Steenbeek et al., 2018) and 95% confidence

intervals were calculated from model outputs.

Results
Fishers effort trends
Fishers provided effort trends for beam trawl, otter trawl,

Nephrops trawl, pelagic net, gill net, pot, dredge, and longline

fleets (Figure 4). Trends were designed using a co-production ap-

proach and therefore, in most cases, a single trend was provided

for each fleet, however in cases where opinions conflicted, multiple

trends were taken for an individual fleet (ICES, 2018b). Fishers ef-

fort trends span the 1973–2003 knowledge gap, however during the

second workshop in Kilkeel, fishers also estimated trends from 2003

to 2014 for otter trawl and pelagic net fishing effort. Fishers’ effort

trends for beam trawl, otter trawl, Nephrops trawl, and pelagic nets

showed general agreement with observed trends (Figure 4).

For beam trawls, fishers felt effort had increased up till 2000

but had then declined. The overall trends for this gear were in

good agreement with available scientific data. For otter trawls

fishers proposed two trends, version 1 increased from 1985 to

1990, declining after 1995, whereas version 2 dramatically de-

clined from 1975 to 1995 and plateaued from there. The otter
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Figure 3. Conceptual diagram of the Bayesian inference cycle designed to optimize the magnitude of fishers’ efforts to reduce the sum of SSs
between observed and predicted biomass and catch time series for functional groups in the Irish Sea EwE model.
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trend for version 2 shows greater similarity to scientific data

(Figure 4a). For Nephrops trawls, fishers suggested effort had in-

creased up until the early 1990s and slowly declined to present

day. This trend shows good agreement with scientific data

(Figure 4a). Fishers provided two trends for pelagic nets

(Figure 4a). Effort in version 1 drastically declined in the early

1980s and increased in the late 1980s/early 1990s. From 1995 on,

fishers felt effort had declined. This trend showed decent agree-

ment with the fishing mortality (F) of herring in the Irish Sea.

Version 2 of fishers’ pelagic net trend showed poor agreement

with scientific data, increasing from 1980 to 1990 and then de-

clining in the early 2000s. No scientific data was available to com-

pare against fishers’ trends for gill net, dredge, longline, or

potting fishing effort. For gill nets, fishers felt effort had increased

in the mid-1980s but then declined from the mid-1990s onwards

(Figure 4b). Fishers suggested potting effort to have continuously

increased since 1990, slowly at first but much more rapidly from

1995 onwards. For dredge effort, fishers felt effort had decreased

rapidly during the early 1990s. Fishers explained how longline ef-

fort had increased since 1980, with a large increase around 2000.

Whilst the trends are consistent between scientific data and

fishers’ effort time series, the magnitude of change for beam, otter

and Nephrops trawls are much larger according to fishers’ knowl-

edge (Figure 4).

Adjusted fishers’ effort trends
In total, 40 000 combinations of fishers’ efforts with altered mag-

nitudes were tested to identify which combination minimized the

model’s SS pre-fitting. This equated to four loops (10 000 combi-

nations each) of the Bayesian inference cycle depicted in Figure 3.

After the first loop, Nephrops trawl effort was restricted to a

smaller magnitude range (�65 to �99%). At the end of the sec-

ond loop the effort range for Nephrops trawl was further reduced

(�82 to �99%) with the addition of a beam trawl restriction

(�78 to �99%). After the third loop the effort of Nephrops (�95

to �99%), beam (�94 to �99%), and otter (�6 to �99%) trawls

were all limited to lower magnitudes. After the fourth run, the

95% distribution of efforts from the top 500 models overlapped

with the 95% distributions of the worst 500 models, therefore we

could no longer subdivide effort ranges with confidence.

Fleets with multiple effort trends were selected evenly to ensure

the randomly generated combinations were not biased towards

certain trend versions. Overall, 82% of the 500 combinations with

the lowest SS used beam trawl version 2, 91% used otter trawl

version 2, and 96% used pelagic net version 1. There was there-

fore a clear statistical preference for these trends over their

counterparts.

The lowest SS produced by the first 10 000 iterations was

58 716. With range restrictions, the lowest SS dropped to 6330 af-

ter the second loop, 3562 after the third loop and a minimum of

2947 after the fourth and final loop. The magnitude changes for

the lowest SS were as follows: beam trawl version 2: �96%; otter

trawl version 2: �61%; Nephrops trawl: �99%; pelagic nets ver-

sion 1: þ13%; gill nets: �70%; pots: þ43%; dredge: þ23%; long-

lines: �24% (Figure 5). These effort trends were used for the

adjusted fishers’ effort Ecosim scenario.

Ecosim scenario results
Simulations were produced using the fishing effort scenarios de-

tailed in Table 1 above. Simulated biomass and catch trends were

fitted to time series via the adjustment of predator vulnerabilities

and a PP anomaly applied to phytoplankton. For each data sce-

nario the best fitting model was identified by the lowest AICc.

Scenario 1: scientific knowledge
Using scientific information, a best fit model was produced with

an AICc of �592 and an SS of 1039. Of the 1039 SS, 308 can be at-

tributed to biomass predictions and 731 to catch. Biomass predic-

tions for commercial stocks (cod, whiting, haddock, plaice, sole,

herring, and Nephrops) tended to follow the trajectories of ob-

served data (Figure 6). However, this scenario failed to capture the

observed catch dynamics for functional groups which were not pri-

marily driven by any of the incorporated effort or F time-series.

For example, the steep catch increase in “lobsters and large crabs”

and “epifauna” was not replicated, resulting in high SS contribu-

tions from these groups (Figure 7). The epifauna functional group

includes commercially caught species such as common whelk

(Buccinum undatum), European edible sea urchin (Echinus esculen-

tus), common mussel (Mytilus edulis), and velvet swimming crab

(Necora puber) among others (Bentley et al., 2018).

Monte Carlo analysis highlighted the uncertainty in model

predictions based on the potential range of input parameters

(Figures 6 and 7). Uncertainty ranges show that input alterations

were unable to improve the fit of catch predictions lacking fishing

drivers.

The best-fit model estimated 37 vulnerabilities (15 top-down,

22 bottom-up) (Supplementary Table S3) and a PP anomaly with

three spline points (Figure 8). The estimated PP function signifi-

cantly negatively correlated with the North Atlantic Oscillation

index (NAO) (Hurrell, 1995), the Atlantic Multidecadal

Oscillation (AMO) (Edwards, Beaugrand, et al., 2013), and depth

integrated temperature (Supplementary Figure S6).

Scenario 2: fishers’ knowledge
Using fishers’ knowledge resulted in a best fit model with an AICc

of 5768 and a much higher SS of 25 299 (biomass ¼ 11 545,

Table 1. Fishing time series (effort and mortality) used to drive four
Irish Sea Ecosim scenarios: (i) scientific knowledge only (S1), (ii)
fishers knowledge only (S2), (iii) adjusted fishers knowledge only
(S3), and (iv) hybrid knowledge (S4).

S1 S2 S3 S4

Fleet fishing effort
Beam trawl a

Otter trawl a

Nephrops trawl a

Pelagic nets – a a

Gill nets – a a

Pots – a a

Dredge – a a

Long line – a a

Group fishing mortality
European plaice – –
Common sole – –
Flatfish – –
Atlantic herring – – –
European sprat – –

Dark shading, scientific knowledge; Light shading, Fishers knowledge.
aDenotes adjusted fishers time series.
–Denotes the absence of a driver.
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Figure 4. Fishing effort trends for fleets in the Irish Sea. (a) Gear types with observed data from 1973 to 2014 in comparison to fishers’ effort
trends; (b) Fishers’ effort trends for gear types which do not have observed data for 1973–2014. For numerous fishers’ effort trends, fishers’
filled only the 1973–2003 knowledge gap, therefore dashed lines indicate observed effort from the Scientific, Technical, and Economic
Committee for Fisheries (STECF, 2018). Observed data for beam and otter trawls were taken from the Celtic Seas working group (ICES,
2015b), for the Nephrops trawls, the effort trend was taken from Coughlan et al. (2015) who reconstructed the trend based on CPUE. Fishers
trends for pelagic net effort are compared to the relative instantaneous fishing mortality of herring in the Irish Sea, calculated as catch/biomass.
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catch ¼ 13 754). Biomasses of commercially important stocks

plummeted under the efforts suggested by fishers. However, the

addition of effort trends for fleets previously lacking, resulted in

more accurate catch dynamics for epifauna (Table 2). The overall

unstable state of the ecosystem model with these drivers resulted

in large MC uncertainties.

The best-fit model estimated 32 vulnerabilities (9 top-down,

23 bottom-up) and a PP anomaly with five spline points. The PP

anomaly did not correlate with depth integrated temperature,

however it did correlate with the NAO and AMO. In this case

the correlation was positive, with PP increasing from the start of

the time series (Figure 8). This likely represents the models at-

tempt to “revive” collapsed functional groups via bottom-up

mechanisms.

Scenario 3: adjusted fishers’ knowledge
The use of the previously described adjusted fishers’ efforts im-

proved the fit of model predictions in comparison to the unad-

justed fishers’ efforts. The AICc of the best fit model was 591 with

a SS of 1661: 355 of the SS was attributed to biomass and 1306

came from catch predictions. Biomass predictions for commercial

stocks tended to generally follow observed data, with predictions

for cod, haddock, and herring achieving greater fits compared to

those produced using scientific knowledge (Figure 6). However,

the biomass fit worsened for plaice, sole, whiting, and Nephrops.

Catch predictions were much improved for lobsters and large

crabs, epifauna, herring, and shrimp (Figure 7, Table 2).

Uncertainty ranges were more conservative than unadjusted

fishers’ trends and tended to resemble uncertainty scales

Figure 5. Fishers effort trends for fleets in the Irish Sea. Trends are surrounded by 699% magnitude shifted trends. The dashed lines signify
the combination of trends best able to reduce the models sum of SSs and were used in the final model.
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Figure 6. Biomass trends for the commercially important stocks in the Irish Sea EwE model. Solid lines indicate model predictions and dots
represent scaled observational data. Predictions are surrounded by 95% confidence intervals calculated using a Monte Carlo approach,
generating 1000 models within the range of plausible input estimates. Model simulations presented were generated using three sources of
fishing effort data: (i) Scientific knowledge, (ii) adjusted fishers’ knowledge, (iv) hybrid knowledge.
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obtained using scientific knowledge, suggesting greater model

stability.

Using adjusted fishers’ effort, the best fit model included 35

vulnerabilities (12 top-down, 22 bottom-up) and a PP anomaly

with three spline points. As in scenario 1, the PP function signifi-

cantly negatively correlated with the NAO, AMO, and depth inte-

grated temperature (Figure 8, Supplementary Figure S5).

Scenario 4: hybrid knowledge
The hybrid knowledge scenario used both scientific and fishers’

knowledge to retain the strengths of scenarios 1 and 3 whilst dis-

counting their weaknesses. The scientific scenario produced a bet-

ter model fit than the adjusted fishers’ scenario (Table 2).

However, adjusted fishers’ drivers produced superior fits for the

biomass trends of rays, cod, juvenile whiting, haddock, juvenile

plaice, and herring. Catch fits were also improved for adult whit-

ing, lobsters and large crabs, Nephrops, shrimp and epifauna under

adjusted fishers’ efforts. The combination of fishers’ and scientific

knowledge produced the best-obtained catch fits for 76% of func-

tional groups and the best biomass fits for 55% (Table 2).

By combining scientific knowledge with fishers’ knowledge,

the best-fit model achieved an AICc of �1451 and a SS of 842

(biomass SS ¼ 278; catch SS ¼ 564). The hybrid knowledge sce-

nario was therefore the best fitting scenario tested. Biomass pre-

dictions were improved for all commercial stocks with the

exception of whiting (Figure 6). Catch predictions remained well

fitted for groups such as epifauna and lobsters and crabs whilst

the fit of other groups (such as cod and Nephrops) improved

with the annual variability of the data-based effort trends

(Figure 7).

Figure 7. Catch trends for a selection of functional groups in the Irish Sea EwE model. Solid lines indicate model predictions and dots
represent observed data. Predictions are surrounded by 95% confidence intervals calculated using a Monte Carlo approach, generating 1000
models within the range of plausible input estimates. Model simulations presented were generated using three sources of fishing effort data:
(i) Scientific knowledge, (ii) adjusted fishers’ knowledge, (iv) hybrid knowledge.
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Model uncertainty ranges were less dynamic than previous sce-

narios, suggesting an increased confidence in model results in

light of the plausible input parameter distributions.

The best fitting hybrid model was obtained with 36 vulnerabil-

ities (8 top-down, 28 bottom-up) and a PP anomaly with four

spline points. The PP anomaly produced by this scenario also sig-

nificantly negatively correlated with the NAO, AMO, and depth

integrated temperature (Figure 8, Supplementary Figure S6).

Discussion
This study shows the usefulness of the co-production process.

The WKIrish workshops relied entirely upon listening to fishers

and learning from their experience and knowledge. The process

was relatively informal, unrestrained, and care was taken not to

impose any preconceived ideas, following the GAP2 project

guidelines. With the light guidance of a chairperson, fishers pri-

marily determined the direction and flow of the meetings, taking

time to discuss questions, whilst the scientists recorded the infor-

mation needed for the model. The scientific interpretations of

what the fishers had said were then presented back to them and

modified if it did not reflect what they agreed, thus iterating on a

consensus.

A general review of the co-production process points to the

importance of trust building between researchers and stakehold-

ers as a necessary pre-cursor to successful collaboration

(Djenontin and Meadow, 2018). In this specific case, the initial

impetus for the work came from the stakeholders via the EU

North Western Waters Advisory Committee (NWWAC) showing

an early engagement. The first workshop in Dun Laoghaire was

co-chaired by a PO representative, nominated by the NWWAC.

The second, in Kilkeel, was organized by another PO representa-

tive and member of the NWWAC. This gave a solid foundation

for the mutual trust that was an essential part of the workshops,

which themselves further cemented that trust. However, poorly

managed attempts to harvest stakeholders’ knowledge can lead to

further resentment and alienation towards the research commu-

nity. The “ethics” of knowledge co-production thus needs careful

consideration so that stakeholders actually benefit, and feel that

they are benefitting, from sharing their knowledge (Marshall

et al., 2017).

One of the issues with the co-production approach was the

creation of multiple trend versions for the beam trawl, otter trawl,

and pelagic nets fleets. This was, in part, due to changes in the

people contributing to these trend evaluations. Whilst the

Bayesian approach was designed to choose a preferred trend on

the basis of statistical fit, it is also important to explore why these

different trends were produced. Reconstructed effort trajectories

were very similar for the beam trawl fleet, however large differen-

ces were observed in the fishers’ effort trends for otter trawl and

pelagic nets. The difference in the otter trawl effort projections is

most likely because, in 1973, the differences between the otter

fleet (TR1, targeting whitefish) and the Nephrops fleet (TR2, tar-

geting Nephrops) did not really exist. Much the same gear was

used in both fisheries. The distinction then evolved over some

years. Recent analyses have treated the fleets as differentiated into

TR1 and TR2 to capture the change and these designations were

used in the model. Version 1 of the otter trend seems to capture

the effort of TR1 and TR2 combined, whereas version 2 recog-

nized the switch between TR1 and TR2, noting the decrease in

TR1 effort in alignment with the increase in TR2 effort. It is this

switch which makes version 2 more statistically viable as a trend

to drive the landings of whitefish in the model. Versions 1 and 2

of the pelagic effort shared a similar peak in effort between 1990

and 2000, however they have different perspectives of effort in

1973. The pelagic fishery would be predominantly for herring.

Version 1, produced by fishers at the Dun Laoghaire meeting,

starts with high effort and then decreases to the mid-1980s.

Version 2, designed by semi-pelagic fishers at the Kilkeel meeting,

starts with low effort and then increases. The semi-pelagic vessels

would fish both herring and demersal fish. It is likely that the

Kilkeel trend reflects the specific effort of the Northern Irish

semi-pelagic fleet in isolation, whereas the Dun Laoghaire trend,

reconstructed by fishers from multiple fleets, captures the overall

pelagic effort in the Irish Sea. The 1973–1980 effort proposed in

Figure 8. Primary production anomalies for Irish Sea Ecosim models using different fishing effort knowledge types. The Inverse North
Atlantic Oscillation trend has been rescaled to the magnitude of the hybrid knowledge trend.
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Dun Laoghaire followed the Irish herring fishery dynamics de-

scribed in Molloy (2006), where upwards of 30 boats participated

in the fishery during its peak period in the early 1970s, yet de-

clined to two or three boats in the 1980s after the price of herring

dropped and the fleet lost interest.

The fishing effort trends fishers provided showed good agree-

ment with scientific estimates for vessels using beam trawl, otter

trawl, Nephrops trawl, and pelagic gears. However, when incorpo-

rated into the Irish Sea Ecosim model they caused multiple stock

collapses. The Bayesian approach suggested that fishers’ percep-

tions of historical changes in Nephrops trawl, beam trawl, and ot-

ter trawl effort were too high. The reasons behind this are

uncertain but it may be the effort terminology used during the

workshops led to overestimation of fishing effort, or the percep-

tions may actually reflect the magnitudes of change as apparent

to fishers. It cannot be ruled out that errors in the Ecopath model

and not the fishers’ effort trends, may have led to incompatibili-

ties between fishers’ trends and the model. However, this is diffi-

cult to address as the models catch parameterization was

grounded in the best available data, and therefore ad hoc altera-

tions seem unjustifiable.

The overall best fitting Irish Sea model used a combination of

effort drivers based on both fishers’ and scientific knowledge (sce-

nario 4). This hybrid model retained the annual dynamics

obtained using scientific effort trends but gained the ability to ac-

count for the observed landings of groups caught by gears that

were under-represented by scientific knowledge, namely potting,

dredging, long lines, pelagic nets, and gillnets. Whilst the dynam-

ics of the main commercial finfish stocks were relatively well

reproduced using scientific knowledge only (scenario 1), incorpo-

rating fishers’ knowledge into the hybrid scheme improved the

models capacity to recreate the dynamics of functional groups

Table 2. Sum of SS contributions from each functional group in the Irish Sea Ecosim model under four fishing effort parameterizations: S1)
scientific knowledge, S2) fishers’ knowledge, S3) adjusted fishers’ knowledge, and S4) hybrid knowledge.

Biomass Catch

Group name S1 S2 S3 S4 S1 S2 S3 S4

Toothed whales 0.37a 3.61 1.16 0.84 – – – –
Minke whales 1.32a 1.78 1.34 1.57 – – – –
Seabirds (high discard diet) 1.8 0.59a 18.59 3.17 – – – –
Seabirds (low discard diet) 2.14 1.06a 9.72 1.76 – – – –
Sharks 2.82a 73.94 4.57 10.51 57.11 298.15 67.95 34.48a

Rays 4.53 9.1 3.19 1.79a 9.4 64.43 18.39 7.54a

Atlantic cod 2þ 9.1 5590.53 8.39 6.41a 10.93 4652.9 12.74 8.03a

Atlantic cod 1 15.14 5086.42 9.99 6.83a 20.1 4471.99 27.81 16.06a

Whiting 2þ 13.71a 20.17 25.45 16.81 94.38 74.84 75.43 52.08a

Whiting 1 11.44 25.72 6.36a 8.54 18.09a 145.8 39.8 51.12
Haddock 2þ 3.56 11.91 2.52 2.08a 9.63a 63.03 42.84 29.63
Haddock 1 37.71 42.54 30.55a 38.77 34.64a 55.09 56.34 55.28
European plaice 2þ 2.53 57.01 27.01 1.97a 12.71 105.8 13.46 5.46a

European plaice 1 68.11 114.4 62.52 50a 63.6 287.08 101.96 42.66a

Common sole 7.2 24.94 11.71 4.95a 11.55 62.6 19.42 7.38a

Flatfish 1.08 2.21 1.13 1.03a 10.08 536.42 23.1 3.12a

Monkfish 7.94 7.33 10.46 6.33a 20.43 60.11 34.67 14.08a

European hake 17.2 144.63 21.74 15.73a 28.73 460.76 35.07 12.29a

Sandeels 14 9.39a 12.39 9.97 – – – –
Gurnards and dragonets 0.5 0.34 0.28 0.27a 2.73a 259.88 19.95 22.2
Other demersal fish 6.06 7.48 7.14 6.13a 19.96 136.33 58.05 13.37a

Other benthopelagic fish 4.74 1.7a 6.83 21.92 11.6a 324.21 39.52 17.77
Atlantic herring 26.19 81.44 8.05 5.15a 13.24 107.62 24.27 10.13a

European sprat 9.99 4.01a 18.64 6.4 14.94 525.17 291.18 10.27a

Other pelagic fish – – – – 69.61 315.77 103.12 68.78a

Lobsters and large crabs – – – – 56.74 135.2 19.35 8.41a

Nephrops 0.11 13.31 0.12 0.09a 7.66 122.12 7.49 2.68a

Shrimp – – – – 22.24 153.76 16.61 15.07a

Cephalopods – – – – 26.19 174.42 48.97 25.89a

Scallops – – – – 12.7a 75.75 91.12 19.47
Epifauna – – – – 71.98 45.95 17.58 10.8a

Gelatinous zooplankton 3.45 2.21 2.5 1.6a – – – –
Large zooplankton 11.51 63.84 9.71a 22 – – – –
Small zooplankton 10.96 109.73 5.48 4.17a – – – –
Phytoplankton 12.3a 33.24 26.96 21.45 – – – –
Sum 307.5 11544.6 354.5 278.2a 731.0 13754.2 1306.2 564.1a

Percentage of best fit 17.2% 17.2% 10.3% 55.2% 23.1% 0.0% 0.0% 76.9%

SS was calculated by comparing model biomass and catch predictions to observed data where available. The table includes the total SS (sum) and percentage
of best-fits obtained for each parameterization.
aDenotes the best biomass and catch fit obtained for each functional group.
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such as lobsters and crabs. This is particularly important given

that the catches of these groups have increased markedly in the

Irish Sea since the 1990s.

The variables selected in the hybrid model included fishing

effort, a PP anomaly, and a combination of top-down and

bottom-up vulnerabilities. Ideally it would have been preferable

to simultaneously search for vulnerabilities, PP anomalies, and

fishing effort magnitudes to find the optimal combination and

better understand the uncertainty in the final fishing effort

magnitudes. However, this is currently not technically possible

but may be possible in future versions if a plugin was to be de-

veloped to automate the process. Therefore at present, optimiz-

ing for fishing effort magnitudes prior to searching for

vulnerabilities and anomalies is the best option available. It can

be argued that the vulnerabilities from the scientific model

could be used when searching for optimal fishing magnitudes,

however, the vulnerabilities and anomalies estimated will aim

to compensate for the constant fishing effort of gill nets, pots,

longlines, pelagic nets, and dredge, as the vulnerability search

function is an “observation error” fitting procedure

(Christensen and Walters, 2004). Therefore, the set of trophic

parameters estimated would be unique to the initial fishing

efforts and may not be suitable for estimating magnitudes for

the additional fishers’ efforts.

Only 8 of the 36 parameterized predator vulnerabilities in the

hybrid model were top-down, meaning the vast majority suggest

bottom-up mechanisms control functional groups in the Irish

Sea, as concluded recently from Irish Sea Ecological Network

Analyses (Bentley et al., 2019). This suggests that changes in

plankton communities, such as those driven by multidecadal

oscillations (Fromentin and Planque, 1996; Edwards, Beaugrand,

et al., 2013) or climate change (Richardson and Schoeman, 2004;

Edwards, Bresnan, et al., 2013), may have a strong influence on

the dynamics of higher trophic levels. The majority of vulnerabil-

ities estimated for the other best fit scenarios (scientific, fishers,

adjusted fishers) were also bottom-up, however the individual

vulnerabilities amongst these models were different, implying dif-

ferent ecological interactions. This means that the differences ob-

served between scenarios could also be influenced by different

vulnerability values or PP anomaly assumed.

The impact of the PP anomaly propagated through the hybrid

models food web due to the overall bottom-up nature of the sys-

tem. Whilst the PP anomaly negatively correlates with both the

NAO and AMO, the estimated anomaly shows greater similarity

to the inverse NAO trend which has previously been used to drive

productivity in an Ecosim model of the Irish Sea (Mackinson

et al., 2009). The AMO has also previously been found to corre-

late with PP anomalies for the West Coast of Scotland (Serpetti

et al., 2017) and the Norwegian and Barents Seas (Bentley et al.,

2017) Ecosim models. In future work, the inverse NAO should be

directly used as a bottom-up driver for the Irish Sea.

Known ecological responses to the NAO include changes in

timing for recruitment (i.e. finfish), reproduction (i.e. birds), al-

tered population dynamics (i.e. birds and mammals), and

changes to spatial distributions (i.e. birds and finfish) and inter-

specific relationships (i.e. finfish and invertebrates) (Ottersen

et al., 2001). The NAO may affect the recruitment of cod

through local environmental variables such as temperature, sa-

linity, oxygen, advection, and turbulence (Planque and Fox,

1998; Attrill and Power, 2002; Stige et al., 2006) and has been

shown to strongly negatively correlate with cod recruitment in

the Irish Sea (Brander and Mohn, 2004). The fact that cod re-

covery in the Irish Sea did not yield the expected gain may

therefore stem from environmental factors, such as system pro-

ductivity, temperature, and predation, influencing the survival

and growth of larvae and juveniles. Therefore, even if area clo-

sures and gear restrictions reduced the fishing mortality, our

model indicates that the recovery may have been hampered by

the prevailing environmental conditions, as previously hypothe-

sized by Kelly et al. (2006).

The next stage in the co-production will be further involve-

ment of the stakeholders in generating policy advice based on

the model. After a follow up discussion at WKIrish5, where fish-

ers were shown model results, a roadmap was discussed for fu-

ture collaboration. Fishers highlighted their interest in the

ecosystem impacts of the landings obligation, area closures, and

climate change. To help with the development of model scenar-

ios going forward, fishers will be asked to identify likely trends

over the next few years (e.g. in effort and metier), and the likely

impacts of these on both the commercial fish stocks and the

wider ecosystem. They will also be invited to consider possible

changes in management approach that can be investigated with

the model. An evaluation of the success, or otherwise, of these

outcomes will be critical. This process has already started and

will be maintained as the model is taken to a key run evaluation

and peer review by the ICES Working Group on Multispecies

Assessment Methods. This study therefore highlights the impor-

tance of positive engagement as well as the validity of fishers’

knowledge for use in ecosystem modelling and fisheries

research.

Finally, the methods and approaches we established here may be

of particular interest to researchers aiming to model ecosystems

with limited local scientific knowledge to generate ecosystem-based

fisheries management advice. The approach may also be applicable

to a wider range of topics. This might include spatial distribution

of the fish species, locations of nursery and spawning grounds, or

other aspects of fishers’ behaviour, e.g. targeting behaviour.

Conclusion
Using the Irish Sea as an example, we demonstrated that combin-

ing fishers’ and scientific knowledge regarding historic fishing ef-

fort led to the best statistically fitted EwE food web model. This

model has improved capability to recreate the biomass and catch

trends of commercially important stocks, especially shellfish that

have become increasingly important in the catches. The revised

Irish Sea EwE model is subsequently more capable of answering

future questions posed by stakeholders and management. The hy-

brid model will be used to provide ecosystem-based management

advice via WKIrish and to investigate the impact of fishing and

environmental change on food web dynamics in the Irish Sea.

Specifically, we aim to quantify the historic impact of the envi-

ronment in greater detail. Hopefully this will elucidate why cod,

and other species, did not recover as expected whilst also

highlighting the potential benefit of incorporating bottom-up

processes into long-term management plans. We conclude that

successful co-production needs to involve stakeholders at multi-

ple stages of research (Lemos and Morehouse, 2005).

Supplementary data
Supplementary material is available at the ICESJMS online ver-

sion of the manuscript.
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1  | INTRODUC TION

As a society, we rely heavily on the diverse services, functions and 
goods provided by marine ecosystems to support socioeconomic de-
velopment and feed the growing human population (Barbier, 2017; 

Godfray et al., 2010). The sustainable management of these eco-
system services is complicated by the large number of stakeholders 
involved who may often have conflicting interests (White, Halpern, 
& Kappel, 2012) or are challenged by the spatial overlap of human 
activities (Halpern et al., 2008). Ecosystem-based management has 
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gained international popularity in recent years as an interdisciplinary 
approach which aims to balance ecological, social and economic prin-
ciples to achieve sustainable resource use (Link & Browman, 2017; 
Long, Charles, & Stephenson, 2015; Pikitch et al., 2004; Tallis 
et al., 2010). Climate change is leading to further complications and 
uncertainties, with ocean warming driving changes in ocean circula-
tion and stratification (Toggweiler & Russell, 2008), ocean acidifica-
tion (Kroeker et al., 2013), reduced oxygen concentrations (Breitburg 
et al., 2018), and changes in the frequency and intensity of weather 
events (Collins et al., 2010; Kim, Webster, & Curry, 2009).

Variation in the environment can lead to shifts in primary and 
secondary production (Capuzzo et al., 2018) as well as changes in the 
distributions of marine populations (Deutsch, Ferrel, Seibel, Pörtner, 
& Huey, 2015; Shelton & Mangel, 2011). Small changes in ocean 
temperature directly influence species metabolic rates and life his-
tory processes, which can ultimately determine population growth 
and ecosystem processes (Free et al., 2019; O'Connor et al., 2007). 
Through a chain of trophic interactions, altered environmental con-
ditions can cascade through ecosystems and lead to regime shifts 
in ecosystem state (Kwiatkowski, Aumont, & Bopp, 2019; Wernberg 
et al., 2016) which may threaten our access to marine goods and 
services (Stoeckl et al., 2017). In particular, assessing the effects 
of environmental change on the production of marine fisheries 
poses a challenge for the sustainable management of both the in-
dustry and the marine ecosystems upon which it depends (Cheung, 
Watson, & Pauly, 2013). With the poor status of many commercial 
stocks (Costello et al., 2016; Gascuel et al., 2016), failure to adapt 
to environmentally driven changes in fisheries production could re-
duce future fisheries yields and profits (Gaines et al., 2018; Halpern 
et al., 2015). Variability in ecosystem processes is rarely included 
in tactical fisheries management (Skern-Mauritzen et al., 2016). 
Instead, fisheries management is predominately single-species ori-
entated, ignoring the physical and biological processes which drive 
stock recruitment and production rates (O'Brien, Fox, Planque, & 
Case y, 2000; Planque, Fox, Saunders, & Rockett, 2003).

The Irish Sea ecosystem and fisheries have undergone substantial 
change in recent history. Once a finfish dominated fishery, Irish Sea 
landings are now dominated by molluscs and crustaceans, follow-
ing the biomass declines of cod (Gadus morhua), whiting (Merlangius 
merlangus), herring (Clupea harengus) and sole (Solea solea) and an in-
creased market for Nephrops norvegicus (Davie & Lordan, 2011; Kelly, 
Codling, & Rogan, 2006). As in other North Atlantic regions, cod are 
important top predators (Frank, Petrie, Choi, & Leggett, 2005) and a 
significant source of revenue (Kraak et al., 2013). Technical measures 
including quota reductions, spawning ground closures and gear reg-
ulations were established by the European Commission (EC) in the 
early 2000s in an effort to reduce the fishing mortality of cod and 
aid its recovery (EC, 2000; ICES, 2001). This was followed by the 
implementation of a total allowable catch (TAC) in 2004 (EC, 2004) 
and a long-term plan for cod in 2008 (EC, 2008). Despite tighter reg-
ulations on fishing activities, there was limited evidence of stock re-
covery from 2008 to 2016 according to International Council for the 
Exploration of the Sea (ICES) stock assessments (ICES, 2016a, 2010). 

It has been suggested that this failure stemmed from the plan's in-
ability to deal with uncertainty in the system, such as mixed fisher-
ies, ecosystem or environmental factors (Beggs, Cardinale, Gowen, 
& Bartolino, 2014; Kelly et al., 2006).

In 2015, the first ICES Integrated Assessment Benchmark pro-
cess was established for the Irish Sea (WKIrish). WKIrish included 
a series of workshops to improve single-species stock assessments 
and conducted a holistic exploration of ecosystem and ecological 
aspects (ICES, 2018a, 2018b, ICES, 2017, 2016b, 2015). The devel-
opment of an integrated trend analysis (ITA) concluded that the Irish 
Sea had entered a new ecological regime following a major transition 
in the mid 1990s (ICES, 2016c). This transition was linked to the cod 
decline, reductions in copepod abundance, increased biomasses of 
jellyfish and sprat and increases in sea surface temperature (ICES, 
2016c; Lynam et al., 2011). The new regime has also been associated 
with a higher biomass of haddock, for which new fishing opportu-
nities have emerged (ICES, 2016a). WKIrish also undertook the de-
velopment of an ecosystem model to reconcile the analytical stock 
assessments with the trophic and environmental uncertainties in the 
system (ICES, 2015). The model has thus far identified that the food 
web is susceptible to environmental variation through bottom-up 
control (Bentley, Hines, Borrett, Serpetti, et al., 2019) and that ob-
served biomass and catch time series are best simulated when in-
cluding an undefined environmental anomaly as a driver of lower 
trophic productivity (Bentley, Serpetti, Fox, Heymans, & Reid, 2019).

Extensive attention has been directed to understanding the im-
pact of climate change on future ecosystem structure and sustain-
able fishing opportunities (Cheung et al., 2016; Moore et al., 2018; 
Serpetti et al., 2017; Sumaila, Cheung, Lam, Pauly, & Herrick, 2011). 
However, considerable changes have already occurred in some 
ecosystems (Brander, 2010; IPCC, 2014; Piroddi et al., 2017). 
Retrospective analysis of historical environmental change, ecosys-
tem structure and fisheries productivity is therefore vital to better 
understand the drivers underpinning commercial stock dynamics, 
which, if accounted for, may improve the outcomes of fisheries man-
agement (Free et al., 2019). Whilst the uncertainties of the models 
which incorporate environmental drivers make them challenging to 
incorporate into fisheries management, the ecosystem information 
that they provide can be invaluable for strategic management analy-
ses (Collie et al., 2016; Skern-Mauritzen et al., 2016).

Using the WKIrish ecosystem model, it is possible to simulate 
the direct and indirect impact of the environmental drivers on com-
mercial and non-commercial species. The mechanisms through 
which these should be used to drive the model remain unclear. In 
the food web model of the Irish Sea, environmental drivers can be 
incorporated via numerous mechanisms, such as drivers of primary 
production, natural mortality, recruitment or species consumption 
rates (Christensen et al., 2008; Christensen & Walters, 2004). A 
two-step approach, where one looks for relationships in empiri-
cal data prior to model calibration, can help guide the allocation of 
environmental drivers to an ecosystem model and is an important 
step in the pursuit of defensible and operational tools for man-
agement advice (Mackinson, 2014). In this paper, we adopt such a 
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two-step approach, undertaking a trend correlation analysis to build 
a deeper understanding of the potential links between environmen-
tal drivers, plankton abundance and fish production in the Irish Sea. 
Relationships identified through this empirical analysis were then 
incorporated into the Irish Sea food web model. We aimed to ret-
rospectively explore the fishing, trophic and environmental drivers 
which may have underpinned the dynamics of commercial species 
and fisheries productivity and which might influence changes into 
the future and help provide appropriate fishery management advice.

2  | METHODS

2.1 | Lower trophic productivity and environmental 
variables

Time series were collated for environmental drivers, plankton 
trends and fish recruitment in order to build hypotheses regarding 
the routes through which the environment may have retrospec-
tively impacted the Irish Sea, defined in this study as ICES division 
VIIa (Figure 1). We used the Atlantic Multidecadal Oscillation index 
(AMO) and the North Atlantic Oscillation winter index (NAOw) as 
large-scale climate indicators as both play central roles in controlling 
the ocean dynamics in the Irish Sea (Cannaby & Hüsrevoğlu, 2009; 
Edwards, Beaugrand, Helaouët, Alheit, & Coombs, 2013). The AMO 
is defined here as the annual mean area averaged sea surface tem-
perature (SST) anomalies over the North Atlantic basin (NCAR, 
2019a). The winter (December through March) index of the NAO is 
based on the difference of normalized sea level pressure between 
Lisbon, Portugal and Reykjavik, Iceland (NCAR, 2019b). In addition 

to collecting annual averaged trends for the AMO and NAOw, both 
trends were smoothed using a 10-year low-pass filter to remove an-
nual fluctuations and retain the long-term oscillation (Hurrell, 1995). 
Whilst many studies find strong interannual relationships between 
the NAOw and species of zooplankton (Conversi, Piontkovski, & 
Hameed, 2001; Nash & Geffen, 2004), this relationship may vary 
in strength from year to year and is not uniform across all species 
(Head & Sameoto, 2007; Planque & Taylor, 1998). Seasonal cycles, 
temperature affinities and geographical cycles can lead to different/
lagged interannual responses to changes in the NAOw (Fromentin 
& Planque, 1996). In our study, we separated zooplankton into two 
functional groups based on size. As species within these group may 
exhibit different interannual responses to changes in the NAOw, 
smoothing the NAOw provided a trend with longer term variability 
which may be more closely related to the trend in total zooplankton 
abundance (Piontkovski et al., 2006).

Time series were compiled for annual averaged sea surface tem-
perature (SST) and depth integrated (0–170 m) temperature (DIT). 
We also include the winter–spring SST (January–July) as this has pre-
viously been identified as a critical spawning period for Atlantic cod 
(Planque & Frédou, 1999) and European plaice (Pleuronectes platessa) 
(Fox, Planque, & Darby, 2000). We used the interpolated Hadley 
sea ice and sea surface temperature data set (HADISST; Rayner 
et al. (2003)) to generate SST time series spanning 1973–2016 for 
the Irish Sea. The DIT time series was constructed using the Atlantic 
European North West Shelf-Ocean physics reanalysis from the Met 
Office, available via Copernicus (Wakelin et al., 2015).

As ocean temperatures rise, species distributions are shifting 
towards historically cooler regions in line with their thermal affin-
ity (Burrows et al., 2019; Poloczanska et al., 2013). Recent studies 
using EwE have accounted for the impact of temperature on suit-
able habitat in Ecosim by assigning groups with functional responses 
that restricts their foraging capacity in response to changing tem-
perature (Bentley, Serpetti, & Heymans, 2017; Corrales et al., 2018; 
Serpetti et al., 2017). These responses affect the consumption rates 
of groups using a multiplier factor based on the alignment of annual 
temperature with group tolerance ranges. The multiplier is equal to 
one at a group's optimum temperature and declines as the tempera-
ture moves away from the optimum, thus reducing the foraging ca-
pacity of the group. This acts as a proxy for the reduction in suitable 
habitat in response to temperature change (Freitas, Olsen, Knutsen, 
Albretsen, & Moland, 2016; Pinsky, Worm, Fogarty, Sarmiento, & 
Levin, 2013). In the ecosystem model of the Irish Sea, groups were 
assigned functional responses to DIT using temperature tolerance 
ranges from AquaMaps (Kaschner et al., 2016) following the meth-
odology outlined in Bentley et al. (2017) (Method S1). This approach 
captures only one of the ways in which the environment might alter 
species interaction: Changes to species life histories and phenologies 
may disrupt the temporal coordination of species interactions (Yang 
& Rudolf, 2010), and changes to species distributions may impact 
predator–prey overlap (Sadykova et al., 2020). However, modelling 
changes in phenology is not possible in the tools used for this study 
and predator–prey overlap is best modelled spatially. Therefore, this 

F I G U R E  1   Map of the British Isles and Ireland with inset 
showing the extent of the Irish Sea ecosystem model, defined as 
ICES division VIIa
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study shows only one way to address the impact of changes in tem-
perature on ecosystems.

Plankton trends were compiled from the Continuous Plankton 
Recorder (CPR) survey, which has been managed by the Sir Alister 
Hardy Foundation for Ocean Science (SAHFOS) since the 1930s 
(Richardson et al., 2006). Samples are taken from a standard depth 
of ≈7 m using a self-contained automatic collector, which continu-
ously collects plankton whilst being towed by volunteer merchant 
ships (Hays & Warner, 1993; Reid, Colebrook, Matthews, Aiken, 
& Team, 2003). Three CPR data sets were used in this study: (a) 
Phytoplankton colour index (PCI), (b) small zooplankton abundance 
(<2 mm in length) and (c) large zooplankton abundance (>2 mm in 
length).

Phytoplankton colour index is the first analysis applied to CPR 
samples and is assessed visually to provide estimates of total phy-
toplankton biomass. Each sample is assigned a greenness index by 
comparison with standard colour charts (Richardson et al., 2006). 
Following the analysis of phytoplankton, the small zooplankton in 
the sample are counted under a microscope. This procedure exam-
ines 1/50 of the CPR filtering silk. Large zooplankton are counted 
last under low magnification. Sixty-two small zooplankton taxa 
and 151 large zooplankton taxa were identified in Irish Sea sam-
ples between 1973 and 2016. Whilst there is substantial evidence 
that the CPR underestimates the abundance of plankton (Dippner 
& Krause, 2013; Hunt & Hosie, 2003; Richardson, John, Irigoien, 
Harris, & Hays, 2004), it is reasonable for these time series' to be 
used as semi-quantitative estimates to reflect temporal patterns, as 
the errors of uncertainty can be assumed to be constant due to the 
consistent sampling methodology (Owens et al., 2013). We present 
small and large zooplankton abundances as anomalies relative to 
their average abundance across the time series.

Environmental drivers and plankton trends were examined in 
relation to the recruitment trends of cod, whiting, haddock, plaice 
and herring. Cod, whiting, haddock and plaice were selected as they 
have adult and juvenile life stages included as separate functional 
groups in the Irish Sea food web model; therefore, their recruitment 
success can be driven by external drivers. As a planktivorous fish, 
herring production in the Irish Sea may have responded to changes 
in copepod biomass (Lynam et al., 2011). The Irish Sea ITA found 
that herring recruitment showed variable interannual fluctuation 
similar to a number of zooplankton groups (ICES, 2016c). Herring 
recruitment was therefore included in the correlation analysis to 
further explore this relationship. The recruitment time series was 
available from the ICES stock assessment database (ICES, 2019a). 
Ricker fits (Ricker, 1954) from the ICES assessments show that 
cod, whiting, haddock, plaice and herring exhibit substantial reduc-
tions in recruitment at low levels of spawning stock biomass (SSB) 
(Figure S1; ICES, 2019b). However, the majority of Ricker fits show 
mostly flat relationships between stock and recruitment for time pe-
riods covered by the stock assessments. The relationship between 
recruitment, SSB and temperature can vary over time; however, the 
addition of temperature has been found to significantly improve 
models of the relationship between recruitment success and SSB for 

both Irish Sea cod and Celtic Sea whiting (Brunel & Boucher, 2007; 
Ottersen et al., 2013).

Correlations between environmental variables, trends in 
zooplankton abundance and fish recruitment were tested using 
Pearson's product-moment correlation after establishing data nor-
mality (p < .05) using the Shapiro–Wilk test (Shapiro & Wilk, 1965). 
Recruitment estimates were log10 transformed prior to analysis to 
stabilize the variance within and between time series. There is often 
strong autocorrelation within both recruitment and environmental 
data as values in a given year are closely related to values in previous 
years (Pyper & Peterman, 1998). Classical correlation tests tend to 
lead to a greater rate of Type 1 errors, where there is an increased 
chance of concluding that a correlation is statistically significant 
when in fact no correlation is present (Jenkins & Watts, 1968). We 
adjust the degrees of freedom in the statistical tests to compensate 
for autocorrelation using the equation proposed by Chelton (1984) 
and modified by Pyper & Peterman (1998):

where N* is the number of independent joint observations on the time 
series X and Y, N is the sample size and rXX (j) aand rYY (j) are the au-
tocorrelation of X and Y at time lag j. Estimates of r were calculated 
using the Box–Jenkins' equation (Box, Jenkins, Reinsel, & Ljung, 1976) 
modified by Chatfield (1989):

where X is the overall mean. In the present analysis, most time series 
comprised 43 common observations for which we applied nine lags 
(approximately N/5) following Pyper & Peterman (1998). Lags were ad-
justed for time series with fewer common observations.

2.2 | Irish Sea ecosystem model

The Ecopath with Ecosim (EwE) software (version 6.6 beta) was used 
by WKIrish to construct a food web model of the Irish Sea (Bentley, 
Serpetti, Fox, Reid, & Heymans, 2018; ICES, 2019b). An Ecopath model 
already model existed for the Irish Sea (Lees & Mackinson, 2007); 
however, for the purposes of data transparency and the adoption 
of a co-production approach with WKIrish experts and stakehold-
ers, the decision was made to use the model developed by Lees and 
Mackinson (2007) as a reference tool only. EwE is a free ecosystem 
modelling suite capable of modelling mass-balanced snapshots of a 
system as well as its spatial–temporal dynamics (Christensen et al., 
2008; Christensen & Walters, 2004). Existing EwE and Ecospace 
(spatial component) models have been designed to address ecologi-
cal questions globally (Colléter et al., 2015), evaluate the ecosystem 
impact of fishing (Pauly, Christensen, & Walters, 2000), explore 
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management and policy options (Coll & Steenbeek, 2014), assess the 
impact and placement of marine protected areas (Abdou et al., 2016; 
Walters, Pauly, & Christensen, 1999), predict the movement and ac-
cumulation of contaminants and tracers (Tierney et al., 2018) and 
model the impact of climate change (Serpetti et al., 2017).

The Irish Sea EwE model includes 41 functional groups ranging 
from detritus and primary producers to top marine predators such as 
elasmobranchs and toothed whales. Functional groups can be sin-
gle species, appropriately grouped species (i.e. “demersal fish”), or 
life stages of the same species (i.e. adult and juvenile). The Irish Sea 
model includes a well-defined fish component, and, as previously 
mentioned, cod, haddock, whiting and plaice were split into adult and 
juvenile life stages in order to capture the ontogenetic differences in 
diet preference and fishing mortality. Model construction followed 
the best practice methodology outlined by Heymans et al. (2016). The 
model's diet matrix was parameterized using a combination of stom-
ach records, literature and fishers' knowledge. The initial diets for 
fish functional groups were assigned using the integrated DAtabase 
and Portal for fish STOMach records (DAPSTOM; Pinnegar (2014)). 
Diets for non-fish functional groups were initially taken from litera-
ture. Fishers' then shared their knowledge of predator–prey inter-
actions (predominantly for the commercial species they regularly 
process) during meetings of the ICES benchmark working group 
WKIrish (Bentley, Hines, Borrett, Hernández-Milián, et al., 2019; 
ICES, 2018a). This knowledge was used to modify the model's diet 
matrix, producing a more holistic representation of predator–prey 
interactions and increasing stakeholder buy-in and ownership of the 
research. EwE has primarily been used as a tool to look at the eco-
system level consequences of fishing (Pauly et al., 2000), and there-
fore, the designation of catches are a fundamental part of most EwE 
models. The Irish Sea model includes landings and discards assigned 
to eight fishing fleets (beam trawl, otter trawl, Nephrops trawl, pe-
lagic nets, gillnets, pots, dredge and longline) using information from 
ICES landings statistics (ICES, 2018c) and the Scientific, Technical 
and Economic Committee for Fisheries (STECF) (STECF, 2018a). For 
a full description of Ecopath parameters, see Bentley et al. (2018).

Ecosim uses the initial mass-balanced Ecopath model to simulate 
food web dynamics over time (Christensen & Walters, 2004). The 
Irish Sea Ecosim model extends from 1973 to 2016 in accordance 
with data availability. In order to accurately simulate biomass and 
catch trends, Ecosim requires the incorporation of time series data 
to both calibrate and drive simulations. The Irish Sea model uses 52 
calibration time series (biomass and catch). Fishing fleet catch rates 
were driven by fishing effort time series. Effort trends for otter trawl, 
beam trawl and Nephrops trawl were taken from scientific data, 
whereas trends for pelagic nets, gillnets, pots, dredge and longline 
were reconstructed by fishers during WKIrish workshops (Figure S2) 
(ICES, 2018a). Recent work with the Irish Sea EwE model concluded 
that model simulations were more accurately able to simulate his-
toric biomass and catch trends when using both scientific and fish-
ers' knowledge (hybrid knowledge) to drive fishing effort (Bentley, 
Serpetti, Fox, Heymans, et al., 2019). It was also apparent that the 
environment influenced food web dynamics, with an estimated 

primary production anomaly being included in the best-fitted model. 
However, the mechanisms through which the environmental in-
formation should be used to drive the model were unclear. In this 
study, we used the results from Pearson's correlation analysis to 
identify the mechanisms through which environmental drivers might 
influence the food web dynamics, allowing us to substantiate their 
implementation as forcing functions. Following the addition of en-
vironmental drivers to the model, we carried out a stepwise fitting 
procedure (Scott, Serpetti, Steenbeek, & Heymans, 2016) to cali-
brate model simulations against biomass and catch time series data.

Ecosim uses the foraging arena theory (Ahrens, Walters, & 
Christensen, 2012) to quantify “vulnerabilities,” which represent the 
degree to which a change in predator biomass will impact predation 
mortality for a given prey. Vulnerabilities are adjusted to statistically 
fit model simulations to observed data. This is done by applying mul-
tipliers to the rate with which a prey moves between being vulner-
able and not vulnerable (Christensen & Walters, 2004). Multipliers 
can range from one to infinity with two as the default. Vulnerabilities 
with multipliers greater than two indicate top-down control, where 
predator biomass drives prey mortality. Vulnerabilities with mul-
tipliers between one and two suggest bottom-up control, where 
even large increases in predator biomass cause only a limited in-
crease in the consumption rate of that predator on the given prey; 
therefore, the biomass of the prey regulates predator consumption 
(Christensen & Walters, 2004; Heymans et al., 2016).

When fitting an Ecosim model, it is possible to search for “pred-
ator” vulnerability multipliers or “predator–prey” vulnerability mul-
tipliers. If searching for “predator” vulnerabilities, a single multiplier 
is applied homogenously across all predator–prey interactions of a 
predator functional group. When searching for “predator–prey” vul-
nerabilities, multipliers are estimated for the most sensitive pred-
ator–prey interactions (those which have the greatest impact on 
the model fit), therefore, not estimating blanket vulnerability mul-
tipliers across all of a predator's interactions. The automated fitting 
routine (Scott et al., 2016) facilitates the estimation of one or the 
other; however, it is ecologically probable that, whilst species may 
exert a general top-down or bottom-up forcing on the majority of 
their prey due to their behaviour or morphology, some interactions 
may be unique as a result of prey behaviour, habitat or morphology. 
Estimating predator–prey vulnerabilities alone accounts for these 
unique interactions; however, the number of vulnerabilities that 
can be estimated this way is largely limited by the available degrees 
of freedom. As 52 calibration time series were used during model 
fitting, we were able to estimate a maximum of 51 predator–prey 
vulnerabilities before the model could be considered as “overfitted,” 
thus leaving the majority of the vulnerability matrix at its default 
setting of two. However, estimating predator vulnerabilities alone 
homogenizes the impact of a group's biomass on its prey, meaning 
potentially important dynamics may be overlooked.

In this study, a new approach was used for the ecological optimi-
zation of vulnerability multipliers which has the potential to improve 
model performance whilst remaining within the given degrees of 
freedom. The new approach combines both a search for “predator” 
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vulnerability multipliers with a search for sensitive “predator–prey” 
vulnerability multipliers. Firstly, the automated stepwise fitting rou-
tine was used to find the model of best fit with predator vulnera-
bilities (first stage best fit). The best fit model was determined by 
the minimum difference between model simulations and time series 
observations using the weighted sum of squared differences (SS) 
and the Akaike information criterion for small sample sizes (AICc) 
(Akaike, 1974; Burnham & Anderson, 2003). Secondly, using the 
best fit model and the remaining degrees of freedom, the most sen-
sitive predator–prey vulnerabilities were systematically searched for 
to improve the statistical fit of model simulations to observed data 
(second stage best fit). The AICc was manually calculated for each 
iteration to take into account the predator vulnerabilities already es-
timated during the stepwise fitting procedure. The model iteration 
with the lowest AICc was used as the best fit model.

2.3 | Impact of environmental change on 
commercial stocks and fishing opportunities

Food web model simulations were compared with and without environ-
mental drivers to identify the key drivers of commercial stocks and un-
derstand how the environment might have retrospectively influenced 
fishing opportunities in the Irish Sea. We investigate the retrospective 
impact of environmental change on the biomasses and catches of cod, 
whiting, haddock, plaice, sole and Nephrops. Fishing effort trends were 
kept the same in all scenarios, reflecting the historic effort of fleets in 
the Irish Sea, in order to infer how catches of commercial stocks have 
been impacted, either directly or indirectly, by environmental change. 
ECOIND, an EwE plugin which calculates ecological indicators (Coll & 
Steenbeek, 2017), was used to investigate the impact of environmental 
change on historic catch trends. The impact of input parameter uncer-
tainty on model simulations was addressed using the Monte Carlo ap-
proach (Kennedy & O'Hagan, 2001). The Monte Carlo plugin for EwE 
was used to explore the variability in biomass, catch, diet and vital ratio 
parameters (Method S3). Parameters were assigned confidence inter-
vals based on data origin and pedigree (Table S1) (Bentley, Serpetti, 
Fox, Reid, & Heymans, 2019; Christensen & Walters, 2004). One thou-
sand mass-balanced models were produced for each scenario using the 
EcoSampler module (Steenbeek, Corrales, Platts, & Coll, 2018) which 
records the parameter variations made by the Monte Carlo plugin and 
stores them in a multi-model database. Confidence intervals (95%) 
were calculated for all outputs using the Monte Carlo model sets.

3  | RESULTS

3.1 | Environmental drivers, plankton trends and 
fish recruitment

The NAOw has high interannual variability and shifts from positive 
to negative phases (Figure 2a). The AMO has lower interannual vari-
ability than the NAOw but has a stronger multidecadal cycle, with 

a 60-year period shifting from positive to negative phases every 
30 years (Figure 2b). The Irish Sea average annual temperature has 
generally increased over time (Figure 2c). SST (both annual and win-
ter–spring) showed the expected significant positive correlation with 
the smoothed and un-smoothed AMO (Figure 3). The Phytoplankton 
colour index increased over the time series (Figure 2d) and showed 
significant correlations with SST, the AMO and the smoothed NAOw 
(Figure 3). Small zooplankton abundance showed high interannual 
variability with intermittent peaks in abundance from 1975 to 1995 
(Figure 2e), whereas the abundance of large zooplankton shows a 
clearer oscillation pattern with a relatively consistent period of 
low abundance from 1980 to 2009 (Figure 2f). Large zooplankton 
abundance shows a strong negative correlation with the smoothed 
NAOw (r = .56; p < .001, Figure 3) but did not correlate with the an-
nual NAOw as found in other studies (Conversi et al., 2001; Nash & 
Geffen, 2004) likely due to the functional group containing multiple 
species with different responses (Head & Sameoto, 2007; Planque 
& Taylor, 1998). The abundance of small zooplankton positively cor-
related with the abundance of large zooplankton (r = .54; p < .001, 
Figure 3).

Cod and whiting recruitment declined over time in the Irish Sea 
(Figure 4) showing significant negative correlations with SST, the 
AMO and PCI (Figure 3). Plaice recruitment has remained relatively 
consistent, whereas haddock recruitment has been variable with 
strong recruitment events in 1996 and 2013. Plaice recruitment 
positively correlated with the smoothed AMO (r = .45; p = .01), 
whereas haddock shared no correlations with environmental vari-
ables. Herring recruitment showed a general declining trend from 
1973 to 2002, with a recent period of elevated recruitment. Herring 
recruitment positively correlated with large zooplankton biomass 
and negatively correlated with the smoothed NAOw (Figure 3). 
Negative correlation was observed between cod and plaice recruit-
ment (r = −.39; p = .03), whilst a positive correlation was observed for 
cod and whiting (r = .85; p < .001). Haddock and herring recruitment 
showed no significant correlation with the recruitment trends of the 
other species.

3.2 | Food web model: environmental 
forcing and fitting

The Pearson correlation analyses were used to identify the routes 
through which to incorporate environmental drivers into the temporal 
component of the food web model. The smoothed NAOw was incorpo-
rated as a driver of the “other mortality” of large zooplankton to repli-
cate a direct negative effect. The ability to add forcing functions to the 
non-predation (“other”) natural mortality rate of functional groups is a 
new function of EwE version 6.6 and can be used to account for death 
due to disease, old age, starvation or environmental change. The other 
mortality rate is a component of Ecosim's coupled differential equations 
for the calculation of growth rates (production) at each time interval 
(Christensen & Walters, 2004). The NAOw was added to the model as 
an anomaly with the initial year equalling one and acted as a multiplier 
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on the other mortality rate of large zooplankton based on the initial 
other mortality calculate in Ecopath (Christensen & Walters, 2004). Out 
of all the significant correlations, cod and whiting recruitment showed 
particularly strong relationships with the smoothed AMO trend. In 
Ecosim, it is possible to apply forcing functions to impact consumption 
rates via predator search efficiency, the vulnerability of prey to preda-
tion and the foraging arena area (Christensen & Walters, 2004). Based 
on studies which find temperature to be an important component of 
stock-recruitment models for cod and whiting (Brunel & Boucher, 2007; 
Ottersen et al., 2013), the inverse AMO trend was used to drive re-
cruitment rates rather than consumption rates. The EwE model uses a 
Deriso–Schnute delay-difference model (Deriso, 1980; Schnute, 1987) 
to keep track of the number of juveniles which recruit to the adult stage, 
and the number at age/size in the adult groups. Within this model, the 
number of age 0 juveniles produced each month is calculated as a func-
tion of adult biomass, numbers and food consumption. To have the 

AMO as a driver of recruitment success, the recruitment function at 
time = t was multiplied by the AMO anomaly at time = t, where the 
AMO anomaly multiplier at t1 is 1 (Method S2). Following the applica-
tion of environmental drivers, the model was fitted against observed 
biomass and catch time series (see Results S1). Functional group re-
sponses to recruitment functions may be sensitive to the scaling of en-
vironmental drivers; however, in this study, the AMO anomaly was not 
rescaled for cod or whiting as model simulations performed well using 
the base anomaly.

3.3 | Impact of environmental drivers on 
commercial stocks and fishing opportunities

The structured addition of environmental drivers to the Irish Sea 
ecosystem model improved the fit of model simulations against 

F I G U R E  2   Annual time series for 
environmental and plankton trends in the 
Irish; (a) Winter North Atlantic Oscillation 
(NAO) index, (b) Atlantic Multidecadal 
Oscillation (AMO) index, (c) annual 
averaged sea surface temperature (°C) 
(SST) and winter–spring (Jan-Jul) SST 
with linear regression lines (dashed), (d) 
phytoplankton colour index, (e) small 
zooplankton (<2 mm) abundance and (f) 
large zooplankton (>2 mm) abundance
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observed data when compared previous model iterations (Table 1). 
The best fitting model (Scenario 5: sum of squared deviations 
(SS) = 627, AICc = −2091) included the AMO as a driver of cod and 
whiting recruitment, the smoothed NAOw as a driver of large zoo-
plankton mortality and group functional responses to depth inte-
grated temperature for all functional groups. The performance of 
model simulations was reduced when removing any of these drivers, 
and in addition when environmental variability was implemented 
as an estimated anomaly on the production rate of phytoplankton 
(Scenario 2: SS = 756, AICc = −1707). Estimating primary produc-
tion anomalies in EwE is a standard model fitting procedure to ac-
count for unknown environmental variation in the system (Heymans 
et al., 2016). As previously suggested by Mackinson (2014) and sup-
ported by this study, EwE model performance and credibility may 
benefit more from the assignment of environmental drivers guided 
by empirical analysis, as primary production, estimated through 
EwE fitting mechanisms, may not necessarily be the foundation of 
all or any retrospective ecosystem dynamics. Overall, the biomass 
and catch simulations for commercial stocks in the model showed 
good agreement with observed time series data (Figure 5), with the 

exception of haddock and plaice catch simulations which show slight 
deviations from observed trends.

Removing environmental drivers and re-fitting the ecosystem 
model reduced its capacity to accurately simulate observed time se-
ries data (Scenario 1: SS = 859, AICc = −1466) (Table 1). Without envi-
ronmental drivers, the biomass of cod increased post-1990 (Figure 5) 
following the reduction in demersal fishing effort (Figure S1). 
Simulated catches of cod were also greater in the absence of the 
environmental drivers, in line with its increased biomass. Simulated 
whiting biomass and catches were higher without the inclusion of 
environmental drivers, although the trend still followed the decline 
witnessed in the observed time series. Haddock spawning stock bio-
mass increased and benefitted from strong recruitment events in the 
Irish Sea, which was captured by the model to some extent, with 
simulations failing to replicate the magnitude of stock increase in 
1998 and 2016. Without environmental drivers, the increase in had-
dock biomass was no longer simulated due to the increased preda-
tion pressure from cod. Plaice and sole showed negligible responses 
to the inclusion or exclusion of environmental drivers. Model simula-
tions for these stocks performed well with fishing as their only direct 

F I G U R E  3   Correlation matrix for environmental variables, plankton trends and fish recruitment in the Irish Sea using Pearson's cross 
product-moment correlation. Variables include sea surface temperature (SST; °C), phytoplankton colour index (PCI), North Atlantic 
Oscillation winter index with a 10-year low-pass filter (NAO), Atlantic Multidecadal Oscillation with a 10-year low-pass filter (AMO), large 
zooplankton abundance (L.zoop.) and small zooplankton abundance (S.zoop.). Fish recruitment time series were taken from ICES stock 
assessments for cod, haddock, herring, plaice and whiting. The correlation matrix is shaded to signify the strength of positive (blue) and 
negative (red) correlations in relation to their r values. Statistically significant correlations are denoted: *p < .05; **p < .01; ***p < .001



     |  9BENTLEY ET aL.

driver, with fishing being responsible for most of their explained mor-
tality (Figure S6). Environmental drivers, indirectly mediated through 
the food web, had little effect on the simulations for plaice and sole. 
There might be other still as yet untested drivers, such as habitat 
condition (Pihl, Modin, & Wennhage, 2005) and hydrodynamic cir-
culation (Wegner, Damm, & Purps, 2003), that influence the recruit-
ment of sole and plaice. Herring recruitment showed a strong link 
to the NAOw and large zooplankton abundance. Large zooplankton 
had a bottom-up effect on herring (Figure S3), improving the mod-
el's capacity to accurately simulate herring biomass. Excluding en-
vironmental drivers reduced the accuracy of model simulations for 
herring biomass (Figure 5). The herring biomass increase in the late 
1980s was present with and without environmental drivers and cor-
responds to a period of reduced fishing effort (Figure S2). Like had-
dock, Nephrops biomass was influenced by the predation pressure 
of cod. Excluding environmental drivers and facilitating an increase 
in cod biomass lead to a decline in Nephrops biomass and catches.

Simulated catch indicators from the environmentally driven 
model show good agreement with observed data (Figure 6). Total 
Irish Sea catch (Figure 6a) steadily declined from 1973 to 2016, de-
spite increased invertebrate landings (Figure 6c), due to the large 
decline in fish catches (Figure 6b). The invertebrate/fish catch ratio 
shifted in favour of invertebrates in the early 2000s (Figure 6d). 
Excluding the effects of the environment from the model suggested 
more fish would have been caught under the same effort regime if 
environmental drivers were absent. However, fewer invertebrates 

would have been caught, principally due to the reduced biomass of 
Nephrops. Despite this, the fishery still shifted from fish dominance 
to invertebrate dominance due to the effort regime in place, albeit a 
few years later due to the greater production of targeted fish stocks.

4  | DISCUSSION

Our study uses correlation analyses to direct the addition of environ-
mental drivers to a food web model to demonstrate that bottom-up 
processes, forced by environmental change, and the top-down im-
pacts of fishing have reduced the production of commercial stocks 
and fisheries in the Irish Sea. Identifying the ecosystem impacts of 
environmental change, as mitigated through trophic interactions, 
was made more effective by using a mechanistic approach to identify 
how best to incorporate extrinsic drivers into the model. The result-
ing simulations indicated that bottom-up processes suppressed the 
overall production of cod, whiting and herring, limiting opportunities 
for the fishing industry, whilst also dampening their rate of recovery 
despite marked reductions in fishing effort. Similar conclusions have 
been drawn for the Celtic Sea (Hernvann & Gascuel, 2020; Mérillet, 
Kopp, Robert, Mouchet, & Pavoine, 2019) and the North Sea, where 
an EwE model, calibrated with the guidance of empirical evidence, 
showed that temperature had an important influence on some key 
fish species (Mackinson, 2014). Failure to account for the influence 
of the environment or trophic interactions when projecting the 

F I G U R E  4   Annual recruitment (millions) of commercial finfish stocks in the Irish Sea (ICES division VIIa) with upper and lower bounds. 
Trends are presented for (a) Atlantic cod (age 0), (b) whiting (age 0), (c) haddock (age 0), (d) European plaice (age 1) and herring (age 1). Data 
available at http://stand ardgr aphs.ices.dk

http://standardgraphs.ices.dk
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stock's response to fishing effort manipulation, particularly in the 
face of climate change, may therefore lead to misconceived expecta-
tions and flawed fisheries management.

Our study is not the first to identify management to be con-
founded by contradictory ecosystem influences. Other examples 
include Baltic sea cod, which was slow to respond to recovery 
plans due to the impacts of oxygen deficiency on its prey (Svedäng 
& Hornborg, 2014), and red king crab around the Prilbilof Islands, 
which was quickly overfished when its environmentally driven re-
cruitment fell (Szuwalski et al., 2014). Globally, ecosystem productiv-
ity reduces the recovery probability of depleted stocks by 42% when 
fishing at 90% of the maximum sustainable rate (Britten, Dowd, & 
Worm, 2016). Conversely, Hernvann and Gascuel (2020) found that 
ecosystem variability may have mitigated fishing impacts in the 
Celtic Sea in the 1990s. Setting management reference points with-
out considering the changing environment delays the rebuilding of 
depleted stocks and leads to inadvertent mismanagement (Sparholt 
et al., 2019). Quota advice that accounts for ecosystem condition 
is needed for a sustainable and adaptive Ecosystem Approach to 
Fisheries Management (EAFM).

Despite the awareness that roughly 70% of fish stocks are being 
significantly affected by ecosystem processes (Vert-pre, Amoroso, 
Jensen, & Hilborn, 2013), only 2% of fish stocks have ecosystem driv-
ers included in their tactical management advice (Skern-Mauritzen 
et al., 2016). This can be partially explained by the frequent non-lin-
earity of stock responses to environmental change (Myers, 1998), 
but also by the increased variance and limited process-based under-
standing. Novel approaches are needed to encourage ecosystem in-
formation to be incorporated into fisheries advice. Complex models 

such as EwE are strategic in nature and are generally not designed 
to provide tactical advice (Plagányi et al., 2014); therefore, their 
strength, and operational potential, lies in their capacity to enhance 
standard assessment methodologies with ecosystem information 
(Plagányi & Butterworth, 2004). WKIrish proposed ecosystem infor-
mation be used as an additional factor to consider when selecting 
a fishing pressure target from the FMSY ranges (ICES, 2018b). FMSY 
is the fishing mortality consistent with achieving maximum sustain-
able yield (MSY), which ICES provides to fisheries managers as an 
adaptable range between FMSYupper and FMSYlower. If ecosystem con-
ditions are poor, then managers can be advised to apply an FMSY at 
the lower end of the range in order to minimize the cumulative im-
pact their actions may have on the system, and vice-versa. This is a 
relatively non-intrusive way to incorporate ecosystem information 
into a framework, which is already in place.

4.1 | Relationship between the environment and 
zooplankton

Our study suggests there is a link between the smoothed NAOw and 
the abundance of large zooplankton in the Irish Sea. This link has pre-
viously been identified from the northern-most to tropical latitudes 
of the North Atlantic Ocean (Piontkovski et al., 2006) and largely 
accredited to two hypotheses: (a) west wind stress generates strong 
surface mixing which delays phytoplankton blooms and diminishes 
zooplankton abundance (Fromentin & Planque, 1996), and (b) there 
is a negative effect of increasing sea surface temperature, associ-
ated with the positive phase of the NAO, on species with affinity for 

Fitting component

Irish Sea EwE model

Scenario 1 Scenario 2
Scenario 
3

Scenario 
4

Scenario 
5

PP anomaly ✖ ✓* ✖ ✖ ✖

AMO (cod and whiting 
recruitment)

✖ ✖ ✓ ✓ ✓

NAO (large zooplankton 
mortality)

✖ ✖ ✖ ✓ ✓

Depth integrated 
temperature (functional 
responses)

✖ ✖ ✖ ✖ ✓

Calibration time series 52 52 52 52 52

Predator vulnerabilities 29 26 26 23 22

Predator/Prey 
vulnerabilities

11 15 17 15 12

K (estimated parameters) 40 45 43 38 34

AICc −1,466 −1,707 −2,001 −2,045 −2,091

Sum of squared 
deviations

859 756 650 639 627

Note: Five scenarios are presented wherein the Ecosim model was fitted with different 
combinations of environmental drivers.
*PP anomaly with 4 spline points (adds to K). 

TA B L E  1   Irish Sea EwE model 
iterations, fitting components and 
measure of statistical fit
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F I G U R E  5   Biomass and catch (t.km−2) simulations for commercial stocks in the Irish Sea from 1973 to 2016. Simulations were generated 
by a fitted model with environmental drivers (red) and a fitted model without environmental drivers (blue). Solid lines indicate baseline 
model simulations, shaded areas indicate 95% confidence intervals based on input uncertainty, and points indicate observed data trends
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colder waters (Fromentin & Planque, 1996; Piontkovski et al., 2006; 
Planque & Taylor, 1998). Since colder affinity zooplankton taxa tend 
to be larger bodied, increasing SST is expected to lead to an overall 
reduction in average body size (Pitois & Fox, 2006).

Previous work with the Irish Sea Ecopath model identified large 
and small zooplankton to be keystone components of the Irish Sea 
food web (Bentley, Hines, Borrett, Serpetti, et al., 2019), with small 
changes in their biomasses having large impacts on the biomasses of 
other groups in the food web, particularly planktivorous fish such as 
herring and sprat. This study not only reinforces this but also pro-
vides a more detailed view of the relationships between zooplankton 
and phytoplankton in the Irish Sea. Lynam et al. (2011) suggested 
that recent increases in the PCI may be linked to reductions in graz-
ing pressure from zooplankton. This is supported by our correlation 
analysis, with zooplankton negatively correlated with phytoplank-
ton. High vulnerability multipliers were estimated by the model for 
the predation of phytoplankton by zooplankton (Figure S3), sug-
gesting the model was best able to simulate existing trends when 
zooplankton exerted a top-down control on phytoplankton. This 
provides an argument against the simple estimation of a phytoplank-
ton anomaly in EwE, as the important role of secondary producers 
as drivers of phytoplankton biomass may have been overlooked if 
we had not acknowledged the direct impact of the environment on 
zooplankton. Large and small zooplankton abundances were found 
to positively correlate in this study. A low vulnerability multiplier was 

estimated for large zooplankton (predator) and small zooplankton 
(prey) which suggests the consumption of small zooplankton by large 
zooplankton is driven by the abundance of small zooplankton, cor-
responding with studies that identify zooplankton predation rates 
to be highly dependent on prey densities (Ohman, 1986; Ohman & 
Hirche, 2001).

Results from our study provide evidence that the bottom-up 
control on large zooplankton abundance affects the production 
and fishing opportunities for herring. Climate driven changes in the 
productivity, nutritional value and phenology of the zooplankton 
community, such as the changes associated with the recent increase 
in Calanus helgolandicus and decline in the of C. finmarchicus in the 
Irish Sea (ICES, 2016c), may impact the productivity of commer-
cial fisheries if not considered in fisheries advice and management 
(Fromentin & Planque, 1996; Møller, Maar, Jónasdóttir, Nielsen, & 
Tönnesson, 2012; Reygondeau & Beaugrand, 2011; Wilson, Murphy, 
Bourne, Pepin, & Robert, 2018).

4.2 | Underpinning the drivers of commercial stocks

Herring biomass was strongly driven by the availability of large 
zooplankton, supporting the conclusions from studies in the North 
Sea (Heath, 2005; Mackinson et al., 2009; Nye et al., 2014) which 
identify prey availability as an important driver of herring biomass. 

F I G U R E  6   Irish Sea catch simulations with environmental drivers (red) and without environmental drivers (blue). Solid lines indicate 
baseline model simulations, shaded areas indicate 95% confidence intervals based on input uncertainty, and points indicate observed data 
trends
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Earlier research identified time lags in the correlation between the 
NAO and herring recruitment, suggesting that physical processes are 
not directly influencing recruitment but are instead operating via in-
terannual changes in prey availability (Alvarez-Fernandez, Licandro, 
Van Damme, & Hufnagl, 2015; Gröger, Kruse, & Rohlf, 2009). Herring 
biomass was also clearly modified by fishing pressure, showing a re-
sponse to reduced fishing effort in the late 1980s. Our study sug-
gests that the production of the Irish Sea herring fishery has been 
impacted both by fishing effort and by the abundance of larger zoo-
plankton. There could potentially be a mismatch between the spatial 
overlap of herring and zooplankton, which should be further investi-
gated with spatial information at a scale that represents the distribu-
tion patterns of both zooplankton and herring.

Cod abundance was negatively correlated with the AMO anom-
aly of sea surface temperature (SST). It is well understood that sea 
temperature has a direct impact on cod stocks through recruitment 
(Clark, Fox, Viner, & Livermore, 2003; O'brien et al., 2000; Planque 
& Fox, 1998; Rindorf, Cadigan, Howell, Eero, & Gislason, 2020), 
consumption rates (Peck, Buckley, Caldarone, & Bengtson, 2003), 
growth (Brander, 1995) and mortality (Akimova, Hufnagl, Kreus, & 
Peck, 2016), especially in areas such as the Irish Sea where cod is close 
to the edge of its thermal range (Righton et al., 2010). Temperature 
may also indirectly impact recruitment through bottom-up processes 
acting through primary production (Beaugrand, Brander, Lindley, 
Souissi, & Reid, 2003; Svendsen et al., 2007). In this study, the PCI 
in the Irish Sea showed positive correlations with temperature based 
environmental variables; thus, temperature may have impacted cod 
recruitment both directly and indirectly by reducing prey availability. 
A recent retrospective analysis of the impact of ocean warming on the 
production of 235 commercial stocks identified Irish Sea cod as the 
stock with the most negative response, suggesting that the maximum 
sustainable yield of this stock would shrink by 54% for each additional 
degree of future warming (Free et al., 2019). Our model simulations 
identified environmental drivers as one of the primary causes for 
the stock's slow response to the cod long-term plan. When exclud-
ing environmental drivers from the model's simulation, the cod stock 
recovered after 1990 in response to reductions in fishing effort. Our 
results suggest that the environment plays an important role in the 
productivity of the cod fishery, perhaps providing an insight into why 
plans which failed to account for environmental uncertainty were un-
able to project the cod stocks response to effort manipulation (Kelly 
et al., 2006). A recent study by Sguotti et al. (2019) demonstrated a 
similar relationship between temperature, fishing and cod biomass for 
most of the Atlantic cod stocks, as temperature changes result in a 
non-linear relationship between fishing mortality and stock biomass 
causing limited recovery even after the reduction in fishing mortality. 
A more dynamic management strategy may be required for Irish Sea 
cod considering these intrinsic links to the environment, or one may 
have to accept that the stock cannot be rebuilt to its former size under 
present and future environmental conditions.

Environmental drivers also appear to have led to a reduced pro-
duction for whiting in the Irish Sea, as suggested for whiting in the 
North Sea (Simpson et al., 2011). Unlike cod, retrospective analyses 

for whiting suggest that even without environmental change, the 
stock would have continued to decline, suggesting the large reduc-
tion in gadoid fishing effort would not have been enough. Even with 
the reduction in gadoid fishing effort, fishing mortality remained 
high for whiting, as the Nephrops fishery was maintained with a 
high bycatch and discard of whiting (ICES, 2018d). Discarding is cur-
rently a major management issue for the whiting stock as, despite 
the recommendation for zero catch, annual discard estimates still 
remain around 700 tonnes (ICES, 2018d). With the implementation 
of the landings obligation (EC, 2013), whiting runs the risk of be-
coming a major “choke species” for the Nephrops fishery, where its 
low quota could result in the early closure of the fishery (Baudron 
& Fernandes, 2015). High fishing mortality and the AMO have also 
previously been linked to the shift in whiting distribution observed 
in the North Sea (Kerby et al., 2000). The decline of whiting biomass 
in the Irish Sea might therefore also be linked to a migration of re-
cruits, potentially to the southern Celtic Seas stock (ICES areas VIIb, 
c, e-k), which would reflect the fishers' perceptions (ICES, 2015) 
and the increasing biomass of this stock (ICES, 2018d). Because the 
present model treats the Irish Sea as a closed system, it is unable to 
account for stock decline via migration. Targeted research would be 
required to evaluate whether a migration of whiting between the 
Irish and southern Celtic Seas might be a factor in understanding 
the low stock levels in the Irish Sea. One possible approach to this 
might be the analysis of radiocarbon (14C) signatures in the whiting 
otoliths to determine their likely origin. These signatures are charac-
teristic of biota from the Irish Sea due to the discharge of radioactive 
waste from the Sellafield nuclear complex (Muir et al., 2017; Tierney 
et al., 2018). We may expect whiting recruitment to the Irish Sea to 
increase in the next few years if fishing effort remains low and the 
AMO begins to shift towards its negative phase (Kerr, 2000; Serpetti 
et al., 2017). However, whilst the negative phase of the AMO may 
slow the rate of temperature increase, temperatures are still ex-
pected to rise in line with carbon emissions (IPCC, 2019), mean-
ing whiting recruitment may continue to be dampened by climate 
change. The food web model simulated a slight increase in whiting 
biomass from 2014 onwards, which was also shown in the most re-
cent stock assessment for the Irish Sea (ICES, 2018d). Whiting also 
shows signs of recovery off the West Coast of Scotland (ICES area 
VIa) following a period of low stock production (ICES, 2018d), which 
may suggest that the species response to the AMO and fishing mor-
tality is biological rather than behavioural (migration).

Our model results indicate that the increase in haddock bio-
mass in the Irish Sea is primarily due to its release from compe-
tition and reduced predation from cod and whiting. Haddock 
prefer smaller zooplankton prey items than cod and whiting during 
juvenile stages, reducing interspecific completion for large zoo-
plankton (Rowlands, Dickey-Collas, Geffen, & Nash, 2008) and 
influencing high recruitment variability which has been linked to 
strong year-classes (Dickey-Collas et al., 2003; Fogarty, Myers, & 
Bowen, 2001). With cod showing a recent modest recovery in the 
Irish Sea, model simulations suggest haddock may begin to decline 
in response to the increased predation pressure. The same is true 
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for Nephrops. Model simulations indicate that the recent recov-
ery of cod negatively impacted the biomass of Irish Sea Nephrops 
through increased predation mortality. Previous research by 
Armstrong et al. (1991) noted the possibility of this trophic re-
sponse under scenarios of reduced cod fishing mortality. Whilst 
two of the three Nephrops stocks in the Irish Sea are showing re-
cent abundance declines, they tend to be within historical limits 
(ICES, 2018d). Nephrops are of particular economic importance 
to the Irish fishing industry due to their relatively stable value 
and high-volume landings (Davie, Minto, Officer, & Lordan, 2015; 
STECF, 2018b). An increasing cod population may have economic 
consequences for the Irish Sea fishing industry if Nephrops de-
clines; however, the increased production of the cod fishery may 
provide an economic trade-off like those suggested for the North 
Sea (Mackinson, Platts, Garcia, & Lynam, 2018).

Our study suggested that Irish Sea plaice and sole biomass trends 
have been predominantly driven by fishing mortality when consider-
ing the cumulative impact of fishing, the environment and food web 
effects. Unfortunately, sole could not be included in the correlation 
exercise as it lacked a juvenile component in the model. Future devel-
opment of the Irish Sea model may wish to split sole into a multi-stanza 
group to explore the impacts of environmental change on recruit-
ment. Correlation analysis identified a positive relationship between 
plaice recruitment and the AMO and a negative correlation between 
plaice and cod recruitment. Nash and Geffen (2000) found that the 
recruitment of plaice was influenced by density dependent mortality, 
with little evidence to support a direct relationship between survival 
and temperature. Previous correlation analyses identified a negative 
relationship between winter–spring SST and plaice recruitment in 
the Irish Sea (Fox et al., 2000), contradicting the positive correlation 
found between the AMO and plaice in our study. Upon finding the 
contradictory results, we revisited the recruitment trend used by Fox 
et al. (2000) and compared it to the recruitment trend used in this 
study. Both trends, for the years they overlapped, were markedly 
different, likely owing to the improvement of the 2018 assessment 
model over the 2000 assessment model. When running the 2000 as-
sessment trend through the correlation analysis used in this study, we 
found significant negative correlations between plaice recruitment 
and the AMO and SST (annual and winter–spring) supporting the find-
ings of Fox et al. (2000). Correlation relationships are known to break 
down over time with new and extended data (Myers, 1998). Based on 
the contradicting literature, we assume that the link between plaice 
and the AMO found in our study is an indirect effect of the environ-
ment through its impact on the abundance and consumption rate of 
cod. Whilst not captured in this study, heavy predation rates on plaice 
eggs by sprat (Sprattus sprattus) have also been suggested to influ-
ence stock recruitment in the Irish Sea (Plirú et al., 2012). In the North 
Sea, climate has been linked to distribution shifts of plaice and sole 
(Engelhard, Pinnegar, Kell, & Rijnsdorp, 2011). Plaice has moved north, 
leading to an increased abundance off the east coast of Scotland, 
whilst sole has moved south, driven additionally by fishing pressure. 
Whilst it is unclear whether the distributions of sole and plaice within 

the Irish Sea have changed over time, they currently exist within their 
temperature tolerance ranges (Kaschner et al., 2016).

4.3 | Study limitations and future work

Attention must be drawn to the uncertainty inherent in ecosystem 
models due to the large number of input parameters required to 
describe rates of production, consumption, abundance and fishing. 
Each parameter has associated uncertainty in line with the quality 
and quantity of available data. This uncertainty makes it difficult to 
use these models to provide ecosystem-based tactical advice, a job 
which may be more suited to Models of Intermediate Complexity 
(MICE) (Plagányi et al., 2014). Whilst we addressed parameter uncer-
tainty using a Monte Carlo approach, the structural uncertainty of 
the model remains an issue. There is fragmentation within the field 
of ecosystem modelling due to conflicting opinions regarding the ca-
pacity of different tools to accurately model multi-species dynamics 
(Heymans, Skogen, Schrum, & Solidoro, 2018; Hyder et al., 2015). 
To tackle this issue, WKIrish is working towards the development 
of a second Irish Sea ecosystem model based on the LeMans frame-
work (Thorpe, Le Quesne, Luxford, Collie, & Jennings, 2015). This 
will provide the start of a model ensemble using the same parameter 
information with structural differences in the models. Model ensem-
bles allow users to infer stronger conclusions from concurrent model 
results, whilst providing a means to better understand the struc-
tural uncertainty of models where results differ (Celić et al., 2018; 
Heymans et al., 2018; Spence et al., 2018). As is characteristic of 
modelling with a priori selected variables, there may be additional 
variables not considered within this study, such as pollution or salin-
ity, which impacted past ecosystem dynamics. Spatial processes that 
may have impacted stock production, such as migration and preda-
tor–prey overlap, are also not addressed here. The development of 
a spatial model (Ecospace) would provide a foundation for the ex-
ploration of changes in species distributions (Steenbeek et al., 2013). 
Furthermore, the study relies on recruitment and biomass outputs 
from single stock assessments to search for environmental correla-
tions and calibrate the model. Whilst these outputs are based on the 
best data available and the most up-to-date assessment methods, 
there is also uncertainty associated with stock assessment models.

The development of this Irish Sea EwE model is an adaptive 
process, with regular updates using new data to keep the model 
relevant as an advice tool for management. The Irish Sea EwE 
model has an ICES key run evaluated by the Working Group on 
Multispecies Assessment Methods (WGSAM), which serves as a 
quality assured source for scientific input to ICES advice products 
(ICES, 2019b). It is recommended that key runs are reviewed every 
few years to document and assess the changes since the previ-
ous key run. At the last WKIrish meeting, it was recommended 
that the AMO driver be replaced by an Irish Sea SST time series 
averaged over three years. The AMO behaved well as a driver of 
retrospective cod and whiting recruitment; however, SST will be 
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more appropriate when forecasting the ecosystem and looking at 
the impacts of local climate change.

5  | CONCLUSION

The combined impacts of environmental change and fishing pres-
sure have driven declines in the overall productivity of Irish Sea fish-
eries which should be expected to continue with climate change. The 
reduction in demersal fishing effort coincided with a positive shift 
in the AMO and a rise in temperature which reduced the recruit-
ment success of cod and whiting, dampening their possible response 
to effort reduction. Failure to consider ecosystem driven changes 
in production likely played a large role in the failure of the recovery 
plan to meet its objectives. Novel approaches are needed to incor-
porate ecosystem information into tactical fisheries advice in order 
to account for the impact of climate change on ecosystem condition 
and stock production.

The results and advice derived from ecosystem models can be 
sensitive to their calibration. Calibration approaches must there-
fore be defensible if EwE models are to stand a chance of being 
used to advise management. The use of empirical analyses to iden-
tify how best to incorporate environmental drivers in Ecosim pro-
vided justification for their addition. This two-step approach also 
improved model performance and increased our understanding 
of the trophic dynamics. The traditional approach of estimating a 
primary production anomaly when fitting in EwE may cause users 
to overlook the possibility that secondary producers and higher 
trophic levels may have been directly impacted by environmental 
change.

In addition to identifying the retrospective impact of extrinsic 
drivers, research should focus on identifying how retrospective 
management might have been improved (i.e. effort manipulation, 
gear selectivity, area closures, discards) in order to inform and en-
hance future management. Whilst there are still uncertainties re-
garding future ecosystem responses to climate change and human 
pressures, the benefits of moving towards an ecosystem-based ap-
proach outweigh the risks of inaction. Management systems based 
on maximizing individual species yields need to acknowledge the 
uncertainty inherent in marine ecosystems in order to prevent over-
fishing, meet biodiversity targets and sustainably support future 
generations of fishers.
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