
 

 

 

UHI Research Database pdf download summary

Retrospective analysis of the influence of environmental drivers on commercial stocks
and fishing opportunities in the Irish Sea
Bentley, Jacob; Serpetti, Natalia; Fox, Clive; Heymans, Sheila JJ; Reid , David

Published in:
Fisheries Oceanography
Publication date:
2020
Publisher rights:
Romeo Yellow
The re-use license for this item is:
CC BY-NC
The Document Version you have downloaded here is:
Peer reviewed version

The final published version is available direct from the publisher website at:
10.1111/fog.12486

Link to author version on UHI Research Database

Citation for published version (APA):
Bentley, J., Serpetti, N., Fox, C., Heymans, S. JJ., & Reid , D. (2020). Retrospective analysis of the influence of
environmental drivers on commercial stocks and fishing opportunities in the Irish Sea. Fisheries Oceanography,
29(5). https://doi.org/10.1111/fog.12486

General rights
Copyright and moral rights for the publications made accessible in the UHI Research Database are retained by the authors and/or other
copyright owners and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with
these rights:

1) Users may download and print one copy of any publication from the UHI Research Database for the purpose of private study or research.
2) You may not further distribute the material or use it for any profit-making activity or commercial gain
3) You may freely distribute the URL identifying the publication in the UHI Research Database

Take down policy
If you believe that this document breaches copyright please contact us at RO@uhi.ac.uk providing details; we will remove access to the work
immediately and investigate your claim.

Download date: 23. May. 2023

https://doi.org/10.1111/fog.12486
https://pure.uhi.ac.uk/en/publications/42237d18-2289-4694-98b9-a564e36da610
https://doi.org/10.1111/fog.12486


Retrospective analysis of the Irish Sea 

1 

Title 1 

Retrospective analysis of the influence of environmental drivers on commercial 2 

stocks and fishing opportunities in the Irish Sea 3 

Running title 4 

Retrospective analysis of the Irish Sea 5 

Authors 6 

Jacob W. Bentley1* (j-w-bentley@hotmail.co.uk) 7 

Natalia Serpetti1 (Natalia.serpetti@sams.ac.uk) 8 

Clive Fox1 (Clive.fox@sams.ac.uk) 9 

Johanna J. Heymans1, 2 (sheilaheymans@yahoo.com)  10 

David G. Reid3 (David.Reid@Marine.ie) 11 

Institutional affiliations 12 
1Scottish Association for Marine Science, Scottish Marine Institute, Oban, PA37 1QA, UK;  13 

2European Marine Board, Wandelaarkaai 7, 8400 Oostende, Belgium 14 

3Marine Institute, Rinville, Oranmore, Co. Galway, H91 R673 15 

Acknowledgements 16 

This project (Grant-Aid Agreement No. CF/16/08) is carried out with the support of the 17 

Marine Institute and funded under the Marine Research Sub-programme by the Irish 18 

Government. We acknowledge the members of the ICES Benchmark Workshop WKIrish 19 

for their collaboration, and Dr Pierre Helaouët at the Marine Biological Association for the 20 

provision of continuous plankton recorder data. 21 

Conflict of interest statement 22 

We have no conflict of interest to declare. 23 

Data availability statement 24 

The data used to produce the results presented in this study are available via contact with the 25 

corresponding author.  26 

 27 

 28 

 29 

 30 

 31 

mailto:j-w-bentley@hotmail.co.uk
mailto:Natalia.serpetti@sams.ac.uk
mailto:Clive.fox@sams.ac.uk
mailto:sheilaheymans@yahoo.com
mailto:David.Reid@Marine.ie


Retrospective analysis of the Irish Sea 

2 

Abstract 32 

Irish Sea fisheries have undergone considerable change in recent years following the decline 33 

of commercially important finfish stocks and their slow response to management’s recovery 34 

plans. In 2015 the fishing industry called for a holistic exploration into the impact of 35 

environmental change and food web effects to identify the drivers underpinning stock 36 

dynamics. In this study we identify correlations between large scale climatic indicators, 37 

temperature, primary and secondary productivity, and fish recruitment in the Irish Sea and 38 

incorporate them into an Ecopath with Ecosim food web model co-created by scientists and 39 

fishers. Negative correlations were found between the North Atlantic Oscillation winter 40 

index (NAOw) and large zooplankton abundance, and between the Atlantic Multidecadal 41 

Oscillation (AMO) and the recruitment of cod (Gadus morhua) and whiting (Merlangius 42 

merlangus). Using correlation analyses to direct the addition of environmental drivers to the 43 

Irish Sea ecosystem model improved the models fit against observed biomass and catch data 44 

and revealed the indirect impacts of environmental change as mitigated through trophic 45 

interactions. Model simulations suggest that historic environmental change suppressed the 46 

overall production of commercial finfish, limiting opportunities for the fishing industry, 47 

whilst also dampening the rate of stock recovery despite marked reductions in fishing effort. 48 

These results suggest that failure to account for ecosystem information may lead to 49 

misconceived expectations and flawed fisheries management, therefore there is a need 50 

operationalise ecosystem information through management procedures to support fisheries 51 

advice. 52 

Key words 53 

Ecopath with Ecosim, Ecosystem-based fisheries management, Fisheries, Food web, North 54 

Atlantic Oscillation, Atlantic Multidecadal Oscillation 55 

1 Introduction 56 

As a society we rely heavily on the diverse services, functions, and goods provided by marine 57 

ecosystems to support socioeconomic development and feed the growing human population 58 

(Barbier, 2017; Godfray et al., 2010). The sustainable management of these ecosystem 59 

services is complicated by the large number of stakeholders involved who may often have 60 

conflicting interests (White et al., 2012) or are challenged by the spatial overlap of human 61 

activities (Halpern et al., 2008). Ecosystem based management has gained international 62 

popularity in recent years as an interdisciplinary approach which aims to balance ecological, 63 

social, and economic principles to achieve sustainable resource use (Link and Browman, 64 

2017; Long et al., 2015; Pikitch et al., 2004; Tallis et al., 2010). Climate change is leading 65 
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to further complications and uncertainties, with ocean warming driving changes in ocean 66 

circulation and stratification (Toggweiler and Russell, 2008), ocean acidification (Kroeker 67 

et al., 2013), reduced oxygen concentrations (Breitburg et al., 2018), and changes in the 68 

frequency and intensity of weather events (Collins et al., 2010; Kim et al., 2009). 69 

Variation in the environment can lead to shifts in primary and secondary production 70 

(Capuzzo et al., 2018) as well as changes in the distributions of marine populations (Deutsch 71 

et al., 2015; Shelton and Mangel, 2011). Small changes in ocean temperature directly 72 

influence species metabolic rates and life history processes, which can ultimately determine 73 

population growth and ecosystem processes (Free et al., 2019; O’Connor et al., 2007). 74 

Through a chain of trophic interactions, altered environmental conditions can cascade 75 

through ecosystems and lead to regime shifts in ecosystem state (Kwiatkowski et al., 2019; 76 

Wernberg et al., 2016) which may threaten our access to marine goods and services (Stoeckl 77 

et al., 2017). In particular, assessing the effects of environmental change on the production 78 

of marine fisheries poses a challenge for the sustainable management of both the industry 79 

and the marine ecosystems upon which it depends (Cheung et al., 2013). With the poor status 80 

of many commercial stocks (Costello et al., 2016; Gascuel et al., 2016), failure to adapt to 81 

environmentally driven changes in fisheries production could reduce future fisheries yields 82 

and profits (Gaines et al., 2018; Halpern et al., 2015). Variability in ecosystem processes are 83 

rarely included in tactical fisheries management (Skern‐Mauritzen et al., 2016). Instead, 84 

fisheries management is predominately single-species orientated, ignoring the physical and 85 

biological processes which drive stock recruitment and production rates (O’Brien et al., 86 

2000; Planque et al., 2003). 87 

The Irish Sea ecosystem and fisheries have undergone substantial change in recent history. 88 

Once a finfish dominated fishery, Irish Sea landings are now dominated by molluscs and 89 

crustaceans, following the biomass declines of cod (Gadus morhua), whiting (Merlangius 90 

merlangus), herring (Clupea harengus), and sole (Solea solea) and an increased market for 91 

Nephrops norvegicus (Davie and Lordan, 2011; Kelly et al., 2006). As in other North 92 

Atlantic regions, cod are important top predators (Frank et al., 2005) and a significant source 93 

of revenue (Kraak et al., 2013). Technical measures including quota reductions, spawning 94 

ground closures, and gear regulations were established by the European Commission (EC) 95 

in the early 2000’s in an effort to reduce the fishing mortality of cod and aid its recovery 96 

(EC, 2000; ICES, 2001). This was followed by the implementation of a total allowable catch 97 

(TAC) in 2004 (EC, 2004) and a long-term plan for cod in 2008 (EC, 2008). Despite tighter 98 

regulations on fishing activities there was limited evidence of stock recovery from 2008 to 99 

2016 according to International Council for the Exploration of the Sea (ICES) stock 100 



Retrospective analysis of the Irish Sea 

4 

assessments (ICES, 2016a, 2010). It has been suggested that this failure stemmed from the 101 

plan’s inability to deal with uncertainty in the system, such as mixed fisheries, ecosystem, 102 

or environmental factors (Beggs et al., 2014; Kelly et al., 2006). 103 

In 2015 the first ICES Integrated Assessment Benchmark process was established for the 104 

Irish Sea (WKIrish). WKIrish included a series of workshops to improve single species stock 105 

assessments and conducted a holistic exploration of ecosystem and ecological aspects (ICES, 106 

2018a, 2018b, 2017, 2016b, 2015). The development of an Integrated Trend Analysis (ITA) 107 

concluded that the Irish Sea had entered a new ecological regime following a major transition 108 

in the mid 1990’s (ICES, 2016c). This transition was linked to the cod decline, reductions in 109 

copepod abundance, increased biomasses of jellyfish and sprat, and increases in sea surface 110 

temperature (ICES, 2016c; Lynam et al., 2011). The new regime has also been associated 111 

with a higher biomass of haddock, for which new fishing opportunities have emerged (ICES, 112 

2016a). WKIrish also undertook the development of an ecosystem model to reconcile the 113 

analytical stock assessments with the trophic and environmental uncertainties in the system 114 

(ICES, 2015). The model has thus far identified that the food web is susceptible to 115 

environmental variation through bottom-up control (Bentley et al., 2019a) and that observed 116 

biomass and catch time series are best simulated when including an undefined environmental 117 

anomaly as a driver of lower trophic productivity (Bentley et al., 2019c). 118 

Extensive attention has been directed to understanding the impact of climate change on 119 

future ecosystem structure and sustainable fishing opportunities (Cheung et al., 2016; Moore 120 

et al., 2018; Serpetti et al., 2017; Sumaila et al., 2011). However, considerable changes have 121 

already occurred in some ecosystems (Brander, 2010; IPCC, 2014; Piroddi et al., 2017). 122 

Retrospective analysis of historical environmental change, ecosystem structure, and fisheries 123 

productivity is therefore vital to better understand the drivers underpinning commercial stock 124 

dynamics, which, if accounted for, may improve the outcomes of fisheries management 125 

(Free et al., 2019). Whilst the uncertainties of the models which incorporate environmental 126 

drivers make them challenging to incorporate into fisheries management, the ecosystem 127 

information that they provide can be invaluable for strategic management analyses (Collie 128 

et al., 2016; Skern‐Mauritzen et al., 2016). 129 

Using the WKIrish ecosystem model it is possible to simulate the direct and indirect impact 130 

of the environmental drivers on commercial and non-commercial species. The mechanisms 131 

through which these should be used to drive the model remain unclear. In the food web 132 

model of the Irish Sea, environmental drivers can be incorporated via numerous 133 

mechanisms, such as drivers of primary production, natural mortality, recruitment, or species 134 

consumption rates (Christensen et al., 2008; Christensen and Walters, 2004). A two-step 135 
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approach, where one looks for relationships in empirical data prior to model calibration, can 136 

help guide the allocation of environmental drivers to an ecosystem model and is an important 137 

step in the pursuit of defensible and operational tools for management advice (Mackinson, 138 

2014). In this paper we adopt such a two-step approach, undertaking a trend correlation 139 

analysis to build a deeper understanding of the potential links between environmental 140 

drivers, plankton abundance, and fish production in the Irish Sea. Relationships identified 141 

through this empirical analysis were then incorporated into the Irish Sea food web model. 142 

We aimed to retrospectively explore the fishing, trophic and environmental drivers which 143 

may have underpinned the dynamics of commercial species and fisheries productivity, and 144 

which might influence changes into the future and help provide appropriate fishery 145 

management advice. 146 

2 Methods 147 

2.1 Lower trophic productivity and environmental variables 148 

Time series were collated for environmental drivers, plankton trends, and fish recruitment 149 

in order to build hypotheses regarding the routes through which the environment may have 150 

retrospectively impacted the Irish Sea, defined in this study as ICES division VIIa (Figure 151 

1). We used the Atlantic Multidecadal Oscillation index (AMO) and the North Atlantic 152 

Oscillation winter index (NAOw) as large-scale climate indicators as both play central roles 153 

in controlling the ocean dynamics in the Irish Sea (Cannaby and Hüsrevoğlu, 2009; Edwards 154 

et al., 2013). The AMO is defined here as the annual mean area averaged sea surface 155 

temperature (SST) anomalies over the North Atlantic basin (NCAR, 2019a). The winter 156 

(December through March) index of the NAO is based on the difference of normalised sea 157 

level pressure between Lisbon, Portugal and Reykjavik, Iceland (NCAR, 2019b). In addition 158 

to collecting annual averaged trends for the AMO and NAOw, both trends were smoothed 159 

using a 10-year low-pass filter to remove annual fluctuations and retain the long-term 160 

oscillation (Hurrell, 1995). Whilst many studies find strong interannual relationships 161 

between the NAOw and species of zooplankton (Conversi et al., 2001; Nash and Geffen, 162 

2004), this relationship may vary in strength from year to year and is not uniform across all 163 

species (Head and Sameoto, 2007; Planque and Taylor, 1998). Seasonal cycles, temperature 164 

affinities, and geographical cycles can lead to different/lagged interannual responses to 165 

changes in the NAOw (Fromentin and Planque, 1996). In our study we separated 166 

zooplankton into two functional groups based on size. As species within these group may 167 

exhibit different interannual responses to changes in the NAOw, smoothing the NAOw 168 
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provided a trend with longer term variability which may be more closely related to the trend 169 

in total zooplankton abundance (Piontkovski et al., 2006). 170 

Time series were compiled for annual averaged sea surface temperature (SST) and depth 171 

integrated (0-170 m) temperature (DIT). We also include the winter-spring SST (January-172 

July) as this has previously been identified as a critical spawning period for Atlantic cod 173 

(Planque and Frédou, 1999) and European plaice (Pleuronectes platessa) (Fox et al., 2000). 174 

We used the interpolated Hadley sea ice and sea surface temperature data set (HADISST; 175 

Rayner et al. (2003)) to generate SST time series spanning 1973-2016 for the Irish Sea. The 176 

DIT time series was constructed using the Atlantic European North West Shelf-Ocean 177 

physics reanalysis from the Met Office, available via Copernicus (Wakelin et al., 2015). 178 

As ocean temperatures rise, species distributions are shifting towards historically cooler 179 

regions in line with their thermal affinity (Burrows et al., 2019; Poloczanska et al., 2013). 180 

Recent studies using EwE have accounted for the impact of temperature on suitable habitat 181 

in Ecosim by assigning groups with functional responses that restricts their foraging capacity 182 

in response to changing temperature (Bentley et al., 2017; Corrales et al., 2018; Serpetti et 183 

al., 2017). These responses affect the consumption rates of groups using a multiplier factor 184 

based on the alignment of annual temperature with group tolerance ranges. The multiplier is 185 

equal to one at a group’s optimum temperature and declines as the temperature moves away 186 

from the optimum, thus reducing the foraging capacity of the group. This acts as a proxy for 187 

the reduction of suitable habitat in response to temperature change (Freitas et al., 2016; 188 

Pinsky et al., 2013). In the ecosystem model of the Irish Sea, groups were assigned functional 189 

responses to DIT using temperature tolerance ranges from AquaMaps (Kaschner et al., 2016) 190 

following the methodology outlined in Bentley et al. (2017) (Supplemental Methods S1). 191 

This approach captures only one of the ways in which the environment might alter species 192 

interaction: Changes to species life-histories and phenologies may disrupt the temporal 193 

coordination of species interactions (Yang and Rudolf, 2010) and changes to species 194 

distributions may impact predator-prey overlap (Sadykova et al., 2020). However, modelling 195 

changes in phenology is not possible in the tools used for this study and predator-prey 196 

overlap is best modelled spatially. Therefore, this study shows only one way to address the 197 

impact of changes in temperature on ecosystems. 198 

Plankton trends were compiled from the Continuous Plankton Recorder (CPR) survey, 199 

which has been managed by the Sir Alister Hardy Foundation for Ocean Science (SAHFOS) 200 

since the 1930s (Richardson et al., 2006). Samples are taken from a standard depth of ≈7 m 201 

using a self-contained automatic collector, which continuously collects plankton whilst 202 

being towed by volunteer merchant ships (Hays and Warner, 1993; Reid et al., 2003). Three 203 
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CPR datasets were used in this study: (i) Phytoplankton colour index (PCI), (ii) small 204 

zooplankton abundance (< 2 mm in length), and (iii) large zooplankton abundance (> 2mm 205 

in length). 206 

PCI is the first analysis applied to CPR samples and is assessed visually to provide estimates 207 

of total phytoplankton biomass. Each sample is assigned a greenness index by comparison 208 

with standard colour charts (Richardson et al., 2006). Following the analysis of 209 

phytoplankton, the small zooplankton in the sample are counted under a microscope. This 210 

procedure examines 1/50 of the CPR filtering silk. Large zooplankton are counted last under 211 

low magnification. 62 small zooplankton taxa and 151 large zooplankton taxa were 212 

identified in Irish Sea samples between 1973 and 2016. Whilst there is substantial evidence 213 

that the CPR underestimates the abundance of plankton (Dippner and Krause, 2013; Hunt 214 

and Hosie, 2003; Richardson et al., 2004), it is reasonable for these time series’ to be used 215 

as semi-quantitative estimates to reflect temporal patterns, as the errors of uncertainty can 216 

be assumed to be constant due to the consistent sampling methodology (Owens et al., 2013). 217 

We present small and large zooplankton abundances as anomalies relative to their average 218 

abundance across the time series. 219 

Environmental drivers and plankton trends were examined in relation to the recruitment 220 

trends of cod, whiting, haddock, plaice, and herring. Cod, whiting, haddock and plaice were 221 

selected as they have adult and juvenile life stages included as separate functional groups in 222 

the Irish Sea food web model, therefore their recruitment success can be driven by external 223 

drivers. As a planktivorous fish, herring production in the Irish Sea may have responded to 224 

changes in copepod biomass (Lynam et al., 2011). The Irish Sea ITA found that herring 225 

recruitment showed variable interannual fluctuation similar to a number of zooplankton 226 

groups (ICES, 2016c). Herring recruitment was therefore included in the correlation analysis 227 

to further explore this relationship. The recruitment time series were available from the ICES 228 

stock assessment database (ICES, 2019a). Ricker fits (Ricker, 1954) from the ICES 229 

assessments show that cod, whiting, haddock, plaice, and herring exhibit substantial 230 

reductions in recruitment at low levels of spawning stock biomass (SSB) (Supplemental 231 

Figure S1; ICES, 2019b). However, the majority of Ricker fits show mostly flat relationships 232 

between stock and recruitment for time periods covered by the stock assessments. The 233 

relationship between recruitment, SSB and temperature can vary over time, however the 234 

addition of temperature has been found to significantly improve models of the relationship 235 

between recruitment success and SSB for both Irish Sea cod and Celtic Sea whiting (Brunel 236 

and Boucher, 2007; Ottersen et al., 2013).  237 
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Correlations between environmental variables, trends in zooplankton abundance, and fish 238 

recruitment were tested using Pearson’s product-moment correlation after establishing data 239 

normality (p<0.05) using the Shapiro-Wilk test (Shapiro and Wilk, 1965). Recruitment 240 

estimates were log10 transformed prior to analysis to stabilise the variance within and 241 

between time series. There is often strong autocorrelation within both recruitment and 242 

environmental data as values in a given year are closely related to values in previous years 243 

(Pyper and Peterman, 1998). Classical correlation tests tend to lead to a greater rate of Type 244 

1 errors, where there is an increased chance of concluding that a correlation is statistically 245 

significant when in fact no correlation is present (Jenkins and Watts, 1968). We adjust the 246 

degrees of freedom in the statistical tests to compensate for autocorrelation using the 247 

equation proposed by Chelton (1984) and modified by Pyper et al. (1998): 248 

1

𝑁∗
=

1

𝑁
+

2

𝑁
∑ 𝑟𝑋𝑋(𝑗)

𝑗

𝑟𝑌𝑌(𝑗) 
Equation. 1 

where 𝑁∗ is the number of independent joint observations on the time series 𝑋 and 𝑌, 𝑁 is 249 

the sample size and 𝑟𝑋𝑋(𝑗) and 𝑟𝑌𝑌(𝑗) are the autocorrelation of 𝑋 and 𝑌 at time lag 𝑗. 250 

Estimates of 𝑟 were calculated using the Box-Jenkins’ equation (Box et al., 1976) modified 251 

by Chatfield (1989): 252 

𝑟𝑋𝑋(𝑗) =
𝑁

𝑁 − 𝑗
 
∑ (𝑋𝑡+𝑗 − �̅�)(𝑋𝑡+𝑗 − �̅�)

𝑁−𝑗
𝑡=1

∑ (𝑋𝑡 − �̅�)2𝑁
𝑡=1

 
Equation. 2 

where �̅� is the overall mean. In the present analysis, most time series comprised 43 common 253 

observations for which we applied nine lags (approximately 𝑁/5) following Pyper et al. 254 

(1998). Lags were adjusted for time series with fewer common observations. 255 

2.2 Irish Sea ecosystem model 256 

The Ecopath with Ecosim (EwE) software (version 6.6 beta) was used by WKIrish to 257 

construct a food web model of the Irish Sea (Bentley et al., 2018; ICES, 2019b). An Ecopath 258 

model already model existed for the Irish Sea (Lees and Mackinson, 2007), however for the 259 

purposes of data transparency and the adoption of a co-production approach with WKIrish 260 

experts and stakeholders, the decision was made to use the model developed by Lees and 261 

Mackinson (2007) as a reference tool only. EwE is a free ecosystem modelling suite capable 262 

of modelling mass-balanced snapshots of a system as well as its spatial-temporal dynamics 263 

(Christensen et al., 2008; Christensen and Walters, 2004). Existing EwE and Ecospace 264 

(spatial component) models have been designed to address ecological questions globally 265 

(Colléter et al., 2015), evaluate the ecosystem impact of fishing (Pauly et al., 2000), explore 266 
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management and policy options (Coll and Steenbeek, 2014), assess the impact and 267 

placement of marine protected areas (Abdou et al., 2016; Walters et al., 1999), predict the 268 

movement and accumulation of contaminants and tracers (Tierney et al., 2018), and model 269 

the impact of climate change (Serpetti et al., 2017). 270 

The Irish Sea EwE model includes 41 functional groups ranging from detritus and primary 271 

producers to top marine predators such as elasmobranchs and toothed whales. Functional 272 

groups can be single species, appropriately grouped species (i.e. ‘demersal fish’), or life 273 

stages of the same species (i.e. adult and juvenile). The Irish Sea model includes a well-274 

defined fish component and, as previously mentioned, cod, haddock, whiting, and plaice 275 

were split into adult and juvenile life stages in order to capture the ontogenetic differences 276 

in diet preference and fishing mortality. Model construction followed the best practice 277 

methodology outlined by Heymans et al. (2016). The model’s diet matrix was parameterised 278 

using a combination of stomach records, literature, and fishers’ knowledge. The initial diets 279 

for fish functional groups were assigned using the integrated DAtabase and Portal for fish 280 

STOMach records (DAPSTOM; Pinnegar (2014)). Diets for non-fish functional groups were 281 

initially taken from literature. Fishers’ then shared their knowledge of predator-prey 282 

interactions (predominantly for the commercial species they regularly process) during 283 

meetings of the ICES benchmark working group WKIrish (Bentley et al., 2019b; ICES, 284 

2018a). This knowledge was used to modify the model’s diet matrix, producing a more 285 

holistic representation of predator-prey interactions and increasing stakeholder buy-in and 286 

ownership of the research. EwE has primarily been used as a tool to look at the ecosystem 287 

level consequences of fishing (Pauly et al., 2000) and therefore the designation of catches 288 

are a fundamental part of most EwE models. The Irish Sea model includes landings and 289 

discards assigned to eight fishing fleets (beam trawl, otter trawl, Nephrops trawl, pelagic 290 

nets, gillnets, pots, dredge, and longline) using information from ICES landings statistics 291 

(ICES, 2018c) and the Scientific, Technical and Economic Committee for Fisheries 292 

(STECF) (STECF, 2018a). For a full description of Ecopath parameters see Bentley et al. 293 

(2018). 294 

Ecosim uses the initial mass-balanced Ecopath model to simulate food web dynamics over 295 

time (Christensen and Walters, 2004). The Irish Sea Ecosim model extends from 1973 to 296 

2016 in accordance with data availability. In order to accurately simulate biomass and catch 297 

trends, Ecosim requires the incorporation of time series data to both calibrate and drive 298 

simulations. The Irish Sea model uses 52 calibration time series (biomass and catch). Fishing 299 

fleet catch rates were driven by fishing effort time series. Effort trends for otter trawl, beam 300 

trawl, and Nephrops trawl were taken from scientific data, whereas trends for pelagic nets, 301 
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gillnets, pots, dredge, and longline were reconstructed by fishers during WKIrish workshops 302 

(Supplemental Figure S2) (ICES, 2018a). Recent work with the Irish Sea EwE model 303 

concluded that model simulations were more accurately able to simulate historic biomass 304 

and catch trends when using both scientific and fishers’ knowledge (hybrid knowledge) to 305 

drive fishing effort (Bentley et al., 2019c). It was also apparent that the environment 306 

influenced food web dynamics, with an estimated primary production anomaly being 307 

included in the best-fitted model. However, the mechanisms through which the 308 

environmental information should be used to drive the model were unclear. In this study, we 309 

used the results from the Pearson’s correlation analysis to identify the mechanisms through 310 

which environmental drivers might influence the food web dynamics, allowing us to 311 

substantiate their implementation as forcing functions. Following the addition of 312 

environmental drivers to the model we carried out a stepwise fitting procedure (Scott et al., 313 

2016) to calibrate model simulations against biomass and catch time series data.  314 

Ecosim uses the foraging arena theory (Ahrens et al., 2012) to quantify “vulnerabilities”, 315 

which represent the degree to which a change in predator biomass will impact predation 316 

mortality for a given prey. Vulnerabilities are adjusted to statistically fit model simulations 317 

to observed data. This is done by applying multipliers to the rate with which a prey moves 318 

between being vulnerable and not vulnerable (Christensen and Walters, 2004). Multipliers 319 

can range from one to infinity with two as the default. Vulnerabilities with multipliers greater 320 

than two indicate top-down control, where predator biomass drives prey mortality. 321 

Vulnerabilities with multipliers between one and two suggest bottom-up control, where even 322 

large increases in predator biomass cause only a limited increase in the consumption rate of 323 

that predator on the given prey, therefore the biomass of the prey regulates predator 324 

consumption (Christensen and Walters, 2004; Heymans et al., 2016).  325 

When fitting an Ecosim model, it is possible to search for ‘predator’ vulnerability 326 

multipliers, or ‘predator-prey’ vulnerability multipliers. If searching for ‘predator’ 327 

vulnerabilities, a single multiplier is applied homogenously across all predator-prey 328 

interactions of a predator functional group. When searching for ‘predator-prey’ 329 

vulnerabilities, multipliers are estimated for the most sensitive predator-prey interactions 330 

(those which have the greatest impact on the model fit), therefore not estimating blanket 331 

vulnerability multipliers across all of a predator’s interactions. The automated fitting routine 332 

(Scott et al., 2016) facilitates the estimation of one or the other, however it is ecologically 333 

probable that, whilst species may exert a general top-down or bottom-up forcing on the 334 

majority of their prey due to their behaviour or morphology, some interactions may be 335 

unique as a result of prey behaviour, habitat, or morphology. Estimating predator-prey 336 
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vulnerabilities alone accounts for these unique interactions, however the number of 337 

vulnerabilities that can be estimated this way is largely limited by the available degrees of 338 

freedom. As 52 calibration time series were used during model fitting, we were able to 339 

estimate a maximum of 51 predator-prey vulnerabilities before the model could be 340 

considered as ‘overfitted’, thus leaving the majority of the vulnerability matrix at its default 341 

setting of two. However, estimating predator vulnerabilities alone homogenises the impact 342 

of a group’s biomass on its prey, meaning potentially important dynamics may be 343 

overlooked.  344 

In this study a new approach was used for the ecological optimisation of vulnerability 345 

multipliers which has the potential to improve model performance whilst remaining within 346 

the given degrees of freedom. The new approach combines both a search for ‘predator’ 347 

vulnerability multipliers with a search for sensitive ‘predator-prey’ vulnerability multipliers. 348 

Firstly, the automated stepwise fitting routine was used to find the model of best fit with 349 

predator vulnerabilities (first stage best fit). The best fit model was determined by the 350 

minimum difference between model simulations and time series observations using the 351 

weighted sum of squared differences (SS) and the Akaike Information Criterion for small 352 

sample sizes (AICc) (Akaike, 1974; Burnham and Anderson, 2003). Secondly, using the best 353 

fit model and the remaining degrees of freedom, the most sensitive predator-prey 354 

vulnerabilities were systematically searched for to improve the statistical fit of model 355 

simulations to observed data (second stage best fit). The AICc was manually calculated for 356 

each iteration to take into account the predator vulnerabilities already estimated during the 357 

stepwise fitting procedure. The model iteration with the lowest AICc was used as the best fit 358 

model. 359 

2.3 Impact of environmental change on commercial stocks and fishing opportunities 360 

Food web model simulations were compared with and without environmental drivers to 361 

identify the key drivers of commercial stocks and understand how the environment might 362 

have retrospectively influenced fishing opportunities in the Irish Sea. We investigate the 363 

retrospective impact of environmental change on the biomasses and catches of cod, whiting, 364 

haddock, plaice, sole and Nephrops. Fishing effort trends were kept the same in all scenarios, 365 

reflecting the historic effort of fleets in the Irish Sea, in order to infer how catches of 366 

commercial stocks have been impacted, either directly or indirectly, by environmental 367 

change. ECOIND, an EwE plugin which calculates ecological indicators (Coll & Steenbeek, 368 

2017), was used to investigate the impact of environmental change on historic catch trends. 369 

The impact of input parameter uncertainty on model simulations was addressed using the 370 

Monte Carlo approach (Kennedy and O’Hagan, 2001). The Monte Carlo plugin for EwE was 371 
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used to explore the variability in biomass, catch, diet, and vital ratio parameters 372 

(Supplemental Methods S3). Parameters were assigned confidence intervals based on data 373 

origin and pedigree (Supplemental table S1) (Bentley et al., 2019d; Christensen and Walters, 374 

2004). One thousand mass-balanced models were produced for each scenario using the 375 

EcoSampler module (Steenbeek et al., 2018) which records the parameter variations made 376 

by the Monte Carlo plugin and stores them in a multi-model database. Confidence intervals 377 

(95%) were calculated for all outputs using the Monte Carlo model sets. 378 

3 Results 379 

3.1 Environmental drivers, plankton trends, and fish recruitment 380 

The NAOw has high inter-annual variability and shifts from positive to negative phases 381 

(Figure 2a). The AMO has lower inter-annual variability than the NAOw but has a stronger 382 

multidecadal cycle, with a 60-year period shifting from positive to negative phases every 30 383 

years (Figure 2b). The Irish Sea average annual temperature has generally increased over 384 

time (Figure 2c). SST (both annual and winter-spring) showed the expected significant 385 

positive correlation with the smoothed and un-smoothed AMO (Figure 3). The 386 

Phytoplankton colour index increased over the time series (Figure 2d) and showed 387 

significant correlations with SST, the AMO, and the smoothed NAOw (Figure 3). Small 388 

zooplankton abundance showed high interannual variability with intermittent peaks in 389 

abundance from 1975-1995 (Figure 2e) whereas the abundance of large zooplankton shows 390 

a clearer oscillation pattern with a relatively consistent period of low abundance from 1980-391 

2009 (Figure 2f). Large zooplankton abundance shows a strong negative correlation with the 392 

smoothed NAOw (𝑟=-0.56; 𝑝<0.001, Figure 3) but did not correlate with the annual NAOw 393 

as found in other studies (Conversi et al., 2001; Nash and Geffen, 2004) likely due to the 394 

functional group containing multiple species with different responses (Head and Sameoto, 395 

2007; Planque and Taylor, 1998). The abundance of small zooplankton positively correlated 396 

with the abundance of large zooplankton (𝑟=0.54; 𝑝<0.001, Figure 3). 397 

Cod and whiting recruitment declined over time in the Irish Sea (Figure 4) showing 398 

significant negative correlations with SST, the AMO, and PCI (Figure 3). Plaice recruitment 399 

has remained relatively consistent whereas haddock recruitment has been variable with 400 

strong recruitment events in 1996 and 2013. Plaice recruitment positively correlated with the 401 

smoothed AMO (𝑟=0.45; 𝑝=0.01) whereas haddock shared no correlations with 402 

environmental variables. Herring recruitment showed a general declining trend from 1973 403 

to 2002, with a recent period of elevated recruitment. Herring recruitment positively 404 

correlated with large zooplankton biomass and negatively correlated with the smoothed 405 
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NAOw (Figure 3). Negative correlation was observed between cod and plaice recruitment 406 

(𝑟=-0.39; 𝑝=0.03), whilst a positive correlation was observed for cod and whiting (𝑟=0.85; 407 

𝑝<0.001). Haddock and herring recruitment showed no significant correlation with the 408 

recruitment trends of the other species. 409 

3.2 Food web model: environmental forcing and fitting 410 

The Pearson’s correlation analyses were used to identify the routes through which to 411 

incorporate environmental drivers into the temporal component of the food web model. The 412 

smoothed NAOw was incorporated as a driver of the ‘other mortality’ of large zooplankton 413 

to replicate a direct negative effect. The ability to add forcing functions to the non-predation 414 

(‘other’) natural mortality rate of functional groups is a new function of EwE version 6.6 415 

and can be used to account for death due to disease, old age, starvation, or environmental 416 

change. The other mortality rate is a component of Ecosim’s coupled differential equations 417 

for the calculation of growth rates (production) at each time interval (Christensen and 418 

Walters, 2004). The NAOw was added to the model as an anomaly with the initial year 419 

equalling one and acted as a multiplier on the other mortality rate of large zooplankton based 420 

on the initial other mortality calculate in Ecopath (Christensen and Walters, 2004). Out of 421 

all the significant correlations, cod and whiting recruitment showed particularly strong 422 

relationships with the smoothed AMO trend. In Ecosim it is possible to apply forcing 423 

functions to impact consumption rates via predator search efficiency, the vulnerability of 424 

prey to predation and the foraging arena area (Christensen and Walters, 2004). Based on 425 

studies which find temperature to be an important component of stock-recruitment models 426 

for cod and whiting (Brunel and Boucher, 2007; Ottersen et al., 2013), the inverse AMO 427 

trend was used to drive recruitment rates rather than consumption rates. The EwE model 428 

uses a Deriso-Schnute delay-difference model (Deriso, 1980; Schnute, 1987) to keep track 429 

of the number of juveniles which recruit to the adult stage, and the number at age/size in the 430 

adult groups. Within this model, the number of age 0 juveniles produced each month is 431 

calculated as a function of adult biomass, numbers, and food consumption. To have the AMO 432 

as a driver of recruitment success, the recruitment function at time= t was multiplied by the 433 

AMO anomaly at time= 𝑡, where the AMO anomaly multiplier at 𝑡1 is 1 (Supplemental 434 

Methods S2). Following the application of environmental drivers, the model was fitted 435 

against observed biomass and catch time series (see Supplemental Results S1). Functional 436 

group responses to recruitment functions may be sensitive to the scaling of environmental 437 

drivers, however, in this study, the AMO anomaly was not rescaled for cod or whiting as 438 

model simulations performed well using the base anomaly. 439 
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3.3 Impact of environmental drivers on commercial stocks and fishing opportunities 440 

The structured addition of environmental drivers to the Irish Sea ecosystem model improved 441 

the fit of model simulations against observed data when compared previous model iterations 442 

(Table 1). The best fitting model (Scenario 5: sum of squared deviations (SS) = 627, AICc 443 

= -2091) included the AMO as a driver of cod and whiting recruitment, the smoothed NAOw 444 

as a driver of large zooplankton mortality, and group functional responses to depth integrated 445 

temperature for all functional groups. The performance of model simulations was reduced 446 

when removing any of these drivers, and in addition when environmental variability was 447 

implemented as an estimated anomaly on the production rate of phytoplankton (Scenario 2: 448 

SS = 756, AICc = -1707). Estimating primary production anomalies in EwE is a standard 449 

model fitting procedure to account for unknown environmental variation in the system 450 

(Heymans et al., 2016). As previously suggested by Mackinson (2014) and supported by this 451 

study, EwE model performance and credibility may benefit more from the assignment of 452 

environmental drivers guided by empirical analysis, as primary production, estimated 453 

through EwE fitting mechanisms, may not necessarily be the foundation of all or any 454 

retrospective ecosystem dynamics. Overall, the biomass and catch simulations for 455 

commercial stocks in the model showed good agreement with observed time series data 456 

(Figure 5), with the exception of haddock and plaice catch simulations which show slight 457 

deviations from observed trends.  458 

Removing environmental drivers and re-fitting the ecosystem model reduced its capacity to 459 

accurately simulate observed time series data (Scenario 1: SS = 859, AICc = -1466) (Table 460 

1). Without environmental drivers the biomass of cod increased post 1990 (Figure 5) 461 

following the reduction of demersal fishing effort (Supplemental Figure S1). Simulated 462 

catches of cod were also greater in the absence of the environmental drivers, in line with its 463 

increased biomass. Simulated whiting biomass and catches were higher without the inclusion 464 

of environmental drivers, although the trend still followed the decline witnessed in the 465 

observed time series. Haddock spawning stock biomass increased and benefitted from strong 466 

recruitment events in the Irish Sea, which was captured by the model to some extent, with 467 

simulations failing to replicate the magnitude of stock increase in 1998 and 2016. Without 468 

environmental drivers, the increase in haddock biomass was no longer simulated due to the 469 

increased predation pressure from cod. Plaice and sole showed negligible responses to the 470 

inclusion or exclusion of environmental drivers. Model simulations for these stocks 471 

performed well with fishing as their only direct driver, with fishing being responsible for 472 

most of their explained mortality (Supplemental Figure S6). Environmental drivers, 473 

indirectly mediated through the food web, had little effect on the simulations for plaice and 474 
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sole. There might be other still as yet untested drivers, such as habitat condition (Pihl et al., 475 

2005) and hydrodynamic circulation (Wegner et al., 2003), that influence the recruitment of 476 

sole and plaice. Herring recruitment showed a strong link to the NAOw and large 477 

zooplankton abundance. Large zooplankton had a bottom up effect on herring (Supplemental 478 

Figure S3), improving the model’s capacity to accurately simulate herring biomass. 479 

Excluding environmental drivers reduced the accuracy of model simulations for herring 480 

biomass (Figure 5). The herring biomass increase in the late 1980’s was present with and 481 

without environmental drivers and corresponds to a period of reduced fishing effort 482 

(Supplemental Figure S2). Like haddock, Nephrops biomass was influenced by the predation 483 

pressure of cod. Excluding environmental drivers and facilitating an increase in cod biomass 484 

lead to a decline in Nephrops biomass and catches. 485 

Simulated catch indicators from the environmentally driven model show good agreement 486 

with observed data (Figure 6). Total Irish Sea catch (Figure 6a) steadily declined from 1973 487 

to 2016, despite increased invertebrate landings (Figure 6c), due to the large decline in fish 488 

catches (Figure 6b). The invertebrate/fish catch ratio shifted in favour of invertebrates in the 489 

early 2000’s (Figure 6d). Excluding the effects of the environment from the model suggested 490 

more fish would have been caught under the same effort regime if environmental drivers 491 

were absent. However fewer invertebrates would have been caught, principally due to the 492 

reduced biomass of Nephrops. Despite this, the fishery still shifted from fish dominance to 493 

invertebrate dominance due to the effort regime in place, albeit a few years later due to the 494 

greater production of targeted fish stocks. 495 

4 Discussion 496 

Our study uses correlation analyses to direct the addition of environmental drivers to a food 497 

web model to demonstrate that bottom-up processes, forced by environmental change, and 498 

the top-down impacts of fishing have reduced the production of commercial stocks and 499 

fisheries in the Irish Sea. Identifying the ecosystem impacts of environmental change, as 500 

mitigated through trophic interactions, was made more effective by using a mechanistic 501 

approach to identify how best to incorporate extrinsic drivers into the model. The resulting 502 

simulations indicated that bottom-up processes suppressed the overall production of cod, 503 

whiting and herring, limiting opportunities for the fishing industry, whilst also dampening 504 

their rate of recovery despite marked reductions in fishing effort. Similar conclusions have 505 

been drawn for the Celtic Sea (Hernvann and Gascuel, 2020; Mérillet et al., 2019) and the 506 

North Sea, where an EwE model, calibrated with the guidance of empirical evidence, showed 507 

that temperature had an important influence on some key fish species (Mackinson, 2014). 508 
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Failure to account for the influence of the environment or trophic interactions when 509 

projecting the stock’s response to fishing effort manipulation, particularly in the face of 510 

climate change, may therefore lead to misconceived expectations and flawed fisheries 511 

management. 512 

Our study is not the first to identify management to be confounded by contradictory 513 

ecosystem influences. Other examples include Baltic sea cod, which was slow to respond to 514 

recovery plans due to the impacts of oxygen deficiency on its prey (Svedäng and Hornborg, 515 

2014), and red king crab around the Prilbilof Islands, which was quickly overfished when 516 

its environmentally driven recruitment fell (Szuwalski et al., 2014). Globally, ecosystem 517 

productivity reduces the recovery probability of depleted stocks by 42% when fishing at 518 

90% of the maximum sustainable rate (Britten et al., 2016). Conversely, Hernvann and 519 

Gascuel (2020) found that ecosystem variability may have mitigated fishing impacts in the 520 

Celtic Sea in the 1990s. Setting management reference points without considering the 521 

changing environment delays the rebuilding of depleted stocks and leads to inadvertent 522 

mismanagement (Sparholt et al., 2019). Quota advice that accounts for ecosystem condition 523 

is needed for a sustainable and adaptive Ecosystem Approach to Fisheries Management 524 

(EAFM). 525 

Despite the awareness that roughly 70% of fish stocks are being significantly affected by 526 

ecosystem processes (Vert-pre et al., 2013), only 2% of fish stocks have ecosystem drivers 527 

included in their tactical management advice (Skern‐Mauritzen et al., 2016). This can be 528 

partially explained by the frequent non-linearity of stock responses to environmental change 529 

(Myers, 1998), but also by the increased variance and limited process-based understanding. 530 

Novel approaches are needed to encourage ecosystem information to be incorporated into 531 

fisheries advice. Complex models such as EwE are strategic in nature and are generally not 532 

designed to provide tactical advice (Plagányi et al., 2014), therefore their strength, and 533 

operational potential, lies in their capacity to enhance standard assessment methodologies 534 

with ecosystem information (Plagányi and Butterworth, 2004).WKIrish proposed ecosystem 535 

information be used as an additional factor to consider when selecting a fishing pressure 536 

target from the FMSY ranges (ICES, 2018b). FMSY is the fishing mortality consistent with 537 

achieving Maximum Sustainable Yield (MSY), which ICES provides to fisheries managers 538 

as an adaptable range between FMSYupper and FMSYlower. If ecosystem conditions are poor, then 539 

managers can be advised to apply an FMSY at the lower end of the range in order to minimise 540 

the cumulative impact their actions may have on the system, and vice-versa. This is a 541 

relatively non-intrusive way to incorporate ecosystem information into a framework, which 542 

is already in-place. 543 
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4.1 Relationship between the environment and zooplankton 544 

 Our study suggests there is a link between the smoothed NAOw and the abundance of large 545 

zooplankton in the Irish Sea. This link has previously been identified from the northern-most 546 

to tropical latitudes of the North Atlantic Ocean (Piontkovski et al., 2006) and largely 547 

accredited to two hypotheses: (1) west wind stress generates strong surface mixing which 548 

delays phytoplankton blooms and diminishes zooplankton abundance (Fromentin and 549 

Planque, 1996), and (2) there is a negative effect of increasing sea surface temperature, 550 

associated with the positive phase of the NAO, on species with affinity for colder waters 551 

(Fromentin and Planque, 1996; Piontkovski et al., 2006; Planque and Taylor, 1998). Since 552 

colder affinity zooplankton taxa tend to be larger bodied, increasing SST is expected to lead 553 

to an overall reduction in average body size (Pitois and Fox, 2006).  554 

Previous work with the Irish Sea Ecopath model identified large and small zooplankton to 555 

be keystone components of the Irish Sea food web (Bentley et al., 2019a), with small changes 556 

in their biomasses having large impacts on the biomasses of other groups in the food web, 557 

particularly planktivorous fish such as herring and sprat. This study not only reinforces this 558 

but also provides a more detailed view of the relationships between zooplankton and 559 

phytoplankton in the Irish Sea. Lynam et al. (2011) suggested that recent increases in the 560 

PCI may be linked to reductions in grazing pressure from zooplankton. This is supported by 561 

our correlation analysis, with zooplankton negatively correlated to phytoplankton. High 562 

vulnerability multipliers were estimated by the model for the predation of phytoplankton by 563 

zooplankton (Figure S3), suggesting the model was best able to simulate existing trends 564 

when zooplankton exerted a top-down control on phytoplankton. This provides an argument 565 

against the simple estimation of a phytoplankton anomaly in EwE, as the important role of 566 

secondary producers as drivers of phytoplankton biomass may have been overlooked if we 567 

had not acknowledged the direct impact of the environment on zooplankton. Large and small 568 

zooplankton abundances were found to positively correlate in this study. A low vulnerability 569 

multiplier was estimated for large zooplankton (predator) and small zooplankton (prey) 570 

which suggests the consumption of small zooplankton by large zooplankton is driven by the 571 

abundance of small zooplankton, corresponding with studies that identify zooplankton 572 

predation rates to be highly dependent on prey densities (Ohman, 1986; Ohman and Hirche, 573 

2001).  574 

Results from our study provide evidence that the bottom-up control on large zooplankton 575 

abundance affects the production and fishing opportunities for herring. Climate driven 576 

changes in the productivity, nutritional value, and phenology of the zooplankton community, 577 

such as the changes associated with the recent increase in Calanus helgolandicus and decline 578 
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in the of C. finmarchicus in the Irish Sea (ICES, 2016c), may impact the productivity of 579 

commercial fisheries if not considered in fisheries advice and management ( Fromentin & 580 

Planque, 1996; Møller et al., 2012; Reygondeau & Beaugrand, 2011; Wilson et al., 2018). 581 

4.2 Underpinning the drivers of commercial stocks 582 

Herring biomass was strongly driven by the availability of large zooplankton, supporting the 583 

conclusions from studies in the North Sea (Heath, 2005; Mackinson et al., 2009; Nye et al., 584 

2014) which identify prey availability as an important driver of herring biomass. Earlier 585 

research identified time lags in the correlation between the NAO and herring recruitment, 586 

suggesting that physical processes are not directly influencing recruitment but are instead 587 

operating via interannual changes in prey availability (Alvarez-Fernandez et al., 2015; 588 

Gröger et al., 2009). Herring biomass was also clearly modified by fishing pressure, showing 589 

a response to reduced fishing effort in the late 1980’s. Our study suggests that the production 590 

of the Irish Sea herring fishery has been impacted both by fishing effort and by the abundance 591 

of larger zooplankton. There could potentially be a mismatch between the spatial overlap of 592 

herring and zooplankton, which should be further investigated with spatial information at a 593 

scale that represents the distribution patterns of both zooplankton and herring. 594 

Cod abundance was negatively correlated with the AMO anomaly of sea surface temperature 595 

(SST). It is well understood that sea temperature has a direct impact on cod stocks through 596 

recruitment (Clark et al., 2003; O’brien et al., 2000; Planque and Fox, 1998; Rindorf et al., 597 

2020), consumption rates (Peck et al., 2003), growth (Brander, 1995), and mortality 598 

(Akimova et al., 2016), especially in areas such as the Irish Sea where cod is close to the 599 

edge of its thermal range (Righton et al., 2010). Temperature may also indirectly impact 600 

recruitment through bottom up processes acting through primary production (Beaugrand et 601 

al., 2003; Svendsen et al., 2007). In this study, the PCI in the Irish Sea showed positive 602 

correlations with temperature based environmental variables thus temperature may have 603 

impacted cod recruitment both directly and indirectly by reducing prey availability. A recent 604 

retrospective analysis of the impact of ocean warming on the production of 235 commercial 605 

stocks, identified Irish Sea cod as the stock with the most negative response, suggesting that 606 

the maximum sustainable yield of this stock would shrink by 54% for each additional degree 607 

of future warming (Free et al., 2019). Our model simulations identified environmental 608 

drivers as one of the primary causes for the stock’s slow response to the cod long-term plan. 609 

When excluding environmental drivers from the model’s simulation, the cod stock recovered 610 

after 1990 in response to reductions in fishing effort. Our results suggest that the 611 

environment plays an important role in the productivity of the cod fishery, perhaps providing 612 

an insight into why plans which failed to account for environmental uncertainty were unable 613 
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to project the cod stocks response to effort manipulation (Kelly et al., 2006). A recent study 614 

by Sguotti et al. (2019) demonstrated a similar relationship between temperature, fishing, 615 

and cod biomass for most of the Atlantic cod stocks, as temperature changes result in a non-616 

linear relationship between fishing mortality and stock biomass causing limited recovery 617 

even after the reduction of fishing mortality. A more dynamic management strategy may be 618 

required for Irish Sea cod considering these intrinsic links to the environment, or one may 619 

have to accept that the stock cannot be rebuilt to its former size under present and future 620 

environmental conditions. 621 

Environmental drivers also appear to have led to a reduced production for whiting in the 622 

Irish Sea, as suggested for whiting in the North Sea (Simpson et al., 2011). Unlike cod, 623 

retrospective analyses for whiting suggest that even without environmental change, the stock 624 

would have continued to decline, suggesting the large reduction in gadoid fishing effort 625 

would not have been enough. Even with the reduction in gadoid fishing effort, fishing 626 

mortality remained high for whiting, as the Nephrops fishery was maintained with a high 627 

bycatch and discard of whiting (ICES, 2018d). Discarding is currently a major management 628 

issue for the whiting stock as, despite the recommendation for zero catch, annual discard 629 

estimates still remain around 700 tonnes (ICES, 2018d). With the implementation of the 630 

landings obligation (EC, 2013), whiting runs the risk of becoming a major ‘choke species’ 631 

for the Nephrops fishery, where its low quota could result in the early closure of the fishery 632 

(Baudron and Fernandes, 2015). High fishing mortality and the AMO have also previously 633 

been linked to the shift in whiting distribution observed in the North Sea (Kerby et al., 2013). 634 

The decline of whiting biomass in the Irish Sea might therefore also be linked to a migration 635 

of recruits, potentially to the southern Celtic Seas stock (ICES areas VIIb, c, e-k), which 636 

would reflect the fishers’ perceptions (ICES, 2015) and the increasing biomass of this stock 637 

(ICES, 2018d). Because the present model treats the Irish Sea as a closed system, it is unable 638 

to account for stock decline via migration. Targeted research would be required to evaluate 639 

whether a migration of whiting between the Irish and southern Celtic Seas might be a factor 640 

in understanding the low stock levels in the Irish Sea. One possible approach to this might 641 

be the analysis of radiocarbon (14C) signatures in the whiting otoliths to determine their 642 

likely origin. These signatures are characteristic of biota from the Irish Sea due to the 643 

discharge of radioactive waste from the Sellafield nuclear complex (Muir et al., 2017; 644 

Tierney et al., 2018). We may expect whiting recruitment to the Irish Sea to increase in the 645 

next few years if fishing effort remains low and the AMO begins to shift towards its negative 646 

phase (Kerr, 2000; Serpetti et al., 2017). However, whilst the negative phase of the AMO 647 

may slow the rate of temperature increase, temperatures are still expected to rise in line with 648 
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carbon emissions (IPCC, 2019), meaning whiting recruitment may continue to be dampened 649 

by climate change. The food web model simulated a slight increase in whiting biomass from 650 

2014 onwards, which was also shown in the most recent stock assessment for the Irish Sea 651 

(ICES, 2018d). Whiting also shows signs of recovery off the West Coast of Scotland (ICES 652 

area VIa) following a period of low stock production (ICES, 2018d), which may suggest that 653 

the species response to the AMO and fishing mortality is biological rather than behavioural 654 

(migration). 655 

Our model results indicate that the increase in haddock biomass in the Irish Sea is primarily 656 

due to its release from competition and reduced predation from cod and whiting. Haddock 657 

prefer smaller zooplankton prey items than cod and whiting during juvenile stages, reducing 658 

interspecific completion for large zooplankton (Rowlands et al., 2008) and influencing high 659 

recruitment variability which has been linked to strong year-classes (Dickey-Collas et al., 660 

2003; Fogarty et al., 2001). With cod showing a recent modest recovery in the Irish Sea, 661 

model simulations suggest haddock may begin to decline in response to the increased 662 

predation pressure. The same is true for Nephrops. Model simulations indicate that the recent 663 

recovery of cod negatively impacted the biomass of Irish Sea Nephrops through increased 664 

predation mortality. Previous research by Armstrong et al. (1991) noted the possibility of 665 

this trophic response under scenarios of reduced cod fishing mortality. Whilst two of the 666 

three Nephrops stocks in the Irish Sea are showing recent abundance declines, they tend to 667 

be within historical limits (ICES, 2018d). Nephrops are of particular economic importance 668 

to the Irish fishing industry due to their relatively stable value and high-volume landings 669 

(Davie et al., 2015; STECF, 2018b). An increasing cod population may have economic 670 

consequences for the Irish Sea fishing industry if Nephrops declines, however the increased 671 

production of the cod fishery may provide an economic trade-off like those suggested for 672 

the North Sea (Mackinson et al., 2018). 673 

Our study suggested that Irish Sea plaice and sole biomass trends have been predominantly 674 

driven by fishing mortality when considering the cumulative impact of fishing, the 675 

environment, and food web effects. Unfortunately, sole could not be included in the 676 

correlation exercise as it lacked a juvenile component in the model. Future development of 677 

the Irish Sea model may wish to split sole into a multi-stanza group to explore the impacts 678 

of environmental change on recruitment. Correlation analysis identified a positive 679 

relationship between plaice recruitment and the AMO and a negative correlation between 680 

plaice and cod recruitment. Nash & Geffen (2000) found that the recruitment of plaice was 681 

influenced by density dependent mortality, with little evidence to support a direct 682 

relationship between survival and temperature. Previous correlation analyses identified a 683 
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negative relationship between winter-spring SST and plaice recruitment in the Irish Sea (Fox 684 

et al., 2000), contradicting the positive correlation found between the AMO and plaice in 685 

our study. Upon finding the contradictory results, we revisited the recruitment trend used by 686 

Fox et al. (2000) and compared it to the recruitment trend used in this study. Both trends, for 687 

the years they overlapped, were markedly different, likely owing to the improvement of the 688 

2018 assessment model over the 2000 assessment model. When running the 2000 assessment 689 

trend through the correlation analysis used in this study, we found significant negative 690 

correlations between plaice recruitment and the AMO and SST (annual and winter-spring) 691 

supporting the findings of Fox et al. (2000). Correlation relationships are known to break 692 

down over time with new and extended data (Myers, 1998). Based on the contradicting 693 

literature we assume that the link between plaice and the AMO found in our study is an 694 

indirect effect of the environment through its impact on the abundance and consumption rate 695 

of cod. Whilst not captured in this study, heavy predation rates on plaice eggs by sprat 696 

(Sprattus sprattus) have also been suggested to influence stock recruitment in the Irish Sea 697 

(Plirú et al., 2012). In the North Sea, climate has been linked to distribution shifts of plaice 698 

and sole (Engelhard et al., 2011). Plaice has moved north, leading to an increased abundance 699 

off the east coast of Scotland, whilst sole has moved south, driven additionally by fishing 700 

pressure. Whilst it is unclear whether the distributions of sole and plaice within the Irish Sea 701 

have changed over time, they currently exist within their temperature tolerance ranges 702 

(Kaschner et al., 2016). 703 

4.3 Study limitations and future work 704 

Attention must be drawn to the uncertainty inherent in ecosystem models due to the large 705 

number of input parameters required to describe rates of production, consumption, 706 

abundance, and fishing. Each parameter has associated uncertainty in line with the quality 707 

and quantity of available data. This uncertainty makes it difficult to use these models to 708 

provide ecosystem-based tactical advice, a job which may be more suited to Models of 709 

Intermediate Complexity (MICE) (Plagányi et al., 2014). Whilst we addressed parameter 710 

uncertainty using a Monte Carlo approach, the structural uncertainty of the model remains 711 

an issue. There is fragmentation within the field of ecosystem modelling due to conflicting 712 

opinions regarding the capacity of different tools to accurately model multi-species 713 

dynamics (Heymans et al., 2018; Hyder et al., 2015). To tackle this issue, WKIrish is 714 

working towards the development of a second Irish Sea ecosystem model based on the 715 

LeMans framework (Thorpe et al., 2015). This will provide the start of a model ensemble 716 

using the same parameter information with structural differences in the models. Model 717 

ensembles allow users to infer stronger conclusions from concurrent model results, whilst 718 
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providing a means to better understand the structural uncertainty of models where results 719 

differ (Celić et al., 2018; Heymans et al., 2018; Spence et al., 2018). As is characteristic of 720 

modelling with a priori selected variables, there may be additional variables not considered 721 

within this study, such as pollution, or salinity, which impacted past ecosystem dynamics. 722 

Spatial processes that may have impacted stock production, such as migration and predator-723 

prey overlap, are also not addressed here. The development of a spatial model (Ecospace) 724 

would provide a foundation for the exploration of changes in species distributions 725 

(Steenbeek et al., 2013). Furthermore, the study relies on recruitment and biomass outputs 726 

from single stock assessments to search for environmental correlations and calibrate the 727 

model. Whilst these outputs are based on the best data available and the most up-to-date 728 

assessment methods, there is also uncertainty associated with stock assessment models. 729 

The development of this Irish Sea EwE model is an adaptive process, with regular updates 730 

using new data to keep the model relevant as an advice tool for management. The Irish Sea 731 

EwE model has an ICES key run evaluated by the Working Group on Multispecies 732 

Assessment Methods (WGSAM), which serves as a quality assured source for scientific 733 

input to ICES advice products (ICES, 2019b). It is recommended that key runs are reviewed 734 

every few years to document and assess the changes since the previous key run. At the last 735 

WKIrish meeting it was recommended that the AMO driver be replaced by an Irish Sea SST 736 

time series averaged over three years. The AMO behaved well as a driver of retrospective 737 

cod and whiting recruitment however SST will be more appropriate when forecasting the 738 

ecosystem and looking at the impacts of local climate change. 739 

5 Conclusion 740 

The combined impacts of environmental change and fishing pressure have driven declines 741 

in the overall productivity of Irish Sea fisheries which should be expected to continue with 742 

climate change. The reduction of demersal fishing effort coincided with a positive shift in 743 

the AMO and a rise in temperature which reduced the recruitment success of cod and 744 

whiting, dampening their possible response to effort reduction. Failure to consider ecosystem 745 

driven changes in production likely played a large role in the failure of the recovery plan to 746 

meet its objectives. Novel approaches are needed to incorporate ecosystem information into 747 

tactical fisheries advice in order to account for the impact of climate change on ecosystem 748 

condition and stock production. 749 

The results and advice derived from ecosystem models can be sensitive to their calibration. 750 

Calibration approaches must therefore be defensible if EwE models are to stand a chance of 751 

being used to advise management. The use of empirical analyses to identify how best to 752 
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incorporate environmental drivers in Ecosim provided justification for their addition. This 753 

two-step approach also improved model performance and increased our understanding of the 754 

trophic dynamics. The traditional approach of estimating a primary production anomaly 755 

when fitting in EwE may cause users to overlook the possibility that secondary producers 756 

and higher trophic levels may have been directly impacted by environmental change. 757 

In addition to identifying the retrospective impact of extrinsic drivers, research should focus 758 

on identifying how retrospective management might have been improved (i.e. effort 759 

manipulation, gear selectivity, area closures, discards) in order to inform and enhance future 760 

management. Whilst there are still uncertainties regarding future ecosystem responses to 761 

climate change and human pressures, the benefits of moving towards an ecosystem-based 762 

approach outweigh the risks of inaction. Management systems based on maximising 763 

individual species yields need to acknowledge the uncertainty inherent in marine ecosystems 764 

in order to prevent overfishing, meet biodiversity targets, and sustainably support future 765 

generations of fishers. 766 
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Figure and Table legends 1283 

 
Figure 1. Map of the British Isles and Ireland with inset showing the extent of the Irish 

Sea ecosystem model, defined as ICES division VIIa. 

 
 1284 
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Figure 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 (< 2mm) abundance, and (f) large zooplankton (> 2mm) abundance. 
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 1287 

 
Figure 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<0.05; **𝑝<0.01; ***𝑝<0.001. 
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Figure 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://standardgraphs.ices.dk. 
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Figure 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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Figure 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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Table 1. Irish Sea EwE model iterations, fitting components, and measure of statistical fit. 

Five scenarios are presented wherein the Ecosim model was fitted with different 

combinations of environmental drivers.  

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 -1466 -1707 -2001 -2045 -2091 

Sum of squared deviations 859 756 650 639 627 

*PP anomaly with 4 spline points (adds to K) 
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