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Abstract 

The worlds’ marine ecosystems are degrading under wide ranges of ever intensifying, diversifying and 
co-occurring human pressures. Ecosystem-based management (EBM) approaches have emerged as an 
alternative to ineffective single species and single sector management, veering away from siloed top-
down approaches towards science-based, participatory processes that recognise connections across the 
system and seek to balance economic benefits with sustainably harvested and healthy ecosystems. To 
galvanize a global push towards EBM, the United Nations declaration of the Decade of Ocean Science 
for Sustainable Development (Ocean Decade) has given the oceanographic community a unique 
imperative to transform marine sciences into holistic, participatory, transparent and inclusive forms that 
involve and serve society. 

Transforming actual ocean sciences is easier said than done. Marine Ecosystem Models or MEMs are 
powerful mathematical tools for understanding past marine ecosystem and their dynamics under 
cumulative pressures, and have utility for predicting how ecosystems may continue to develop under 
scenarios of change. MEMs are widely used in science, and have significant utility to advice decision 
making and policy. However, despite decades of scientific progress, and despite an abundance of 
scientific recipes in the literature that can be deployed towards the aims of the Ocean Decade, the actual 
uptake of MEMs in management remains low.  

This dissertation explores why this is, and argues that the actual uptake of MEMs in policy and society 
is in part hampered by a factor largely ignored by the marine sciences: technical issues, institutionalized 
by the current competitive and achievement-driven academic funding model. The dissertation is based 
on four manuscripts, which explore the specific challenges raised by the Ocean Decade, and define and 
implement working prototypes to demonstrate that the gap between theory and practice can be bridged.  

The first challenge, enabling decision processes to use MEMs, is addressed in manuscript 1 where a 
MEM is integrated into a decision support tool for marine spatial planning, beyond the operational 
control of marine scientists. The second challenge, related to meaningfully communicating MEM output 
to outside audiences, is addressed in manuscript 2 where a MEM is interconnected with a 3D gaming 
engine to empathically visualize environmental change. The last challenge, making sure that MEM 
output is robust, is discussed in manuscripts 3 and 4. Of these, the first manuscript explores the reasons 
behind lack of systematic MEM assessments and puts forth a potential framework to overcome this 30-
year old limitation. Manuscript 4 introduces a working and open-source prototype of that framework. 

Overall, these studies show that relatively simple software engineering can empower the use of MEMs 
towards the aims of the Ocean Decade, EBM, and beyond. This dissertation underscores that scientific 
and technical developments must go hand in hand, but also suggests that the status quo may not change 
unless long-term tool development and support become academic funding priorities. Last, although the 
prototypes developed in this dissertation should be taken as ideas that need further maturing in future 
research, the ideas throughout irrevocably demonstrate that the field of marine ecosystem modelling 
with relatively simple means can be made operational for the Ocean Decade. If anything, this 
dissertation is a rallying cry to the global marine ecosystem modelling community to rethink and 
reshape how we build, validate, calibrate and deploy our tools, with the aim to reach and involve the 
audiences that need marine science advice but do not have the means to generate it.  
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Resumen 

Los ecosistemas marinos del mundo se están degradando por efecto de una amplia gama de presiones 
humanas combinadas que se intensifican y diversifican. Los enfoques de gestión basada en ecosistemas 
(EBM) han surgido como alternativa a la gestión ineficaz, transitando desde enfoques sectoriales 
basados en una lógica de arriba-abajo hacia procesos participativos apoyados en la ciencia que 
reconocen conexiones a nivel de todo el sistema y buscan equilibrar el beneficio económico con 
ecosistemas saludables y sostenibles. El Decenio de las Ciencias Oceánicas para el Desarrollo 
Sostenible de las Naciones Unidas ha trasladado a la comunidad oceanográfica el imperativo de 
transformar las ciencias marinas con enfoques holísticos, participativos, transparentes e inclusivos que 
involucren y sirvan a la sociedad.  

Transformar las ciencias oceánicas actuales es difícil. Los modelos de ecosistemas marinos (MEM) son 
herramientas matemáticas poderosas para comprender la dinámica pasada de los ecosistemas marinos 
y su cambio bajo presiones acumulativas, y capaces de predecir cómo los ecosistemas pueden continuar 
desarrollándose en escenarios cambiantes. Los MEM se utilizan ampliamente en ciencia y tienen una 
gran utilidad para asesorar políticas y tomar decisiones. Sin embargo, a pesar de décadas de progreso y 
de la abundancia de recomendaciones en la literatura científica que pueden implementarse para alcanzar 
los objetivos del Decenio de los Océanos, la adopción real de los MEM en la gestión sigue siendo baja. 

Esta tesis explora las razones de esta situación y sostiene que la adopción real de los MEM en las 
políticas y la sociedad se ve obstaculizada en parte por un factor ignorado en gran medida por las 
ciencias marinas: los problemas técnicos, institucionalizados por el modelo actual de financiación 
académica competitiva y orientada a resultados. La tesis se basa en cuatro manuscritos que exploran los 
desafíos específicos que plantea la Década de los Océanos y definen e implementan prototipos 
funcionales que muestran que se puede cerrar la brecha entre la teoría y la práctica. 

El primer desafío, permitir que los procesos de decisión utilicen MEM, se aborda en el manuscrito 1, 
en el que un MEM se integra en una herramienta de apoyo a la toma de decisiones para la planificación 
espacial marina, sin necesidad de control operativo de los científicos marinos. El segundo desafío, 
relacionado con la comunicación efectiva de los resultados de MEM a audiencias externas, se aborda 
en el manuscrito 2, en el que un MEM se interconecta con un motor de juego 3D para mostrar 
visualmente el cambio ambiental. El desafío final, garantizar que los resultados del MEM sean sólidos, 
se analiza en los manuscritos 3 y 4. De estos, el primero explora las razones de la falta de evaluaciones 
sistemáticas del MEM y propone un marco para superar esta limitación persistente, mientras que el 
segundo presenta un prototipo funcional de código abierto de este marco. 

En conjunto, estos estudios muestran que una ingeniería de software relativamente sencilla puede 
potenciar el uso de MEM hacia los objetivos de la Década de los Océanos, la EBM y más allá. Esta 
tesis subraya que los avances científicos y técnicos deben ir de la mano, pero también sugiere que el 
estancamiento actual puede no cambiar a menos que el apoyo a largo plazo a las herramientas sea una 
prioridad de financiación. Por último, aunque los prototipos desarrollados en esta tesis deben tomarse 
como ideas que necesitan madurarse más, los trabajos presentados muestran inequívocamente que el 
campo de la modelización de ecosistemas marinos con medios relativamente simples puede hacerse 
operativo para el Decenio de los Océanos. Este trabajo aspira a motivar a la comunidad mundial de 
modelización de ecosistemas marinos para repensar cómo construimos, validamos, calibramos e 
implementamos nuestras herramientas, con el objetivo de llegar e involucrar a las audiencias que 
necesitan este asesoramiento. 
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Resum 

Els ecosistemes marins del món s'estan degradant sota un ampli ventall de pressions humanes 
combinades que s'intensifiquen i es diversifiquen. Els enfocaments de gestió basada en ecosistemes 
(EBM) han sorgit com una alternativa a la gestió ineficaç, transitant des d´enfocaments sectorials de 
dalt a baix cap a processos participatius recolzats en la ciència que reconeixen connexions a nivell de 
tot el sistema i busquen equilibrar el benefici econòmic amb ecosistemes saludables i sostenibles. El 
Decenni de les Ciències Oceàniques per al Desenvolupament Sostenible de les Nacions Unides ha 
traslladat a la comunitat oceanogràfica l´imperatiu de transformar les ciències marines mitjançant 
enfocaments holístics, participatius, transparents i inclusius que involucrin i serveixin a la societat. 

Transformar les ciències oceàniques actuals és difícil. Els models d'ecosistemes marins (MEM) són 
eines matemàtiques poderoses per comprendre la dinàmica passada dels ecosistemes marins i el seu 
canvi sota pressions acumulatives, i capaces de predir com els ecosistemes poden continuar 
desenvolupant-se en escenaris canviants. Els MEM s'utilitzen àmpliament en ciència i tenen una gran 
utilitat per assessorar polítiques i prendre decisions. No obstant això, malgrat dècades de progrés i de 
l'abundància de recomanacions científiques que poden implementar-se per aconseguir els objectius del 
Decenni dels Oceans, l'adopció real dels MEM en la gestió continua sent baixa. 

Aquesta tesi explora les raons d'aquesta situació i sosté que l'adopció real dels MEM en les polítiques i 
la societat es veu en part obstaculitzada per un factor ignorat en gran part per les ciències marines: els 
problemes tècnics, institucionalitzats pel model actual de finançament acadèmic competitiu i orientat a 
resultats. La tesi es basa en quatre manuscrits, que exploren els desafiaments específics que planteja la 
dècada dels oceans i defineixen i implementen prototips funcionals que mostren que es pot salvar la 
bretxa entre la teoria i la pràctica. 

El primer desafiament, permetre que els processos de decisió utilitzin MEM, s'aborda al manuscrit 1, 
on un MEM s'integra en una eina de suport a la decisió per a la planificació de l'espai marí, sense 
necessitat de control operatiu dels científics marins. El segon desafiament, relacionat amb la 
comunicació significativa de la sortida del MEM a audiències externes, s'aborda al manuscrit 2, en el 
qual un MEM s’interconnecta amb un motor de joc 3D per mostrar visualment el canvi ambiental. El 
desafiament final, garantir que els resultats del MEM siguin sòlids, es discuteix en els manuscrits 3 i 4. 
D'aquests, el primer explora les raons de la manca d'avaluacions sistemàtiques dels MEM i proposa un 
marc potencial per superar aquesta limitació persistent, mentre que el segon presenta un prototip 
funcional de codi obert d'aquest marc. 

En conjunt, aquests estudis mostren que una enginyeria de programari relativament senzilla pot 
potenciar l'ús de MEM per als objectius de la dècada oceànica, l’EBM i més enllà. Aquesta tesi subratlla 
que els avanços científics i tècnics han d'anar de bracet, però també suggereix que el l'estancament 
actual no pot canviar tret que el desenvolupament i el suport a llarg termini a les eines sigui una prioritat 
de finançament. Encara que els prototips desenvolupats en aquesta tesi han de prendre´s com a idees 
que necessiten madurar-se més en futures investigacions, els treballs presentats mostren amb claredat 
que la modelització d'ecosistemes marins amb mitjans relativament senzills pot fer-se operativa per a 
la Dècada dels Oceans. Finalment, aquest treball és una crida urgent a la comunitat mundial de 
modelització d'ecosistemes marins per repensar i remodelar com construïm, validem, calibrem i 
despleguem les nostres eines, amb l'objectiu d'arribar i implicar a les audiències que necessiten aquest 
assessorament.  



 

iv 

  



 

v 

Recommended citation: 

Steenbeek, J. (2024). Ecosystem modelling for the Ocean Decade – facing the challenges. Doctoral 
dissertation, Polytechnic University of Catalunya. 

Keywords: 

1\: Ecopath with Ecosim 
2\: EcoOcean 
3\: Earth System Models 
4\: MacGyver 
5\: Marine Ecosystem Models 
6\: Modelling for policy and society 
7\: Serious gaming 
8\: Software design and interoperability 
9\: Systematic validation, calibration and uncertainty assessments 
10\: UN Ocean Decade 

Accreditation 

The research for this dissertation was conducted at Ecopath International Initiative (Barcelona, Spain) 
and received funding from Rijkswaterstaat (The Netherlands) and projects TRIATLAS (Tropical and 
South Atlantic climate-based marine ecosystem prediction for sustainable management; European 
Commission’s Horizon 2020 research and innovation programme under grant agreement #817578), 
EcoScope (Ecocentric management for sustainable fisheries and healthy marine ecosystems; European 
Commission’s Horizon 2020 Research and Innovation programme under grant agreement #101000302) 
and MarinePlan (Improved transdisciplinary science for effective ecosystem-based maritime spatial 
planning and conservation in European Seas; European Union's Horizon Europe research and 
innovation programme HORIZON-CL6-2021-BIODIV-01-12 under grant agreement #101059407) 
 

 
All research has been executed through collaborations with UBC-IOF (Vancouver, Canada); CSIRO 
(Hobart, Tasmania); ICM-CSIC (Barcelona, Spain) and BUAS (Breda, the Netherlands); under project 
ProOceans (Spanish Ministry of Science and Innovation Grant PID2020‐118097RB‐I00); EU projects 
ActNow (Advancing understanding of Cumulative Impacts on European marine biodiversity, ecosystem 
functions and services for human wellbeing; European Commission's Horizon 2020 Research and 
Innovation programme under grant agreement #101060072) and NECCTON (New Copernicus 
capabilities for trophic ocean networks; Horizon Europe RIA under grant agreement #101081273), and 
under the aims of UN Decade Programme DITTO (Digital Twins of the Ocean). 

Cover art work by Jeroen Steenbeek and Mike Pan, image credits Shutter Stock #133086170.  
Chapter images created by Mike Pan via OceanViz 2.0 (under development). 

This work is a 100% human effort. No AI was used or harmed otherwise to generate or redact the 
content of this dissertation. 

  

Ecopath
International
Initiative



 

vi 

  



 

vii 

 

 

 

 

 

“Remember that all models are wrong; the practical question is 
 how wrong do they have to be to not be useful” 

– George E.P. Box, in Box and Draper (1987) 
 

“Models are not like religion; you can have more than one  
(and you should not believe them)” 

– Villy Christensen (timeless) 
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“The greatest threat to our planet is the belief someone else will save it” 

– Robert Swan (undated) 
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3 

1.1 Synopsis 

In this dissertation I explore why marine ecosystem models, despite decades of ground-breaking 
research, still are underused in terms of serving society and decision-making. Especially the United 
Nations Ocean Decade calls for a transformation in marine sciences, for which the marine ecosystem 
modelling community is ill prepared. I argue that this is predominantly due to an underacknowledged 
aspect in marine science: software-technical issues, which prohibit a much wider use of these models 
to meet the challenges posed by the Ocean Decade.  

Here, I will take on the three major challenges posed by the Ocean Decade, and I will define and 
implement working software solutions that demonstrate how the field of marine ecosystem modelling 
can move forward to meet the challenges of the Decade. In order to facilitate broad uptake around the 
world, regardless of access to funding and IT skills, these solutions are kept as simple as possible, and 
are free and open source. 

1.2 Background 

Marine biodiversity is the foundation for ecosystem function and processes, empowering goods and 
services, bringing substantial health, social and economic benefits to coastal communities. Worldwide, 
increasing direct and indirect human pressures on marine biodiversity result in uncertainty in securing 
a sustainable future for coupled human-nature systems (Halpern et al., 2019). Almost all marine 
ecosystems around the world are in various states of decline due to the ever increasing and diversifying 
pressures created by human uses (Bowler et al., 2020; European Environment Agency, 2024), fuelled 
by the vast technological and economic developments in the last century (Katsanevakis et al., 2011). 
Human-induced climate change (climate change), exploitation and overfishing, pollution, habitat 
change and species invasions have been identified as the five most widespread and important 
anthropogenic drivers that have altered the state of marine ecosystems worldwide (Bowler et al., 2020; 
IPCC, 2019) with far-reaching consequences such as loss of biodiversity, habitat destruction, resource 
depletion, and loss in ocean system resilience and function (IPBES, 2019). Most urgently, these 
consequences are already co-occurring at a global scale well before the rapid expansion of marine 
industries and new uses has completed its exponential growth phase (Jouffray et al., 2020). Less resilient 
ecosystems are prone to accelerated deterioration under continued warming, deoxygenation and 
acidification and continued human exploitation (Chambers et al., 2019; Smale et al., 2019), which even 
further increases the severity of risks to marine and coastal ecosystems (European Environment Agency, 
2024). Presently, the impacts of climate-change induced climate instability are increasingly being felt 
around the world, with the year 2023 breaking an extraordinary series of climate records (Cheng et al., 
2024; Ripple et al., 2023) and 2024 shaping up to do likewise. Humanity is now entering uncharted 
territory, with a general concern that the earth system is accelerating towards tipping points and 
dangerous instability that will make futures less certain but certainly far less hospitable (Hewitt and 
Thrush, 2019; Lenton et al., 2019; Ripple et al., 2023). 

The deteriorating state of marine ecosystems around the world is also a testament of the failure of 
conventional piecemeal ocean governance, characterized by Foley et al. (2010) as “a patchwork of 
complex, uncoordinated and often disjointed rules and regulations”. The need for more effective and 
stronger action is acute, which can only be realized through transformative management approaches 
that depart from the traditional piecemeal governance and sectoral management (Foley et al., 2010; 
Halpern et al., 2012; J. S. Link, 2010; Stephenson et al., 2021). Future management approaches must 
consider the entire range of interdependent components that govern the state of marine ecosystems, and 
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the interactions among activities and their compounding impacts, beyond regional, national and local 
jurisdictions (Geary et al., 2020; Katsanevakis et al., 2011; Levin et al., 2009; Rockström et al., 2024; 
Stephenson et al., 2019). Last, as political priorities, policies and rules, and scientist and management 
approaches come and go, conservation baselines have been repeatedly reset to the creeping declining 
state of ecosystems. Known as the “Shifting Baseline Syndrome” (Pauly, 1995), generational loss of 
knowledge leads to a progressive acceptation of environmental degradation (Soga and Gaston, 2018); 
as such, effective management approaches should aim to rebuild ecosystems rather than simply 
conserve them (Pitcher and Pauly, 1998), with firmly anchored reference baselines and long-term 
objectives, based on long-past records (Soga and Gaston, 2018). 

Ecosystem Based Management (EBM) has emerged as a cross-sectoral, holistic approach that integrates 
the various human and non-human uses in an ecosystem. EBM veers away from traditional top-down 
management decisions towards science-based ocean governance through transdisciplinary consultation 
processes that encourage co-ownership through co-design, co-production and co-dissemination (Ehler 
and Douvere, 2009; Fulton et al., 2015; Röckmann et al., 2017; Weiand et al., 2021). This also implies 
that EBM approaches must contend with the uncertainty in stakeholder diversity, values and viewpoints 
(Workman et al., 2020), including competing interests amongst different uses of the finite marine space, 
such as conservation and restoration efforts, renewable energy, gas-, oil- and mineral extraction, 
fisheries and aquaculture, shipping, tourism, and coastal development (Collie et al., 2013). Last, 
effective holistic management must to be informed by robust and transparent science and knowledge 
sharing (Karp et al., 2023; Katsanevakis et al., 2011; Levin et al., 2009; Röckmann et al., 2017; Weiand 
et al., 2021).  

1.3 Science in support of EBM 

To facilitate EBM, a wide range of planning support approaches have emerged with their specific 
strengths and limitations (Depellegrin et al., 2021; Menegon et al., 2018; Pınarbaşı et al., 2017). 
Although capable and well thought-out by encapsulating formal planning processes such as Cumulative 
Effect Assessments (Hegmann et al., 1999) or Systematic Conservation Planning (Margules and 
Pressey, 2000), the scope and computational capabilities of these planning tools are still too limited to 
address the additional complexities associated with EBM in connection to climate change and 
ecological cascades (Whitney et al., 2023 and references therein). Few can be qualified as “integrated” 
in the sense that they fail to link the broad set of actors in the marine realm with cumulative stressors, 
and in 2019, not one planning tool was explicitly able to consider environmental change or ecological 
interactions (Rilov et al., 2019). In line with these findings, a fairly recent review of decision support 
tools (DSTs) for MSP showed that support tools applied around the world persistently focus on spatial 
optimization based on best available data, and they lack any ability to forecast how provided advice 
might affect ecology and ecosystem services (Pınarbaşı et al., 2017). In a more recent review of DSTs 
for Maritime Spatial Planning (Depellegrin et al., 2021), only one tool was able to incorporate 
ecological forecasting, and that specific tool was developed for this dissertation (see section 2.1). Gissi 
et al. (2019) found that despite the critical role that climate change plays in coastal and marine areas, 
only four planning case studies used some form of modelling to explore the potential consequences of 
planning. This lack of uptake of models in planning tools was cautiously attributed by Gissi et al (2019) 
to complexity. Last, Nowak et al. (2023) reviewed the state of spatial planning for climate change 
adaptation in Europe where, too, all deployed DSTs focused on spatial optimizations. Through a 
questionnaire, the authors gathered an inventory of priorities for DSTs to support climate-resilient MSP, 
and interestingly, [socio-]ecological forecasting was not included as a priority. 
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Lack of forecasting can have serious ramifications for the effectiveness of spatial planning (Whitney et 
al., 2023; Wright et al., 2020). A tell-tale example is the “Plaice Box” in the North Sea, where major 
nurseries areas of European Plaice (Pleuronectes platessa) where closed to trawl fishing in an effort to 
reduce discards. While beam trawl fishing effort reduced by 90% in the area, plaice landings and 
biomasses also declined contrary to expectations. It turned out that juvenile plaice moved to deeper 
waters – out of the Plaice Box and back into the Beam Trawl nets – in response to changes in 
eutrophication and temperatures. If exploratory forecasting scenarios would have been executed, 
derived insights could have saved a lot of trouble by foreseeing the potential shortfall of the Plaice Box 
as conditions changed. 

The full range of climate change impacts and ecological feedbacks that need to be considered in order 
to achieve resilient and well-managed ecosystems, requires planning needs to be supported by more 
proactive and adaptive tools with which to make transparent, rigorous and defensible decisions (Groves 
et al., 2012; Wright et al., 2020). Whereas EBM approaches have now started including species 
distribution models that consider plausible future climate change (e.g., Nowak et al., 2023; Whitney et 
al., 2023), conservation planning activities seem not to have embraced the notion that resilient 
ecosystems require consideration of the entire ecosystem and the species interactions and dynamics 
within. With EBM seeking stable and resilient managed ecosystems, and with legislation world-wide 
adopting the need for sustainably managed ecosystems (e.g., Haugen et al., 2024; Paramana et al., 
2023), a change in mindset is needed towards expanding the capabilities of DSTs in support of EBM 
(Rodriguez-Perez et al., 2023; Wright et al., 2020). 

1.4 Ecosystem modelling 

Accounting for ecological dynamics under drivers of change is the specialization of marine ecosystem 
modelling, a discipline increasingly recognized as an indispensable asset to aid natural resource 
assessments and marine ecosystem management (Christensen and Maclean, 2011; Fulton et al., 2015; 
Heymans et al., 2016; Karp et al., 2023; Weiskopf et al., 2022). For the purpose of this dissertation, I 
define Marine ecosystem models or MEMs (Lotze et al., 2019) as a class of software to help improve 
understanding the workings of and dynamics within marine food webs and the influences of human 
activities and environmental change (Heymans et al., 2020; Karp et al., 2023; Stow et al., 2009). These 
complex and mechanistic models are increasingly applied in the contexts of ecological research, policy 
exploration, and environmental impact analysis under scenarios of change (Borja et al., 2020; Fulton et 
al., 2015; Karp et al., 2023; Kytinou et al., 2020; Peck et al., 2018). The modelling required integrates 
a wide range of disciplines (Fulton, 2010; Schoeman et al., 2023), including physical oceanography, 
biochemistry, food web dynamics, risk analysis, and human activities (Figure 1). Species, habitats, 
natural phenomena, anthropogenic stressors and management actions are distributed heterogeneously, 
and to properly understand their interplay, models are required that are inherently dynamical and 
spatially explicit across temporal and spatial scales that can span several orders of magnitude (Fulton, 
2010; Hyder et al., 2015).  

A wide variety of modelling approaches currently exists, with fundamentally different approaches to 
compartmentalizing ecosystems; representing species and their interactions, movement, growth and 
metabolism; species movement; the representation of fishing and other human stressors; and approaches 
to include environmental variability (Berdnikov et al., 2022; Chust et al., 2022; Steenbeek et al., 2016). 
Despite their diversity, they face common challenges. As such, for the sake of brevity and unless stated 
otherwise, all modelling henceforth will refer to the use of complex, mechanistic, iterative and 
spatiotemporally explicit modelling approaches that explicitly represent whole food web interactions 
and spatial distribution processes driven by the environment and human activities (Figure 1). This type 
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of model will be referred to by their common acronym MEM (Marine Ecosystem Model; Lotze et al., 
2019).  

 

Figure 1 – The range of interconnected pressures, processes and ecosystem services that complex spatial-
temporal marine ecosystem models commonly consider. 

MEMs have evolved from simple tools to address mostly fisheries-related questions to the whole-of-
systems they are today. To better understand how climate change and anthropogenic activities may 
affect species, MEMs are increasingly interlinked with expert models that represent boundary or driver 
conditions that the MEM cannot account for.  

For instance, MEMs are increasingly interlinked with Earth System Models (ESMs) that represent the 
physical, chemical and biological processes that govern the evolution of the Earth system. Results of 
such modelling complexes are increasingly included in global climate change assessments of the 
Intergovernmental Panel on Climate Change (IPCC, 2019, 2018) and the biodiversity assessments of 
the Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES, 2019), 
with the aim of understanding how climate change and anthropogenic activities may affect food 
production, biodiversity and ecosystem resilience (Barange et al., 2018).  

Global initiatives such as FishMIP, the Fisheries and Marine Ecosystem Model Intercomparison Project 
(Blanchard et al., 2024; Coll et al., 2020; Lotze et al., 2019; Tittensor et al., 2018), use an ensemble 
modelling approach to combine the results from multiple MEMs that have been forced by standardized 
ESM output based on standardized scenarios for social and climatological change (O’Neill et al., 2014). 
Although the MEMs participating in FishMIP global and regional simulations may have very different 
structures (Tittensor et al., 2018, table 1), the use of standardized ESM forcing and aggregated MEM 
outputs has become the de facto standard to facilitate MEM Intercomparison and meta-analyses. 
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Figure 2 – A schematic overview how FishMIP utilizes ESMs to drive the dynamics of the lower tropic levels (e.g, 
phytoplankton and zooplankton) to feed the higher tropic levels in the MEMs. ESMs also deliver estimates for a 
wide range of environmental variables (not depicted here) that MEMs may require to further affect the equations 
governing ecosystem dynamics (Adapted from Boyce et al., 2021). 

As all models, MEMs need to make necessary shortcuts, aggregations and simplifications to 
mechanistically and mathematically represent the infinite interactions governing real life systems. Their 
utility is therefore not in the prediction of absolute truths, but rather in the understanding that they 
provide when trying to capture into a MEM the dynamics of a given ecosystem, and the range of 
possible future states that may emerge from a given model parameterization. 

1.5 The Ocean Decade 

Under the motto “The science we need for the ocean we want”, the United Nations General Assembly 
simultaneously declared 2021-2030 as the Decade of Ocean Science for Sustainable Development 
(Ocean Decade) and the Decade for Ecosystem Restoration. These declarations were launched with the 
vision to “develop scientific knowledge, build infrastructure and foster relationships for a sustainable 
and healthy ocean” in order to foster acute and sustained actions to reverse the evident and rapid decline 
of the global marine ecosystem, and towards reaching the 2030 sustainable development goals (Griggs 
et al., 2013).  

The declaration of the Ocean Decade has given the natural ocean science community a unique 
opportunity and imperative to work towards sustainable future oceans (Claudet et al., 2020; Heymans 
et al., 2020; Ryabinin et al., 2019) and to transform how the marine sciences support sustainable 
development. This not only calls for a deeper interconnectedness between formerly disparate sciences 
and industries to design the near-real time prediction and observing systems of the future (Heymans et 
al., 2020; Ryabinin et al., 2019); this also calls for a fundamentally new role for conducting and 
communicating ocean sciences. 

There is a serious and urgent need for MEMs to rise to the Ocean Decade challenges (Heymans et al., 
2020) by: i) making ecosystem modelling more accessible to decision makers and ocean managers; ii) 
bridging disciplines to meaningfully communicate marine ecosystem modelling sciences to the 
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audiences that need it; and iii) ensuring that marine ecosystem models are further developed in close 
collaboration with stakeholders to enhance their actual application.  

From the joined perspectives across various scientific disciplines, collected during an EuroMarine 
Foresight Workshop held in Barcelona in 2019, this dissertation argues that most modellers do not 
utilize their models to their full capacity. Consequently, the challenges posed by Heymans et al. (2020) 
need to be appended with a fourth: iv) solving the long-standing technical problems that prevent robust 
use of spatial-temporally explicit marine ecosystem models, and making their outcomes more credible, 
because to date, the field of ecosystem modelling is still lacking the means to systematically assess and 
improve their models.  

The technical aspects of these four challenges will form the research thread for this dissertation. 

1.6 Modelling for policy – status quo 

Whereas MEMs are widely used by scientific groups to generate output with the aim to inform decision 
processes, operationalization of the MEMs themselves is low in ecosystem-based approaches 
(Alexander et al., 2019; Hyder et al., 2015; Link et al., 2023). MEMs are mostly executed by scientific 
groups to provide scientific advice to decision-making cycles, and although affected stakeholders are 
increasingly included in the co-creation of required science (Voinov et al., 2016; Weiskopf et al., 2022), 
the execution and interpretation of results are first and foremost a scientific endeavour (Alexander et 
al., 2019). This prohibits audiences from exploring problem spaces in their specific domains of 
knowledge without having to worry about the interaction with, and parameterization of, underlying 
scientific models, and is a main hurdle that prohibits wider adoption of MEMs into the arenas they are 
needed (Heymans et al., 2020; Link et al., 2023) (Section 2.1).  

Another hurdle is that MEMs are predominantly designed to answer scientific questions, not policy 
questions (Rodriguez-Perez et al., 2023). Although complex MEMs can be linked to specific policy 
goals and targets (e.g., Ofir et al., 2022) and complex scientific data communication can be made more 
efficient through careful design and the use of standardized and informative indicators (Böttinger et al., 
2020; Coll and Steenbeek, 2017; Kelleher and Wagener, 2011), there are inherent communication 
problems that call for the use of a more processed form of scientific findings to reach target audiences 
(Georgescu et al., 2019; Walling and Vaneeckhaute, 2020; Weiskopf et al., 2022). There is a persistent 
disconnect, or gap, between science and policy that is institutionalized by the complexities of decision-
making processes and sciences, and their distinct objectives, knowledge domains and epistemologies, 
institutional approaches and workflows - a gap that scientists are traditionally poorly equipped to bridge 
(Alexander et al., 2019; Baron, 2010; Claudet et al., 2020; Kempf et al., 2023). However, the huge 
advances in technology and software usability brought about by video games have opened a wide range 
of opportunities for initiatives outside the gaming realm. Video games have become an integral part of 
modern life, and have surpassed the combined worth of the movie and music industry (BBC News, 
2019). Gaming has helped develop and expand different approaches to involving science in decision-
making processes, including the area of particular interest for our research: serious gaming (Georgescu 
et al., 2019; Ritterfeld et al., 2009). In serious games, the primary focus is not purely on amusement, 
but on exposing the participant to some form of knowledge through the use of explicit educational 
experiences, multi-media, and entertainment (Laamarti et al., 2014). Serious games contain multiple 
elements that lend themselves for scientific outreach, communication, and stakeholder involvement, 
and in particular, for ecosystem management (Madani et al., 2017). In order to reach especially non-
scientific audiences, the MEM community should explore how it can build upon tried-and-tested 
gaming concepts to bring their science across (Section 2.2). 
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Then there is the issue of systematic assessments. Less complex approaches such as climatic, 
biochemical and hydrological models, and simpler marine ecosystem models that are not spatially 
explicit are systematically validated and benchmarked (Christensen and Maclean, 2011). However, 
spatially-temporally explicit MEMs have not advanced in this realm thus far. In order to facilitate uptake 
of marine science, modellers need to be able to produce science that is quantifiably robust. This requires 
the ability to execute the necessary steps to ensure that MEMs replicate observed spatial and temporal 
patterns with confidence and for the right ecological reasons. Quantifying uncertainty and error in MEM 
output are essential to justify their use, in particular for management decisions and policy making, and 
for recognizing their limitations (Bennett et al., 2013; Hyder et al., 2015; Stelzenmüller et al., 2018; 
Uusitalo et al., 2016; Whitehouse and Aydin, 2020). This topic is a recurring and persistent bottleneck 
of modelling, despite a discussion ranging back to the early 1980s (Hamel and Bryant, 2017; Hipsey et 
al., 2020; Pennekamp et al., 2017; Rose et al., 2010), and only recently have the first iterations of 
operational frameworks started appearing (Galparsoro et al., 2021; Link et al., 2020; Petrik et al., 2020). 
There is a wide array of suggested methodologies and potential frameworks to validate and calibrate 
MEMs (Hipsey et al., 2020; Robson et al., 2018), but applications are rarely described in the literature 
(Pethybridge et al., 2019). This is in contrast with the number of papers that highlight the need for 
comprehensive model validations and assessment of the various types of uncertainty (Grüss et al., 2017; 
Schuwirth et al., 2019; Stelzenmüller et al., 2018). This is perhaps the most urgent issue, because failing 
to systematically validate, calibrate and assess the strengths and weaknesses of a MEM – in other words, 
failing to quantify a MEMs predictability (Hipsey et al., 2020) – jeopardizes the uptake of MEMs in the 
arenas where ecological forecasts are so direly needed (Sections 2.3 and 2.4). 

1.7 How did we end up here? 

To better understand why MEMs are presently underutilized for the Ocean Decade, it is necessary to 
briefly review how MEMs came to be, and how their development has been shaped by a prevailing 
academic focus with academic expectations (Section 2.3). 

 Mission drift 

The original MEMs were designed and built for operational environments vastly different from the 
operational challenges of today. Fuelled by unprecedented advances in data collection and computing 
power, marine sciences related to ecosystem functioning have developed at a tremendous pace, coming 
from static single-stock assessments to full spatiotemporal climate-to-fish food web predator/prey 
dynamics in a mere 40 years, with research advancing into modelling species distributions and 
interactions, cumulative impacts, and bioenergetics to better model responses to climate change (e.g., 
de Mutsert et al., 2024; Rose, 2012). These are tremendous scientific advances, providing deeper 
insights in the biology, chemistry and behaviour that drive the dynamics in complex living ecosystems 
in the ever-changing marine environment. These scientific advances have boosted the portfolio of 
MEMs by expanding their predictive capabilities with new discoveries, leading to the emergence of so-
called end-to-end models (Fulton, 2010; Rose et al., 2010). However, whereas early MEMs involved 
stakeholders that were well aligned with the aims of the models, increasing the scientific complexity 
has also made these tools more complex to use in terms of construction, parameterization, operation, 
interpretation and validation, thus firmly embedding the use of MEMs in the academic realm (Rose, 
2012). And although MEMs have been able to adapt in scientific capabilities, there are other needs that 
the ocean sciences community tends to overlook. 
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 Not separating technical and scientific capabilities 

Marine ecosystem modelers have a long history collaborating with other sciences to develop and use 
their models. For instance: 

 The subject of mathematical approaches for marine ecology is a widely studied and evolving 
subject. There is a general consensus that for seeking a most suitable numerical method to 
address a specific ecological question, it is paramount to have clear understanding of the 
principles that underly ecological methods (e.g., Legendre and Legendre, 2012). Hence, for 
every MEM in existence, the deployed ecological hypotheses and underlying mathematical 
equations are explained in detail. 

 The ecological questions that drive the development of MEMs can be purely academic, but 
when these questions have societal or political implications, external expertise is required to 
properly formulate how these real-world questions are scientifically phrased and researched, 
and communicated back to the real world (Fulton et al., 2015; Weiskopf et al., 2022). 

 Finding and curating ecological data for uptake in models requires careful handling. Taxonomic 
definitions, locality and time period, utilized sampling methods, and data paucity can greatly 
affect the robustness for a specific modelling exercise (Argent et al., 2002; McCormack et al., 
2019). Related, converting geospatial data for the use in a spatiotemporal MEM requires 
familiarity with Geospatial Information System (GIS) data processing algorithms, their 
strengths and their weaknesses (Steenbeek et al., 2013) 

 Explaining environmental dynamics and change is the domain of the sciences of 
hydrodynamics, biochemistry and climate research. Considering the changing marine 
environment into MEMs requires explicit collaborations with these ‘external’ sciences, either 
by directly linking to, or by consuming the output of, their models (e.g., Steenbeek et al., 2013; 
Tittensor et al., 2018). 

Then why does the MEM literature barely pay attention to the coding frameworks onto which MEMs 
are built, and the design considerations that underpin the way the code is structured? These 
considerations ultimately dictate to what degree the science within the MEM can be shared and 
interconnected.  

Drawing from two decades of personal experience, and with the exception of the Madingly model 
(Harfoot et al., 2014) which was engineered under Microsoft Research (Purves et al., 2013), all present-
day MEMs were initiated by marine scientists that are by and large self-taught coders. Based on the 
lack of discussion in the literature, the choice of coding frameworks and MEM design decisions 
software seems mostly dictated by the experience with specific frameworks within a research group. 
Granted, it makes perfect sense to build scientific tools onto familiar programming languages or 
analytical frameworks, with obvious benefits such as ease of adoption and a direct integration into a 
familiar and operational research environment.  

We believe that things tend to go wrong when the coding issues and the marine science built on top are 
not viewed as separate issues that require separate consideration. This mindset can be found 
occasionally in the literature. For instance, when discussing the capabilities of MEMs in stakeholder 
settings, Weiskopf et al. (2022) refer to technical issues as “improving model accuracy, precision, and 
data processing techniques, addressing data gaps”. The risk in this integrated vision is that MEMs may 
sooner than later reach their technical limitations, which not only affects how well they can be expanded 
and adapted to future scientific needs, but also how these models can be made to work with emergent 
technologies in the ever-changing landscape of computing (e.g., Christensen and Lai, 2007; Steenbeek 
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et al., 2016), especially when wishing to deploy MEMs for the use outside the academic realm (Fulton 
et al., 2015; Link et al., 2023). 

 Academic funding model 

The integrated mindset is, in part, institutionalized by the prevailing academic funding model which 
looks to new tools and novel scientific findings and applications, whist often explicitly not supporting 
code revisions and large-scale overhauls typical in commercial software settings. This further embeds 
the mindset that [marine] scientific prowess is all that matters, and that underlying technical issues 
somehow will get sorted out in the process. An additional challenge is that supporting even a single 
long-term software engineer in a MEM team can be challenging - especially at market competitive rates, 
let alone justifying the overhead required to mirror commercial approaches to software development 
and maintenance. 

With the emergence of EBM and Digital Twins of the Oceans, innovation grants are now occasionally 
launched for development of infrastructures and technical capabilities to facilitate EBM and DTO 
development. However, to date, not a single research call provides funding to re-engineer an existing 
MEM to accommodate to the latest trends in computing without providing significant scientific 
breakthroughs. Keeping a MEM software-technically sound is thus squarely the problem of marine 
ecosystem modelers, who need to find other, non-academic funding streams to keep their tools up to 
date and capable enough to accommodate to the technical trends. And finding non-academic funding is 
a serious problem for the academic tools that most MEMs are. 

 MEMs are complicated to work with 

The most interesting aspect is that because of the factors above, nobody really seems to be aware that 
the MEM community is stuck in the equivalent of the computational middle ages, which is a serious 
problem given the expectations that the Ocean Decade and EBM place on MEMs. Whereas MEMs are 
piecemeal used in policy advice, the most crucial gap remains the lack of systematic MEM assessments. 

To use MEMs for science-based decision making, it is imperative that scientists can quantify a MEM’s 
ability to reproduce observed patters and associated uncertainty. Such approaches require the repeated 
strategical execution of MEMs, surrounded by strategical statistical methods to analyse MEM output, 
correlate outputs to the input parameter sets explored, and to decide on next parameter sets to try. 
Operational frameworks have yet to emerge, despite decades of suggestions in the literature for 
frameworks, skill metrics and statistical approaches. We surmise that this, too, is an artefact of missing 
IT skills in MEM development.  

As will be explored in detail in section 2.3, MEMs are not developed for execution over high-
performance computing (HPC) infrastructures; the close interconnectedness of represented processes 
that cascade up and down food webs over time and space means that the mathematical representations 
within a MEM cannot readily be split across numerous processors for fast, parallel processing - at least 
not without substantial software redevelopment that will hit all the issues already noted above. For these 
reasons, commercial HPC infrastructures are not friendly to, or may outright prohibit, the execution of 
MEMs that do not adhere to the strict coding guidelines to prevent misuse and imply computational 
waste. Commercial cloud computing infrastructures can be used to execute MEMs, but pricing models 
are prohibitive to limited academic budgets. This leaves the ability to systematically assess MEMs to 
the few lucky academic institutes with access to computing clusters and qualified personnel. 

This is not what the Ocean Decade needs. 
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 Is there a way out? 

In summary, status quo is a product of decades of circular thinking: because of the lack of funding, 
expensive IT skills are rarely involved in the construction of MEMs, which leads to a general 
unawareness of the added value that software engineering can bring. As such, MEMs grow and evolve 
within the toolset they were developed in whilst squandering the utility that they might have outside the 
academic realm.  

Turning the tide is not easy; recoding an existing complex MEM is not feasible without the funding that 
is not available in the first place. This dissertation will seek out technical recipes that demonstrate how 
MEMs can start to escape the status quo, hoping that some existing MEMs may be able to adopt at least 
some of these options, and that future MEMs should adopt these design principles in their very core. 
Therefore, this dissertation will focus on providing a scaffolding for breaking the current stalemates 
needed to have MEMs start living up to the challenges raised by the Ocean Decade.  

1.8 The Ecopath with Ecosim approach 

This dissertation will use the Ecopath with Ecosim approach for exploring how to address the Ocean 
Decade challenges, as EwE is not only a widely used MEM (Christensen and Walters, 2004; Colléter 
et al., 2015; de Mutsert et al., 2024), but also harbours the crucial software design principles for this 
type of exploration (see section 1.8.4). 

Ecopath with Ecosim, commonly known as EwE, is an ecological model that tracks the paths of energy 
through a food web. Food webs are represented through functional groups, which can be a single 
species, an aggregation of species with similar roles in the ecosystem, or a specific life stage of a single 
species. The EwE approach includes the impacts of fishing and environmental change, and consists of 
a series of generic equations that can be parameterized to represent any ecosystem (Christensen and 
Walters, 2004; Heymans et al., 2016). Although EwE was first conceptualized for a marine ecosystem 
(Polovina, 1984), it has also been used on a few occasions to describe terrestrial ecosystems (Colléter 
et al., 2015). EwE contains three main components: 

 Ecopath 

The foundation of the Ecopath with Ecosim (EwE) modelling approach, Ecopath, is a mass-balanced 
model that represents the snapshot energy flow in a food web (V. Christensen and Pauly, 1992; 
Polovina, 1984). Here, modelers define the structure of a food web and its exploitation, and quantify 
the predator-prey relationships between the functional groups in an ecosystem and their exploitation 
through fishing. By accounting for the flows of energy that enter, travel through, and leave the 
ecosystem, modelers create a possible mathematical representation of the ecosystem (Villy Christensen 
and Pauly, 1992).  

Living components in the food web are represented as functional groups, which can be a single species, 
or a combination of species with similar roles in the ecosystem, or discrete life stages of a single species. 
Ecopath uses a system of linear equations to describe the average flows of mass and energy between 
functional groups over a period of time, typically a year, which can be summarized as follows (Eq. 1): 
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where, for functional groups i and j, B is biomass; P/B is production per unit of biomass; BA is biomass 
accumulation rate; E is net migration rate (emigration − immigration); Y is total fishery catch (yield) 
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rate; EE is ‘ecotrophic efficiency’, defined as the proportion of the production that is utilized in the 
system; Q/B is consumption per unit of biomass; and DCji the fraction of prey i in the diet of predator 
j. The term (1 - EEi) is also referred to as M0, unexplained mortality. 

For each group, Ecopath requires values for B, Q/B, P/B, DC, Y, and other values are optional. Of B, 
P/B, Q/B, and EE, three values must be entered while the fourth will be estimated by the model (V. 
Christensen and Pauly, 1992; Christensen and Walters, 2004). 

 Ecosim 

The temporal module of EwE, Ecosim, applies the mass-balanced Ecopath parameters, augmented with 
a few extra parameters related to behaviour and temporal dynamics, to a series of time-dependent 
differential equations, expressing the biomass growth rate as (Eq. 2): 

  𝑑𝐵௜
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ൌ 𝑔௜ ∙ ෍ 𝑄௝௜ െ ෍ 𝑄௜௝ ൅ 𝐼௝௜ െ ሺ𝑀௜ ൅ 𝐹௜ ൅ 𝑒௜ሻ௜ ∙ 𝐵௜ Eq. 2

where, for functional groups i and j, dB/dt represents growth rate during time interval dt; g is net food 
conversion efficiency (P/Q); I is immigration rate; M is natural mortality rate; F is fishing mortality 
rate; e is emigration rate. 

Ecosim stabilizes its food web dynamics through the concept of the foraging arena, which expresses 
that through predator avoidance behaviour, at any given moment in time, only a fraction of a total prey 
biomass is vulnerable to predation by a predator (Ahrens et al., 2012). 

In its simplest form, the consumption rate is defined as (Eq. 3): 
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 Eq. 3

where, for prey group i and predator j, Q is consumption; B is biomass; a is effective search rate; v is 
vulnerability to predation exchange rate; and v’ is invulnerable to predation exchange rate. 

The foraging area concept implies that predators, over time, may greatly vary the composition their 
diets with fluctuations of available prey. By providing the software with historical trends in 
environmental change, primary productivity, and fisheries, Ecosim replicates past trends in the 
ecosystem to understand historical ecosystem dynamics, onto which explorations of plausible future 
conditions can be explored (Ahrens et al., 2012; Christensen and Walters, 2004). 

 Ecospace 

The third main component of EwE is Ecospace, a spatiotemporal-explicit module that extends the 
Ecosim parameter set with extra parameters related to spatial preferences and movement. Ecospace 
represents the modelled area as a two-dimensional grid of equally sized cells in which fisheries and 
functional groups interact and gravitate towards more favourable conditions according to modified 
versions of the Ecosim differential equations (de Mutsert et al., 2024; Walters et al., 1999). Cells can 
be blocked out from having ecosystem dynamics to represent land (for marine ecosystems) or cells that 
fall beyond the modelled area of interest. 

Species dynamics  

Ecospace contains a highly configurable niche model that defines cell suitability for functional groups. 
Central to this concept is the term of ‘capacity’, or ‘habitat foraging capacity’ in full, which defines the 
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suitability of functional groups to forage across the spatial grid (Christensen et al., 2014). Ecospace 
affects the capacity of a predator to forage as follows (Eq. 4): 
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 Eq. 4

where, for a given predator, V is vulnerable prey density; B is prey biomass, P is predator abundance; v 
and v’ are vulnerability exchange rates to and from the feeding arena; a is search rate; and A is the 
foraging arena size. 

The HCFM niche model can derive the foraging capacity via combining hypotheses related to: 

1\: The spatial distribution of habitats (or substrate types) and the preference of a given functional 
group for each habitat type; 

2\: The spatial distribution of relevant environmental parameters and the preference for / tolerance 
to a given functional group to a specific environmental driver; 

3\: Through external forcing, in case an external species distribution model is used. 

Ch is defined as the total suitability of a cell for a species to feed in due to the presence of preferred 
habitats (Eq. 5): 

where, for functional group i and habitat h, Ch is habitat capacity; n is the number of habitats; r is the 
ratio of the cell area covered by a habitat; p is habitat preference of a group to a specific habitat.  

Environmental capacity of a cell Ce, on the other hand, is defined as the multiplicative assessment of 
environmental preferences (Eq. 6): 

where, for functional group i and environmental driver e, Ce is environmental capacity; m is the number 
of environmental drivers, and Y is the environmental preference of group i to environmental condition 
e as dynamically evaluated across the spatial grid (Figure 3).  
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Figure 3 – Schematic representation of the environmental capacity calculations with 4 hypothetical 
environmental preference functions. Environmental suitability Y for environmental driver e is obtained by looking 
up cell value X along environmental preference function F. The total environmental suitability for a cell is then 
defined as Y1ꞏY2ꞏY3ꞏY4 (adapted from Christensen et al., 2014) 

 
The total capacity Ci in a cell for a functional group is then simply defined as (Eq. 7): 

Note that EwE release 6.5 introduces the flexibility to derive capacity from habitats alone (Eq. 4), from 
environmental responses alone (Eq. 5), or from both (Eq. 6). This is a per-group setting. 

Functional groups in Ecospace will gravitate towards better nearby conditions, with better feeding 
opportunities and lower risk to predation. A set of specific parameters controls functional group 
movement: dispersal (average distance a group moves, during the Ecopath period, while searching for 
food), advection (current-induced movement), and migration (directed behavioural movement patterns) 
(de Mutsert et al., 2024). Groups can also be coaxed to stay out of ‘bad’ habitat, where risk to predation 
can be higher, and increased movement rates serve to return to more suitable habitat. Ecospace considers 
a cell as bad habitat for a given group when the available foraging arena size drops to 10% or below 
(Christensen et al., 2015). 

Fleet dynamics 

Fishing intensity in Ecospace is inherited from the base intensity specified in Ecopath, and its temporal 
fluctuations in Ecosim, and is expressed as a spatial distribution of effort for each fishing fleet in the 
model. Fishing effort is distributed across the Ecospace grid based on a simple economic evaluation, 
which balances the financial returns of catching target groups and their market value, against combined 
fixed fishing costs and catch per unit of effort (CPUE).  

Ecospace offers four mechanisms to control fishing effort, per fleet, and its spatial distribution (de 
Mutsert et al. 2024): 

1\: The total amount of Ecospace fishing effort can be increased or decreased through a fishing 
effort multiplier; 

2\: Habitats can be used to prohibit fishing for specific fishing gear types over unsuitable bottom 
types; 

3\: No-fishing zones (generally referred to as a Marine Protected Area or MPA) can be established 
to close specific cells to specific fishing gear types, too (Walters et al., 2000) at given times; 

 𝐶௜ ൌ  𝐶ℎ௜ ∙ 𝐶𝑒௜; 𝐶𝑒௜ ∈ ሾ0, 1ሿ Eq. 7 
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4\: The CPUE component of the economic evaluation can be affected by entering a distribution of 
relative fishing costs across the spatial grid, making specific map areas more expensive for 
fishing than others (Bauer et al., 2018; Walters et al., 1999). Although typically used to 
incorporate distance from port as an economic evaluation factor, this mechanism can also 
receive inverted historical fishing effort distributions to coax Ecospace to mimic observed 
fishing patterns within the constraints of the regular fishing effort gravity model, which may be 
conditioned on more than distance to port considerations. 

 Ecopath with Ecosim under the hood 

In 2005, the EwE approach had reached its technical limitations. Microsoft Visual Basic 6, the platform 
it was written on, was reaching its end of life and the EwE software had gotten too complex to further 
extend. This coincided with a dawning awareness that typical academic settings were too limiting for 
approaches such as EwE to reach key audiences (Christensen and Lai, 2007).  

It was decided to transfer the EwE code to a modern programming environment whilst addressing the 
shortcomings and limitations of the existing code. This overhaul turned out to be an expensive and risky 
but pivotal improvement for the EwE approach, that eventually facilitated the development of this 
dissertation.  

The overhaul mostly built on industry-standard software design practices for its redesign to cater the 
EwE software to its future unforeseen needs (Gamma et al., 1994; Jolma et al., 2008):  

1\: Interoperability refers to the ability for a program to interact with other programs. 
Interoperability is in part a design consideration by providing the (modular) contact points in 
the source code, but the ability to connect to software written in other programming languages 
depends first and foremost on the capabilities of the coding platform used. In the Marine 
Sciences, popular data processing languages such as R, Matlab and Wolfram Alpha are 
mathematical frameworks that offer limited options to interact and interoperate with other 
programming languages, whereas more generic application development languages such as 
C++, C, Python, Java and .NET are perhaps less optimal for representing complex mathematics, 
but are more suited for building multi-purpose applications for a host of platforms, with better 
facilities to connect with software written in different programming languages; 

2\: Modularity focuses on the separation of functionality within a software program into 
independent and interchangeable modules, where each interchangeable module performs a 
similar role in the execution of a program but it its own unique way. Modular programming is 
basically breaking up complex software systems into smaller, more manageable parts. By 
separating out specific functionality from the overall flow of the software, which can be done 
at various levels, the reordered software is easier to understand, isolating coding problems into 
separate blocks that can be managed in isolation. Modularity thus makes building and 
maintaining large and complex software systems doable (Dennis, 1973). Modularity is a key 
design strategy to prepare a software for “foreseen unforeseen” uses, making sure that some 
parts of the software can evolve in the future without fundamentally having to alter existing 
code. By sectioning off such areas of the code into modules with well-defined purpose, 
interactions, inputs and outputs, programmers can already prepare their software for seamlessly 
accepting replacement modules without affecting any of a program’s code (e.g., Steenbeek et 
al., 2016); 

3\: Programmability refers to having access to a program’s source code to alter or append the 
program, for automating its execution, or to build new programs from the building blocks that 
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a program provides. Software developers can either provide programmatic access to specific 
parts of a program’s code through an Application Programming Interface (API), or by making 
the code available as open source. APIs provides access to specific aspects of a program’s 
functionality without divulging what happens within, while open source code allows third 
parties to scrutinize and alter the actual code.  

To facilitate interoperability, the EwE code was transferred over to Visual Basic.NET and C#, two 
programming languages operating under the Microsoft .NET framework. Visual Basic.NET was the 
modern successor of Visual Basic, allowing for a relatively seamless transition of code. Besides offering 
long-term development stability, the Microsoft .NET framework is designed for interoperability, 
allowing software to run on different operating systems, to interact with a host of other scientific and 
non-scientific programming languages, and to natively embrace modular design.  

To facilitate modularity, the original Ecopath, Ecosim and Ecospace modules were transferred to .NET 
in largely their original form, but they were encapsulated in an object-oriented class design that 
facilitated modular reusability and extensibility (Figure 4). The original EwE source code was 
reorganized, separating the major building blocks related to computations, user interface and data access 
into modules that could be replaced with similar components through code.  

To facilitate programmability, the EwE source code was made publicly available as an Application 
Programming Interface (API), providing programmatic access to every aspect of functionality within 
the EwE software as a toolbox for new developments such as building new modules for EwE, 
automating the execution of EwE models, or interconnecting the EwE models with other scientific tools, 
data protocols, and user environments (Steenbeek et al., 2016). 

Last, further modularity was enabled through a plug-in system to allow portions of EwE to be replaced 
or extended without having to alter the original source code of EwE. With plug-in points scattered 
throughout the EwE software, external programmers could seamlessly expand and extend the software, 
such as bypassing or replacing key EwE calculations, expanding user interfaces, adding diagnostics and 
sub-models, etc. (Steenbeek et al., 2016).  

 

Figure 4 – The modular structure of the Ecopath with Ecosim source code, separating data access, computations, 
and user interface into exchangeable components. A plug-in system provides the means to extend the EwE model, 
and to connect to other programs external to the EwE software (Adapted from Steenbeek et al. 2016). 
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Relevant for this dissertation is that the technical overhaul facilitated the development of three key 
facilities that expanded EwE in functionality and scientific relevance. Key developments included the 
addition of the Spatial Temporal Data Framework (STDF), a Geographic Information System (GIS) 
based data exchange system for Ecospace (Steenbeek et al., 2013), the Habitat Foraging Capacity Model 
(Christensen et al., 2014), and the conceptualization of EcoOcean (Christensen et al., 2015; Coll et al., 
2020). Each of these is briefly described below. 

The structural redesign of EwE and the development of the plug-ins system enabled the integration of 
EwE into the MSP Challenge (see section 2.2) and the EwE - OceanViz information exchange (see 
section 2.2). Turning the EwE source code in an open-source API facilitated the systematic executions 
of EcoOcean (see section 2.4). 

Spatial temporal data framework 

Abbreviated as STDF, this framework’s role is to facilitate dynamic integration of spatial data with 
Ecospace, while both designing and populating the Ecospace model and while executing the model 
(Figure 5).  

 

Figure 5 – Conceptual overview of the spatial–temporal data framework, which provides external GIS data to 
Ecospace model initialization and at runtime, and provides Ecospace results in spatial data formats when the model 
executes (Steenbeek et al. 2013) 

Prior to 2013, changing the content of Ecospace maps was difficult, limiting the ability to incorporate 
observed trends in the ecosystem over time and space into the running model. The introduction of the 
STDF required changing the Ecospace model code to receive map data and to deliver maps over time 
while the model executes. The STDF is built as an EwE plug-in, and, in turn, relies on the plug-in 
system to find spatial-temporal data connectors and GIS-based conversion algorithms (Steenbeek et al., 
2013).  

The EwE code changes required to introduce the STDF became the foundation for allowing Ecospace 
and the MSP Challenge to exchange information (see section 2.1). 
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Habitat Foraging Capacity Model 

The HFCM is a dynamic species niche model that dynamically evaluates how affinities for substrate 
and the preferences for / tolerances to environmental conditions affect the preferences for a specific 
functional group, for any Ecospace cell, over time (Christensen et al., 2014). The HFCM combines the 
notions of habitat affinity (Eq. 5), environmental sensitivity (Eq. 6) and the use of expert species 
distribution models, where the distribution of habitats, environmental conditions and externally 
computed niches can vary with every time step (de Mutsert et al., 2024).  

 

Figure 6 – Modularity of the Habitat Foraging Capacity Model (HFCM). Every functional group has a base input 
capacity layer that can be overridden by externally obtained niche distributions. In addition, affinities for specific 
substrate types (habitats) and functional responses to environmental conditions can be applied to redefine the 
habitat foraging capacity within the niche of a functional group (modified from Coll et al. 2020). 

Key to this dissertation is the notion that the HCFM can function as a switchboard for testing ecological 
hypotheses (Figure 6) and to quantify structural uncertainty (Coll et al., 2019). The HFCM was a key 
development that facilitated ecological responses to hypothetical spatial plans in the MSP Challenge 
(see section 2.1). 

EcoOcean 

Last, EcoOcean (Figure 7) is a spatiotemporal explicit MEM of the global ocean, that unifies spatial-
temporal food-web dynamics with the impacts of environmental change and worldwide fisheries 
(Christensen et al., 2015). EcoOcean is built on a heavily modified version of EwE to account for spatial 
heterogeneity in functional group distributions, composition and responses to temperature in terms of 
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metabolic rates (Coll et al., 2020). EcoOcean has been contributing to the Fisheries and Marine 
Ecosystem Model Inter-comparison project (FishMIP; Lotze et al., 2019; Tittensor et al., 2018) since 
its conceptualization in 2014, and FishMIP findings including EcoOcean output has contributed to the 
global assessments of the Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem 
Services (IPBES, 2019) and the Intergovernmental Panel on climate change (IPCC, 2018).  

For this dissertation we used the configuration of EcoOcean as described in Coll et al. (2020). The 
EcoOcean food web consists of 52 standardized functional groups, ranging from bacteria to marine 
mammals, turtles and seabirds. Fish were grouped into three size classes and as pelagics, demersals, 
bathypelagics, bathydemersals, benthopelagics, reef fishes, sharks, rays, and flatfishes. The functional 
groups explicitly represent 3400+ individual species, whose distributions and heterogenous responses 
to temperature are accounted for in the functional group dynamics, per cell, per time step. Fishing 
dynamics in EcoOcean are allocated to 14 regionally-defined fishing fleets that represent 1365 global 
fisheries. 

 

Figure 7 – Schematic structure of EcoOcean V2 (Coll et al., 2020). The static Ecopath model was built on several 
data sources to reconstruct the 1950 food web. In Ecosim, Stock Reduction Analysis (SRA) was used to estimate 
the biomass needed in 1950 to support historical catches up to 2014. A heavily modified version of Ecospace then 
unified fisheries dynamics, species’ native ranges, temperature-adjusted metabolic rates (Q10) and historical and 
future states of environmental variables as delivered by Earth System Models (ESMs) to iteratively calculate 
functional group densities and distributions, catches, and a select range of ecological indicators. 

The open source structure of EwE and EcoOcean facilitated the development and execution of the MEM 
multi-run framework (see section 2.4). 

  



Introduction 

21 

1.9 Objectives and structure of the dissertation 

The aim of this dissertation is to obtain a better understanding of the limitations that prevent the uptake 
of MEMs in management and policy towards the aims of the Ocean Decade, and to offer technical 
solutions to address these limitations to facilitate a wider MEM uptake. 

The three main challenges that the declaration of the Ocean Decade has posed to the global MEM 
community are directly translated into the three research objectives for this dissertation: 

 Objective 1: Explore if and how marine ecosystem modelling can be made accessible in 
different forms to policy makers and ocean managers; 

 Objective 2: Explore if and how MEMs can be made to communicate meaningfully to non-
scientific audiences; 

 Objective 3: Explore if and how MEM systematic assessments can be facilitated with simple 
technologies. 

The objectives of this dissertation are addressed in four scientific manuscripts related to the utility of 
serious gaming for implicitly interacting and operating MEMs (Section 2.1), the use of 3D gaming 
technology to communicate complex MEM output (Section 2.2), and the state of the art advances, and 
bottlenecks that need overcoming, for systematic assessment of MEMs (Section 2.3 and 2.4). 

Objective 1 is addressed in Section 2.1. The aim of this chapter was to explore if and how a MEM 
could be integrated in a DST related to maritime spatial planning, where it would be executed 
unmanaged and unmonitored by scientists to provide science-based ecological feedback to hypothetical 
spatial plans. This was achieved by integrating the EwE engine into the MSP Challenge. Two 
contrasting, peer-reviewed Ecospace models were adapted for MSP gameplay in the North Sea and the 
Firth of Clyde, where the Ecospace food web responded to the cumulative stressors created by 
regionally relevant spatial plans. This section is published in the journal Ecology and Society (Q1, 2022 
4-yr IF 5.43): 

Steenbeek, J., Romagnoni, G., Bentley, J., Heymans, J.J., Serpetti, N., Gonçalves, M., Santos, C., 
Warmelink, H., Mayer, I., Keijser, X., Fairgrieve, R., Abspoel, L., 2020. Combining ecosystem 
modeling with serious gaming in support of transboundary maritime spatial planning.  
Ecology and Society 25. doi: 10.5751/ES-11580-250221 

Objective 2 is addressed in Section 2.2, which further explored if and how serious gaming technologies 
could be used to meaningfully integrate a MEM into stakeholder-driven modelling processes, and to 
communicate MEM output to non-scientists. This was achieved by building OceanViz, a data-driven 
DST that simplifies MEM interactions to support group discussions, and allows for exploring possible 
management impacts over time. At the heart of OceanViz lies a 3D gaming toolkit that shows the 
changing ecosystem as a virtual 3D underwater world, providing empathic views on the marine 
ecosystem in complement to scientific data visualizations. This section is published in the journal 
Frontiers or Marine Science (Q1, 2022 4-year impact factor 4.498): 

Steenbeek, J., Felinto, D., Pan, M., Buszowski, J., Christensen, V., 2021. Using Gaming Technology 
to Explore and Visualize Management Impacts on Marine Ecosystems.  
Frontiers or Marine Science 8. doi: 10.3389/fmars.2021.619541 

Objective 3 is addressed in two sections, Sections 2.3 and 2.4. 

The aim of Section 2.3 was to assess why MEMs are still rarely systematically assessed despite decades 
worth of suggestions for skill metrics, statistical approaches and potential frameworks, and to explore 
if there could be a potential way to overcome this issue. This chapter was published as a position paper 
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involving the combined experience of twenty experts in marine ecosystem modelling, statistics, 
conservation and spatial planning, and Earth system modelling, where status quo was assessed, the 
bottlenecks that prohibit MEM systematic assessments were identified, and the requirements for a MEM 
systematic assessment framework were laid out. This section is published as a position paper in the 
journal Environmental Modelling & Software (Q1, 2022 4-yr IF 5.923): 

Steenbeek, J., Buszowski, J., Chagaris, D., Christensen, V., Coll, M., Fulton, E.A., Katsanevakis, S., 
Lewis, K.A., Mazaris, A.D., Macias, D., de Mutsert, K., Oldford, G., Pennino, M., Piroddi, C., 
Romagnoni, G., Serpetti, N., Shin, Y.-J., Spence, M.A., Stelzenmüller, V., 2021. Making spatial-
temporal marine ecosystem modelling better – A perspective.  
Environmental Modelling & Software 145, 105209. doi: 10.1016/j.envsoft.2021.105209 

The aim of Section 2.4 was then to implement a working prototype of the MEM systematic assessment 
framework and to demonstrate that it works. This was achieved by translating the requirements from 
Section 2.3 into software requirements, which formed the basis for a conceptually simple software 
solution that can be deployed on any available computing infrastructure without IT expertise, using 
only freely available and open-source software. We used the framework to assess the sensitivity of a 
global MEM to the internal uncertainty in two contrasting global ESMs, executing hundreds of model 
simulations across a hodgepodge of desktop computers and laptops. This section is published in the 
journal Earth’s Future (Q1, 2022 4-yr IF 9.002): 

Steenbeek, J., Ortega, P., Bernardello, R., Christensen, V., Coll, M., Exarchou, E., Fuster-Alonso, A., 
Heneghan, R., Julià Melis, L., Pennino, M.G., Rivas, D., Keenlyside, N., 2024. Making 
Ecosystem Modeling Operational – a Novel Distributed Execution Framework to Systematically 
Explore Ecological Responses to Divergent Climate Trajectories.  
Earth’s Future 12, e2023EF004295. doi: 10.1029/2023EF004295 
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Abstract 

The MSP Challenge simulation platform helps planners and stakeholders understand and manage the 
complexity of Maritime Spatial Planning (MSP). In the interactive simulation, different data layers 
covering an entire sea region can be viewed to make an assessment of the current status. Users can 
create scenarios for future uses of the marine space, over a period of several decades. Changes in energy, 
shipping and the marine environment are then simulated and the effects are visualized in indicators and 
heat maps. The platform is built with advanced game technology and uses aspects of role-play to create 
interactive sessions, hence can be referred to as serious gaming. To calculate and visualise the impact 
of planning decisions on the marine ecology, the authors integrated the Ecopath with Ecosim (EwE) 
food web modelling approach into the platform. In this study we demonstrate how EwE was connected 
to MSP, considering the range of constraints imposed by running scientific software in interactive 
serious gaming sessions while still providing cascading ecological feedback in response to planning 
actions. We explored the connection by adapting two published ecological models for use in MSP 
sessions. We conclude with lessons learnt and identify future developments of the simulation platform. 

Keywords 

1\: Maritime Spatial Planning 
2\: Ecopath with Ecosim 
3\: Ecospace 
4\: Planning Support Systems 
5\: MSP Challenge 
6\: Serious Gaming 
7\: Simulation Game 
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 Introduction 

Oceans and seas play a vital role in society, and many countries rely on access to the sea for food and 
social and economic development (Douvere and Ehler, 2009). Marine and coastal ecosystems 
worldwide are under increasing pressure because of a wide variety of human activities (Kannen, 2012; 
Tamis et al., 2016), and planning and management of marine space is a matter of national and 
international importance.  

Marine or Maritime Spatial Planning (MSP) has developed as a mechanism to cope with the significant 
challenges that come along with the allocation of human activities and ecological functions to marine 
space. MSP is seen as a cross-cutting policy tool enabling public authorities and stakeholders to apply 
a coordinated, integrated and transboundary approach to marine development (European Commission, 
2007; Foley et al., 2010; Katsanevakis et al., 2011). In 2014, the European Union (EU) adopted the 
Maritime Spatial Planning Directive (MSPD, 2014/89/EU). The main purpose of MSP, according to 
this directive, is to promote sustainable development, to identify the utilization of maritime space, and 
to manage spatial uses and conflicts in marine areas (European Commission, 2014). However, 
management of marine space, on short- and long time scales, across a wide range of socio-economic 
sectors and national and trans-national boundaries, under influence of natural processes and climate 
change, with its associated uncertainty, is a daunting task for which managers and planners are often 
ill-prepared (Mayer et al., 2013).  

MSP is therefore in dire need of innovative approaches and effective Planning Support Systems (PSS) 
by which sectoral planners and stakeholders can assess the current ecological status of marine areas, 
and can also jointly explore the future consequences of planning decisions on the marine environment 
(Jean et al., 2018). In the last few years, several PSS for ecosystem-based MSP have been developed, 
each one having specific strengths and limitations (Menegon et al., 2018; Pålsson, 2016; Pınarbaşı et 
al., 2017). Few of these tools can be qualified as ‘integrated’ in the sense that they link a wide variety 
of data, with simulation models for a range of maritime sectors, such as energy (offshore wind farming, 
energy grid) or shipping. Furthermore, most PSS tend to be specialized and scientific, making them 
useful for desk analysis but less effective in an interactive context, for use in stakeholder engagement, 
transboundary consultation, scenario development or co-design processes. 

In the seminal book ‘Gaming: the future’s language’, Duke (1974) argues that a simulation game or 
serious game (SG) is an excellent communication and learning tool for planning and decision-making. 
Through game-play, planners and stakeholders experientially understand the dynamic interrelations 
among various subsystems, the interdependencies among the actors and the consequences of actions 
well into the future. SG thus becomes connected to a communicative and learning style of planning and 
planning support (Healey, 1996; Mayer, 2016; Muro and Jeffrey, 2008).  

The MSP Challenge simulation platform has been developed to explore these ideas further in the context 
of ecosystem-based, maritime spatial planning. The Maritime Spatial Planning (MSP) Challenge has 
been designed to help decision-makers, stakeholders and students understand and manage the maritime 
(blue) economy and marine environment. It uses advanced game-technology and aspects of game-play 
to engage and facilitate planners and stakeholders in their dialogue and support their learning. To 
enhance the ability to represent ecological impacts of spatial plans (Steenbeek, 2015), the simulation 
platform has been integrated with the ecosystem modelling approach Ecopath with Ecosim (EwE) 
(Christensen and Walters, 2004; Heymans et al., 2016). This study examines if EwE can be connected 
to MSP, considering the range of constraints imposed by fast model runs, while still providing cascading 
ecological feedback. The connection is tested by adapting two published ecological models for use in 
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MSP sessions. We conclude with lessons learnt and identify future developments of the simulation 
platform. 

 Methods 

MSP Challenge simulation platform  

The MSP Challenge simulation platform integrates best available geo-, maritime and marine data 
provided by many proprietary institutions (e.g., Copernicus, EMODnet, HELCOM, IMO) with science-
based simulation models for shipping, energy and ecology. These are linked together in a Unity game-
engine based interactive platform (Abspoel et al., 2019). The simulation-platform allows anyone – 
experts as well as non-experts - to operate it for planning support, such as stakeholder engagement, co-
design, interactive scenario development, professional learning and student education. The current 
platform hosts three editions, for the North Sea, the Baltic Sea and the Clyde marine region. Because 
the platform is built in a highly modular fashion, it can host any sea basin in the world.  

Since its launch in 2018, the MSP Challenge simulation platform has been used for many interactive 
sessions with planners, stakeholders or students in different parts of the world. In an interactive session 
or ‘game’, participants take up a role of planners (or stakeholder) in one of the countries in a sea basin. 
As planners, users have an overview of the entire sea region and can review many different data layers 
to make an assessment of the current status. They can develop and implement plans for future uses of 
space in their Exclusive Economic Zone (EEZ), over a period of several decades. They can also consult 
other countries, or develop and implement transboundary plans: shipping routes, wind farms and power 
grids or MPAs. The consequences of planning decisions for energy, shipping and the marine 
environment are simulated and visualized in indicators and heat maps at the sea basin level. Digital 
game technology makes it fun and easy to draw and modify plans, run the simulations and interact with 
others. Elements of game-play such as challenges and objectives, a story line and role-play and 
performance feedback can be used to facilitate interaction among the participants in a session.  

Ecopath with Ecosim ecosystem modelling 

Ecopath with Ecosim or EwE is the world’s most widely used ecosystem modelling approach. Initially 
conceived to assess the impacts of fisheries on marine food webs (Christensen and Walters, 2004; 
Polovina, 1984) the EwE approach is increasingly used to assess the impact of environmental change 
on marine ecosystems for policy advice (e.g., Christensen et al., 2014; de Mutsert et al., 2017). The first 
component of the EwE suite is Ecopath, that uses the concept of functional groups and fishing gear 
types to describes the trophic flows and their exploitation in an ecosystem over a period of typically 
one year. Ecosim, the time-dynamic module of EwE, uses the mass-balanced Ecopath conditions as a 
starting point to describe the dynamics within an ecosystem over time, and is used for replicating past 
ecosystem trends to better understand historical ecosystem dynamics, and for exploring future scenarios 
(Christensen and Walters, 2004; Heymans et al., 2016). Last, Ecospace is the spatial-temporal explicit 
module of EwE. Ecospace represents the modelled area through a grid of equally sized cells, where 
functional groups and fisheries interact according to a modified version of the Ecosim differential 
equations (Christensen et al., 2014; Walters et al., 1999). 

Ecospace contains a spatially explicit niche model, the habitat foraging capacity model (HFCM), where 
cell suitability is derived from preferences for substrate and/or tolerances to environmental conditions 
(Christensen et al., 2014). Spatial distribution of fisheries in Ecospace are driven by potential yields 
versus the cost of fishing in specific locations. Ecospace can impose fishing limitations on specific gears 
through the notions of unsuitable habitat or through marine protected areas (Christensen and Walters, 
2004; Martell et al., 2005). The addition of a dynamic geospatial data exchange framework (Steenbeek 
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et al., 2013) has opened up Ecospace to increased realism (de Mutsert et al., 2017; Peck et al., 2018). 
More details on the Ecopath approach are provided in Appendix A. 

Connecting MSP Challenge and EwE 

We designed and created a connection 
between the existing MSP Challenge 
simulation platform and the EwE 
approaches to translate the gradual 
implementation of spatial plans into 
changes in environmental conditions and 
fisheries regulations (henceforth called 
‘pressures’). These pressures were 
incorporated into the calculations of 
Ecospace to affect the state of the marine 
ecosystem components over time and 
space. Aggregated, spatially explicit 
Ecospace predictions (henceforth called 
‘outcomes’) were sent back to the MSP 
Challenge to disseminate the state of the 
ecosystem components to session 
participants (Figure 1). 

Adjusting an existing EwE model for use in the simulation platform may require changing the structure 
of a model in terms of functional groups and fleets. It may be required to add species and fleets of 
concern for a particular MSP region, and it may be needed to reduce the complexity of an existing EwE 
model to ensure rapid Ecospace execution times during simulation phases. For instance, an EwE model 
for a MSP Challenge sea basin should contain no more than 30 to 35 functional groups, up to five 
fishing fleets, and have a spatial grid of no more than 10,000 cells. A protocol for adapting, testing and 
validating EwE models to MSP gameplay is available at 
https://figshare.com/articles/EwE_model_guidelines_for_MSP_game_play/5897185/1 

Software framework 

Both the MSP Challenge and the EwE approach are data-driven software systems. Within the bounds 
of a fixed set of equations and behaviours embedded within the software, these systems are 
parameterized to represent any ecosystem with its specific challenges and dynamics. We logically 
connected the MSP Challenge and EwE software systems through a few new software components 
(Figure 2). EwEShell encapsulates the EwE modelling logic to receive MSP player-derived pressure 
maps and aggregates EwE predictions into maps of outcomes. MSPTools is a plug-in to the EwE 
desktop software that allows EwE modelers to configure how the MSP-derived pressures affect cell 
suitability and fishing in a EwE model, and which EwE predictions needs aggregating into outcomes. 
MSPTools also serves to test the behaviour of an EwE model as if connected to the actual MSP 
Challenge session. Last, the MSP-EwE Linker (MEL) integrates EwEShell into the MSP software by 
converting player actions to pressure maps, and by delivering outcomes to the MSP software. The 
MSPTools plug-in for EwE desktop and its source code are available upon request from 
https://ecopath.org.   

 

Figure 1 - Conceptual linkage of the marine spatial planning 
(MSP) and Ecopath with Ecosim (EwE) platforms. While game 
time progresses, players’ plans (actions) translate into changes 
in environment and policy (pressures), which are included in the 
food web calculations of EwE. Ecological estimates are 
summarized (outcomes) and sent back to game players. 
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Pressures: impacting the ecological model 

Distinct pressure categories were defined (Table 1): 

 “Noise” is the spatial distribution and intensity of low-frequency noise resulting from shipping, 
construction, etc. The noise map layer acts as an environmental driver layer in the Ecospace 
HCFM, and affects per-cell foraging suitability for functional groups sensitive to low-frequency 
noise; 

 “Surface disturbance” and “bottom disturbance” are the spatial distribution and intensity of 
physical disturbance at the surface and the bottom, respectively. This pressure includes 
presence of temporary and transient structures and vehicles, turbidity due to anthropogenic 
activity, some forms of pollution, etc. The disturbance map layers act as environmental driver 
layers in the Ecospace HFCM and affects per-cell foraging suitability for functional groups 
sensitive to these disturbances; 

 “Artificial substrate” is the spatial distribution and intensity of artificial structures that provide 
shelter and/or habitat to sensitive functional groups. This layer acts as an additional habitat in 
Ecospace to increase habitat-derived cell suitability in the Ecospace HCFM; 

 “Protection” is the spatial distribution of locations where fishing is impossible due to the 
presence of other activities, or prohibited through fisheries restrictions. This per-fleet map layer 
acts as an Marine Protected Area (MPA) layer in Ecospace, blocking fishing effort for all 
sensitive fishing gears in cells where MSP activities that generate this pressure are present; 

 Last, “fishing intensity” is a scalar pressure to increase or decrease the nominal amount of 
fishing across the game area.  

Figure 2 - An overview of software components needed to connect the Ecopath with Ecosim (EwE) computational 
core to the marine spatial planning (MSP) challenge. EwE shell is the central software library that encapsulates 
the EwE modelling logic to receive MSP player-derived pressure layers and to deliver outcome layers back to the 
MSP software system. MSP tools is a plug-in to the EwE desktop software that allows EwE modelers to design 
the connectivity between a specific MSP scenario and a EwE model, and to test the behaviour of this EwE model 
as if connected to the actual MSP game. MEL, the MSP-EwE Linker, is a software library that integrates EwE 
shell into the MSP game engine by converting MSP player actions to pressure maps for consumption by the EwE 
shell, and by delivering ecological outcomes to the MSP Challenge game. 
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During simulation phases, the MSP Challenge software converts spatial plans created by players into 
pressure maps using an action-pressure conversion matrix, as follows (Figure 3.): 

Spatial plans which are entered as points (e.g., anchorages, oil and gas platforms) and lines (e.g., 
shipping routes, cables, pipelines, etc.) are spatially expanded to their area of impact using impact 
factors, expressed in the action-pressure conversion matrix as a ratio of Ecospace cell size. The zone 
width may be multiplied by the intensity of the spatial plan where applicable (e.g., shipping intensity). 
The zone/cell surface overlap is then calculated as a measure of spatially explicit pressure intensity on 
a value range from zero (no pressure) to one (maximum pressure). 

 The cell area overlap of spatial plans which are entered as polygons (e.g., dredging sites, marine 
protected areas, harbours, wind farms, etc.) is directly calculated and multiplied by the impact 
amount stated in the action-pressure matrix and intensity of the spatial plan where applicable.  

 Total pressures from point, line and polygon features are added per cell and range from zero 
(no pressure) to one (maximum pressure). 

Ecospace directly integrates the pressure grids into designated maps of environmental drivers, habitats, 
and protection, and directly incorporates the per-fleet fishing effort multiplier, to affect ecosystem 
dynamics.  

Table 1 - Pressures that reflect environmental disturbance caused by marine spatial planning activities. Each 
layer expresses the amount of the cell area covered by a pressure, per cell, across the game area. 

Pressure Description Format Implies 
Noise Amount of manmade low frequency noise in a cell. Grid - 
Bottom disturbance Amount of cell bottom area that is disturbed through man-made 

activities such as construction, sedimentation, excavation, etc. 
Grid - 

Surface disturbance Amount of cell surface area that is disturbed through man-made 
activities such as shipping, construction, etc. 

Grid - 

Artificial substrate Amount of cell area covered by man-made habitat Grid Protection 
Protection Amount of cell area closed to fishing, per fishing fleet. Each 

fishing fleet in an MSP game will have its own protection layer. 
Grid - 

Fishing intensity Scalar to initial fishing pressure, per fleet Single value - 

 

Figure 3 - Schematic overview showing how spatial plans (actions), in vector format, are converted to pressure 
grids, in raster format. This example shows how oil platforms, ferry and shipping lines, wind park construction, 
and dredging contribute to the noise pressure grid via conversion factors unique to each type of action. 
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Outcomes: summarizing ecological changes in the MSP software 

Outcomes are spatially explicit aggregations of Ecospace predictions. The complex results of food web 
dynamics are condensed to provide MSP session participants with key ecological results and indicators. 
Outcomes can consist of four types of Ecospace predictions: group biomass; group catch; fleet effort; 
and biodiversity indicators. The data in the outcome maps is reflected in the MSP software on a fixed 
colour gradient that represents one order of magnitude deviation from Ecopath baseline values. This 
relatively simple display system facilitates game participants to perceive drastic (local) changes in 
ecosystem functioning on a uniform scale across all outcomes.  

Case studies 

We integrated two existing published and previously fitted EwE models into the MSP Challenge 
simulation platform: one representing the North Sea and the other one the Firth of Clyde (west coast of 
Scotland). As the two systems differ greatly in spatial scale, species diversity, spatial homogeneity, and 
planning challenges, we decided to include both case studies in this work to provide a broad overview 
of model integration challenges as a guideline for similar future exercises. 

Case study 1: North Sea  

Background  

The case study concerns integrating a model for the entire North Sea (Mackinson and Daskalov, 2007; 
Romagnoni et al., 2015) for the project ‘A North Sea Perspective on Shipping, Energy and 
Environmental Aspects in Maritime Spatial Planning (NorthSEE)’.  

The North Sea is a relative shallow sea of approximately 570,000 km2, and is one of the busiest seas in 
the world with intense shipping movement, and fisheries mainly targeting cod (Gadus morhua), 
haddock (Melanogrammus aeglefinus), herring (Clupea harengus) and saithe (Pollachius virens). Oil 
and gas extraction have been an important economic sector since the 1960s, especially for the UK, 
Norway and the Netherlands, and more recently, aquaculture has been developed in the area. Countries 
bordering the North Sea are planning to install up to 62GW of offshore wind energy by 2030 in order 
to meet the Paris agreement on CO2 emission reductions. Hence, the growing need to accommodate 
offshore wind park construction will be one of the main drivers for future developments, resulting in 
spatial claims and possible conflicts with other uses. Increasing developments in the North Sea have 
cross-border impacts, which requires involved organizations to cooperate more efficiently regarding the 
establishment of coherent international networks of MPAs, dealing with cumulative ecological impacts, 
multiple use of space (for example, offshore wind energy coinciding with aquaculture or other forms of 
energy) and land-sea interactions, among others. As national legislations leave room for different 
interpretations, countries do not always follow comparable methods and approaches for developments 
within their areas of jurisdiction. 

The NorthSEE project aimed to achieve greater coherence between Maritime Spatial Planning processes 
and Maritime Spatial Plans, as well as furthering sustainable development in the North Sea through 
MSP. Several national MSP authorities and knowledge institutions worked together to develop and 
share knowledge on key economic sectors and future developments, transnational planning, and 
institutional developments. As part of the NorthSEE project, the North Sea area was captured in an 
updated version of the MSP Challenge simulation platform to engage and learn planners and sectoral 
stakeholders about planning challenges in the North Sea.  
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Table 2 - Basic inputs for the condensed and balanced marine spatial planning challenge North Sea Ecopath 
model. Parameters definitions: TL = trophic level, B = biomass (tonne/km&sup2), P/B = production/biomass (per 
year), Q/B = consumption/biomass (per year), EE = ecotrophic efficiency, and P/Q = production/consumption. 
Parameters estimated by the model are underlined. Functional groups that include more than one of the groups 
from the original North Sea model are in bold font and their components are in italics. 

 MSP Functional 
Grouping 

Condensed groups TL B P/B Q/B EE P/Q 

1 Cetacean  4.278 0.084 0.020 11.464 0.396 0.002
  Baleen whales 4.444 0.067 0.02 9.900 0.000 0.002
  Toothed whales 4.644 0.017 0.02 17.630 0.000 0.001
2 Seal - 4.886 0.008 0.090 26.842 0.000 0.003
3 Diving seabirds - 4.084 0.004 0.450 86.970 0.000 0.005

4 
Surface-feeding 
seabirds - 3.139 0.002 0.237 77.280 0.000 0.003

5 Cod  4.668 0.130 1.190 2.170 0.916 0.548 
  Cod (juvenile 0-2) 4.306 0.100 4.967 0.989 0.360
  Cod (adult) 4.806 0.130 2.170 0.911 0.548

6 
Commercial 
gadoids  4.225 0.760 0.927 4.455 0.963 0.208

  Whiting (juvenile 0-1) 4.255 0.027 17.402 0.917 0.136
  Whiting (adult) 4.336 0.430 5.460 0.981 0.163
  Haddock (juvenile 0-1) 4.057 0.008 7.685 0.883 0.260
  Haddock (adult) 4.265 0.120 2.350 0.824 0.485
  Saithe (juvenile 0-3) 4.022 0.116 8.511 0.904 0.117
  Saithe (adult) 4.337 0.210 3.600 0.716 0.244

7 
Demersal 
predators  4.534 0.269 0.658 2.076 0.647 0.317

  Juvenile sharks 4.281 0.001 0.500 2.500 0.194 0.200
  Spurdog 4.748 0.130 0.480 2.000 0.229 0.240
  Large piscivorous sharks 4.918 0.001 0.440 1.600 0.619 0.275
  Small sharks 4.334 0.002 0.510 2.960 0.337 0.172
  Hake 4.901 0.014 0.820 2.200 0.681 0.373
  Other gadoids (large) 4.515 0.065 1.000 2.500 0.950 0.400
  Monkfish 4.823 0.042 0.700 1.700 0.853 0.412
  Catfish (Wolf-fish) 4.272 0.014 0.480 1.700 0.802 0.282

8 
Pelagic small 
gadoids  3.440 1.540 2.245 5.649 0.794 0.397 

  Blue whiting 4.094 0.230 2.5 9.060 0.321 0.276
  Norway pout 3.586 1.310 2.2 5.050 0.980 0.436
9 Herring  3.274 2.823 0.504 4.705 0.990 0.107
  Herring (juvenile 0-1) 3.420 0.143 11.537 0.888 0.114
  Herring (adult) 3.436 2.680 4.340 0.567 0.184
10 Sandeel and Sprat  3.319 2.429 2.280 5.250 0.896 0.434
  Sandeels 3.345 1.850 2.28 5.240 0.991 0.435
  Sprat 2.959 0.579 2.28 5.280 0.839 0.432
11 Mackerel - 3.745 0.750 0.600 1.730 0.772 0.347
12 Small pelagic fish  3.763 0.779 1.015 3.747 0.311 0.271
  Miscellaneous 

filterfeeding pelagic fish 3.432 0.029 4 10.190 0.990 0.393
  Horse mackerel 4.277 0.750 0.9 3.500 0.227 0.257
13 Flatfish  3.951 4.431 0.734 3.818 0.384 0.192 
  Plaice 3.982 0.580 0.85 3.420 0.850 0.249
  Dab 4.001 2.800 0.672 4.000 0.222 0.168
  Long-rough dab 4.178 0.350 0.7 4.000 0.489 0.175
  Flounder 4.377 0.250 1.1 3.200 0.261 0.344
  Sole 3.998 0.135 0.8 3.100 0.882 0.258
  Lemon sole 3.938 0.140 0.864 4.320 0.502 0.200
  Witch 4.046 0.082 0.9 3.000 0.396 0.300
  Turbot 4.535 0.027 0.86 2.100 0.583 0.410
  Megrim 4.454 0.034 0.72 3.100 0.249 0.232
  Halibut 4.513 0.033 0.16 3.140 0.278 0.051
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 MSP Functional 
Grouping 

Condensed groups TL B P/B Q/B EE P/Q 

14 
Large demersal 
fish  4.254 0.799 0.647 1.782 0.086 0.363

  Juvenile rays 4.231 0.268 0.66 1.700 0.006 0.388
  Starry ray + others 4.428 0.390 0.66 1.700 0.050 0.388
  Thornback & Spotted ray 4.495 0.066 0.78 2.300 0.217 0.339
  Skate + cuckoo ray 4.426 0.050 0.35 1.800 0.386 0.194
  Large demersal fish 4.208 0.025 0.55 2.540 0.900 0.217

15 
Small demersal 
fish  4.045 0.850 1.419 3.862 0.860 0.367 

  Other gadoids (small) 3.813 0.280 1.8 4.000 0.990 0.450
  Gurnards 4.440 0.180 0.82 3.200 0.264 0.256
  Dragonets 3.974 0.045 1.44 6.900 0.955 0.209
  Small demersal fish 4.227 0.345 1.42 3.700 0.990 0.384
16 Squid & cuttlefish - 3.608 0.060 4.500 15.000 0.825 0.300
17 Zooplankton  2.261 19.213 8.327 27.053 0.620 0.308 
  Carnivorous 

zooplankton 3.228 3.147 4 12.500 0.990 0.320

  
Herbivorous & 
Omnivorous zooplankton 
(copepods) 2.057 16.000 9.2 30.000 0.384 0.307

  Gelatinous zooplankton 3.574 0.066 2.9 6.444 0.793 0.450
18 Large crabs - 3.680 1.200 0.550 2.750 0.961 0.200

19 
Large benthic 
invertebrates  2.991 215.054 0.779 2.828 0.412 0.275

  Nephrops 3.503 0.980 0.37 1.850 0.988 0.200
  Epifaunal macrobenthos 3.310 78.000 0.3883938 1.942 0.433 0.200
  Infaunal macrobenthos 2.870 136.000 1 3.333 0.275 0.300
  Shrimp 3.053 0.074 11 22.000 0.997 0.500

20 
Small benthic 
invertebrates  2.851 288.821 1.166 4.088 0.933 0.285

  Small mobile epifauna 2.893 30.000 1.36 3.886 0.982 0.350
  Small infauna 2.954 150.000 0.9 3.000 0.869 0.300
  Sessile epifauna 2.797 105.000 0.26 1.300 0.028 0.200
  Meiofauna 3.030 3.821 35 125.000 0.990 0.280

21 
Microflora (incl 
Bacteria protozoa)  2.143 1.545 1175.786 2351.573 0.729 0.500 

  Benthic microflora 2.238 0.105 9470 18940.000 0.950 0.500
  Planktonic microflora 2.139 1.440 571 1142.000 0.725 0.500
22 Phytoplankton - 1.000 7.500 286.667 0.000 0.208 

23 
Detritus and 
discards  1.000 25.000  0.931 

  Detritus - DOM -water 
column 1.000 25.000  0.914 

  Detritus - POM - 
sediment 1.000 25.000  0.940 

  Discards 1.000 0.000   0.993 

 

Ecopath with Ecosim model 

We based this case study on the original model for the North Sea (Mackinson and Daskalov, 2007), 
updated to more recent data (ICES, 2015). This model was too computationally demanding for 
integration into MSP simulations, and was reduced in complexity. Charismatic groups (e.g. seals, 
cetaceans), commercially important groups (e.g. cod, herring, sandeel (Ammodytes spp.), and groups 
subject to anthropogenic impacts and/or to legal protection at international level and thus in need of 
monitoring (e.g. seabirds, benthic invertebrates) were retained in the model as they were essential to 
MSP interests. Other groups were aggregated to reduce the computational cost of running the model 
(Table 2) based on ecological, taxonomic, or on other considerations such as similarities in spatial 
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distribution or catch dynamics. Original fleets were aggregated based on similarities in catches, and 
economic characteristics. Three main fleets were considered relevant for MSP game player control 
(bottom trawl, industrial and pelagic trawl, drift and fixed nets fleets), while others (gears using hooks, 
dredges, pots, other gears) were kept constant in the model to retain ecosystem dynamics (Table 3). 

Table 3 - Fishing fleet structure, landings, and discards for the condensed marine spatial planning challenge North 
Sea Ecopath model. Fleets that include more than one of the fleets from the original North Sea model are in bold 
font and their components are in italics. 

 MSP Fishing fleets Condensed fleets Landings Discards 

1 Bottom trawl   1.303 0.367 
  Demersal trawl + dem seine 0.782 0.151 
  Beam trawl 0.406 0.177 
  Nephrops trawl 0.090 0.076 
  Shrimp trawlers 0.074 0.041 

2 Industrial and pelagic 
trawl 

 2.511 0.031 

  Industrial trawl 1.256 0.008 
  Pelagic trawl 1.255 0.023 

3 Drift and fixed nets - 0.024 0.001 

4 Gears using hooks - 0.002 0.000 

5 Dredges - 0.586 0.000 

6 Pots - 0.007 0.000 

7 Other - 0.156 0.020 

 

The resulting Ecopath model was balanced and calibrated according to best practices (Heymans et al., 
2016). Temporal model predictions in Ecosim were calibrated using time series of biomass, catch, total 
mortality, and fishing mortality. Using the automated stepwise fitting plugin (Scott et al., 2016), model 
fit was improved via the estimation of predator vulnerabilities. Model fit was statistically measured 
using Akaike’s Information Criterion for small sample sizes (AICc; Burnham and Anderson, 2003). In 
total, 31 vulnerabilities were estimated, reducing the sum of squared deviations (SS) from 512.3 to 
391.5 and AICc from -305.4 to -443.4.  

The Ecospace model area was divided into a grid of 85 columns and 144 rows at 10x10km cells. The 
spatial model included five habitat types based on depth and ecological relevance following Romagnoni 
et al. (2015). An additional ‘artificial substrate’ habitat was included to receive the corresponding 
pressure from the MSP game. Relevant groups, such as benthic invertebrates, were assigned preferences 
to this new habitat based on existing literature (Baine, 2001; Perkol-Finkel and Benayahu, 2005). 
Spatial distributions were driven by habitat preference and by the functional responses to environmental 
conditions for selected groups through the Ecospace HFCM. Functional responses to distance from 
shore were applied to seals and seabirds (Jones et al., 2013; Karpouzi et al., 2007). Additionally, known 
seabird forage and migration habitat areas were included to define base distributions.  

Little information was available for species-specific functional responses to changing intensities of 
anthropogenic pressures; however, there is abundant literature to support that these pressures can 
detrimentally impact marine communities. Anthropogenic noise has been found to impact the foraging 
and resting behaviours of seals (Mikkelsen et al., 2019) and seabirds (Buxton et al., 2017) and has been 
linked to fatal stranding (Forney et al., 2017), hearing damage (Ketten, 2012), disrupted foraging and 
reproductive behaviour (Gomez et al., 2016), and changes to the distributions (Graham et al., 2017) of 
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cetaceans. The presence and physical disturbance caused by boats and recreational activities on the 
water’s surface can have short term impacts on marine mammal behaviour (Lusseau, 2003), lead to 
displacement (Machernis et al., 2018), and increase the risk of physical harm via ship strikes (Redfern 
et al., 2013). Finally, activities that result in bottom disturbance, such as the installation and operation 
of renewable energy, aggregate extraction can lead to the destruction of benthic habitats (Foden et al., 
2010; Gill, 2005). Many benthic invertebrates are sensitive to habitat disturbance and often suffer high 
mortality leading to reduced biomass, production, and species richness (Hinz et al., 2009). 

Simple linear functional 
responses were used to link 
functional groups to specific 
MSP pressures in the Ecospace 
HFCM (Table 4) using three 
response curves: low negative, 
high negative, and positive 
(Figure 4). As the intensity of a 
pressure increased, the habitat 
foraging capacity multiplier for 
functional groups with low 
negative responses would decline to 0.5 at maximum pressure intensity. For functional groups with high 
negative responses, the habitat foraging capacity at maximum pressure intensity declined to zero, 
making it impossible for affected functional groups to feed within the corresponding Ecospace cell. 

Table 4 - Functional responses by pressure (noise, surface disturbance, bottom disturbance) as assigned for each 
group in the ecosystem, at initial settings. 

Group name Noise Surface disturbance Bottom disturbance 
1 Cetacean High Low  
2 Seal Low Low 
3 Windfarm avoiding seabirds Low Positive 

 

4 Windfarm indifferent seabirds Low Positive 
 

5 Cod 
 

6 Commercial gadoids 
7 Demersal predators 
8 Pelagic small gadoids 
9 Herring 
10 Sandeel and Sprat 
11 Mackerel 
12 Small pelagic fish 
13 Flatfish 
14 Large demersal fish 
15 Small demersal fish 
16 Squid & cuttlefish 
17 Zooplankton 
18 Large crabs High 
19 Large benthic invertebrates High 
20 Small benthic invertebrates High 
21 Microflora (incl Bacteria protozoa) 
22 Phytoplankton 
23 Detritus and discards 

 

Figure 4 - Functional responses for low negative, high negative, and 
positive impacts used in the final version of the North Sea model. 
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The choice and configuration of outcomes delivered back to the MSP Challenge North Sea edition was 
determined in close collaboration with the NorthSEE project, and incorporated iconic, commercial or 
ecological important species, fishing activities, and two ecological indicators (Table 5).  

Testing 

The North Sea EwE model was calibrated to approximate species distributions and intensities of the 
original model. Based on literature, species most sensitive to one or more MSP pressures were 
configured accordingly. Model performance was then tested and validated through an incremental 
introduction of MSP start-up pressures (e.g., pressures caused by MSP activities present in the model 
at the start-up of a game) following the aforementioned protocol.  

Table 5 - Outcomes delivered by Ecopath with Ecosim the marine spatial planning challenge game for the North 
Sea Ecospace model, covering 11 biomass summaries, three catch summaries, and two ecological indicators. The 
outcomes labelled as benthic invertebrates and demersal fish contain aggregations of functional groups. The large 
fish indicator (Engelhard et al. 2015) is a per-cell result of the sum of biomass of cod and commercial gadoids 
divided by the sum of biomass of all fish. Ecospace in Ecopath with Ecosim release 6.5 and newer versions 
calculate the Shannon diversity indicator following Shannon (1948). 

Category Outcome name # Components Components 

Biomass 
(group) 

Benthic invertebrates 3 
Large crabs; large benthic invertebrates; small 
benthic invertebrates 

Cetacean 1 Cetacean 
Cod 1 Cod 
Demersal fish 2 Commercial gadoids; demersal predators 
Flatfish 1 Flatfish 
Herring 1 Herring 
Mackerel 1 Mackerel 
Sandeel 1 Sandeel and sprat 
Seal 1 Seal 
Windfarm avoiding seabird 1 Windfarm avoiding seabirds 
Windfarm indifferent seabird 1 Windfarm indifferent seabirds 

Catch 
(fleet) 

Bottom trawl 1 Bottom trawl (otter, beam, seine) 
Drift and fixed nets 1 Industrial and pelagic trawl 
Pelagic and industrial trawl 1 Drift and fixed nets 

Indicator 
(group) 

Large Fish Indicator 11 

Cod; Commercial gadoids; Demersal predators; 
Pelagic small gadoids; Herring; Sandeel and Sprat; 
Mackerel; Small pelagic fish; Flatfish; Large 
demersal fish; Small demersal fish 

Shannon diversity indicator 1 - 

 

The model was integrated in the MSP Challenge North Sea edition and tested during a full-day session 
with NorthSEE project participants. The model was adjusted to incorporate test session feedback and 
was formally delivered at the NorthSEE project closure meeting. The assemblage of the model with 
focus on re-parameterisation, assumptions, and pressure testing is detailed in  
https://northsearegion.eu/media/10159/northsee-ewe-north-sea-model-report_august-2019.pdf. 

Case study 2: Firth of Clyde 

Background  

The second case study pertains the integration of a model for the west coast of Scotland (Alexander et 
al., 2015; Haggan and Pitcher, 2005; Serpetti et al., 2017) into an MSP Challenge Clyde Marine Region 
edition for the project ‘Supporting Implementation of Maritime Spatial Planning in the Celtic Seas 
(SIMCelt)’. 
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The River Clyde and its wider estuary, or ‘Firth’, is one of Scotland’s most iconic and economically 
important waterbodies with a highly indented coastline of over 1,200km with numerous islands. Under 
the EU-funded SIMCelt project (2015-2018), a case study was proposed for the Clyde Marine Region 
that examined the challenges of undertaking marine planning across administrative borders. In 
particular, it considered innovative mechanisms for stakeholder engagement and used the MSP 
Challenge approach (a board game not discussed here, and the simulation platform) to test whether a 
better understanding of marine spatial planning and the complexity of marine ecosystems could be 
achieved. As the MSP Challenge simulation platform was initially developed for extensive sea areas 
with a great diversity and intense use, like the North Sea, adapting the game to the Clyde Marine Region 
was a challenge due to its relatively small size coupled with diverse and overlapping uses. The Clyde 
Marine Region is intensively used for recreation, commercial shipping, lifeline ferry services, military, 
and industrial purposes. There is currently no renewable energy production in the Clyde Marine Region 
as conditions are not favourable. Fishing industry in the Clyde Marine Region focusses on five fleets: 
‘Demersal trawl’, ‘Scallop fleet’, ‘Nephrops fleet’, ‘Pots and creel’, and ‘Seine’. There are also two no-
take zones where these fleets cannot operate to protect benthic communities. Cables in the Clyde Marine 
Region are buried or protected by rocks, eliminating the need to impose bottom trawl restrictions near 
cables. 

Table 6 - Basic estimates for the condensed and balanced marine spatial planning challenge Clyde Sea Ecopath 
model. Parameters definitions: TL = trophic level, B = biomass (tonne/km²), P/B = production/biomass (per year), 
Q/B = consumption/biomass (per year), EE = ecotrophic efficiency, and P/Q = production/consumption. Parameters 
estimated by the model are underlined. Functional groups that include more than one of the groups from the 
uncondensed Clyde Sea model are in bold font and their components are in italics. 

 
MSP Functional 
groupings 

Condensed groups TL B P/B Q/B EE P/Q 

1 Seals - 4.364 0.047 0.111 12.000 0.000 0.009
2 Cetaceans - 4.074 0.126 0.090 14.000 0.000 0.006
3 Birds - 4.150 0.005 0.400 83.051 0.864 0.005
4 Sharks - 4.052 0.682 0.600 3.000 0.653 0.200
5 Rays and skates - 3.799 1.400 0.480 2.243 0.084 0.214
6 Cod - 3.417 0.560 1.644 6.112 0.814 0.269
7 Haddock - 3.148 0.384 1.370 7.542 0.950 0.182
8 Saithe - 3.972 0.505 0.870 4.023 0.631 0.216
9 Whiting - 3.402 0.785 1.450 5.460 0.995 0.266

10 Other demersals 3.419 2.622 0.816 2.726 0.950 0.299 
    Other demersals 3.894 3.503 0.770 2.567 0.950 0.300
    Gurnards 3.691 0.150 1.400 4.610 0.638 0.304
    Inshore fish 3.585 0.207 5.000 16.667 0.711 0.300
    Norway pout 3.231 0.541 2.000 7.000 0.950 0.286
11 Flatfish 3.277 1.785 0.929 3.097 0.950 0.300 
    Halibut/Turbot/Brill 4.138 0.269 0.550 1.800 0.441 0.306
    Plaice 3.454 1.637 0.975 3.420 0.689 0.285
    Sole 3.377 0.456 0.800 2.700 0.910 0.296
12 Mackerel - 3.334 0.835 0.626 3.950 0.972 0.158
13 Herring - 3.187 1.827 1.800 10.100 0.950 0.178
14 Sandeels - 3.328 0.849 1.826 6.085 0.950 0.300
15 Other pelagic 3.310 9.806 1.216 4.958 0.377 0.245 
    Other pelagics 3.795 4.326 0.869 2.895 0.221 0.300
    Horse mackerel 3.237 1.873 0.700 2.900 0.703 0.241
    Sprat 3.152 1.484 1.900 8.500 0.950 0.224
16 Crabs and lobsters - 3.112 1.077 0.425 2.833 0.950 0.150
17 Nephrops - 3.106 4.493 0.730 4.867 0.976 0.150
18 Prawns and shrimp - 2.645 16.321 3.000 12.000 0.451 0.250
19 Cephalopods - 3.198 0.446 1.981 15.000 0.950 0.132
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MSP Functional 
groupings 

Condensed groups TL B P/B Q/B EE P/Q 

20 
Other 
invertebrates 2.133 33.397 10.556 41.224 0.689 0.256

    Other invertebrates 2.666 7.305 6.000 24.000 0.950 0.250
    Echinoderms 3.001 3.945 4.000 16.000 0.924 0.250
    Polychaetes 2.037 10.000 5.000 16.667 0.430 0.300
    Epifauna 2.000 10.584 20.000 80.000 0.384 0.250
    Infauna 2.000 1.561 20.000 80.000 0.734 0.250
21 Large zooplankton - 2.112 9.686 9.731 35.269 0.950 0.276
22 Small zooplankton - 2.031 5.389 18.000 72.000 0.950 0.250
23 Phytoplankton - 1.000 80.000 70.000 0.000 0.159 - 
24 Detritus - 1.000 100.000 - - 0.000 - 

 

Ecopath with Ecosim model 

The EwE MSP model for the MSP Challenge Clyde Marine Region edition was built using the original 
Firth of Clyde EwE model (Heywood, 2009) and the West Coast of Scotland (WCS) model, originally 
developed by Haggan and Pitcher (2005), and recently updated by Alexander et al. (2015) and Serpetti 
et al. (2017). 

The original Firth of Clyde model included 37 functional groups and was reduced to 24 groups for the 
purpose of MSP gameplay (Table 6). Similar to the North Sea case study, species of interest for MSP 
gameplay, such as commercial species, were retained as single species functional groups whilst others 
were merged into larger groups. Fishing fleets were aggregated into the fleets of importance to Clyde 
stakeholders and according to the pressures of interest to MSP gameplay (Table 7). The model was 
sense-checked and calibrated using PREBAL diagnostics (Link, 2010) and best practice methods 
(Heymans et al., 2016).  

Table 7 - Fishing fleet structure, landings, and discards for the marine spatial planning challenge Clyde Sea 
Ecopath with Ecosim model. Fleets that include more than one of the fleets from the uncondensed Clyde Sea 
model are in bold font and their components are in italics. 

MSP Fishing fleets Condensed fleets Landings Discards 

1 Demersal trawl - 0.73 0.39 
2 Scallop fleet   0.12 0.00 
    Dredge 0.03 0.00 
    Hand collecting 0.09 0.00 
3 Nephrops fleet - 0.93 1.70 
4 Pots and creels - 0.01 0.0004 
5 Seine   0.83 0.12 
    Seine 0.41 0.00 

    Pelagic fleet 0.42 0.12 

 

The temporal dynamics of the model were validated using driving (fishing mortality) and calibration 
(biomass, catch) time series. Automated stepwise fitting mechanisms (Scott et al., 2016) were used to 
estimate the combination of vulnerabilities between functional groups which produced a ‘best fit’ model 
capable of capturing the trends of historic data (using sum of squares and AICc). A total of six predator 
vulnerabilities were estimated suggesting top-down control from sharks, haddock and Nephrops 
(Nephrops norvegicus), and bottom-up control from cod, saithe and whiting (Merlangius merlangus). 
Estimated vulnerabilities reduced the model’s SS from 68 to 49 and AICc from -221 to -277. 
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The Ecospace map was defined at 93 rows by 67 columns at 1.5x1.5km cells to capture fine-scale 
planning activities in the area. The spatial distribution of species in the Firth of Clyde were determined 
by habitat preferences and functional response to depth, whilst fleet activity was restricted by habitat 
type. Habitat types were grouped into five categories: mud, rock, sand, coarse sediment and mixed 
sediment. The minimum, maximum and optimum depths for functional groups were taken from 
AquaMaps (Kaschner et al., 2016), a global distribution model for marine species. AquaMaps depth 
tolerance ranges were converted into Gaussian functional responses and assigned to functional groups 
to determine their spatial distributions through the Ecospace HFCM. By using Gaussian response 
functions, the habitat capacity of functional groups was multiplied by 1 in Ecospace cells which 
corresponded with their optimum depths therefore having no diminishing effect. The multiplier, and 
therefore habitat capacity, declined in cells with depths greater or less than optimum, eventually 
reaching zero at tolerance extremes.  

Table 8 - Spatial pressures and drivers applied to functional groups and fishing fleets in the marine spatial planning 
challenge Clyde Sea Ecospace model. MPA = marine protected area. 

Functional group/ 
Fishing fleet 

Spatial driver/ 
pressure layer 

Functional response 
Pressure layer 

is dynamic 

Seals Depth Gaussian N 

Noise Linear (low negative impact) Y 

Surface disturbance Linear (low negative impact) Y 
Cetaceans Depth Gaussian N 

Noise Linear (high negative impact) Y 

Surface disturbance Linear (low negative impact) Y 
Birds Noise Linear (low negative impact) Y 
Sharks Depth Gaussian N 
Rays and skates Depth Gaussian N 
Cod Depth Gaussian N 
Haddock Depth Gaussian N 
Saithe Depth Gaussian N 
Whiting Depth Gaussian N 
Flatfish Depth Gaussian N 
Mackerel Depth Gaussian N 
Herring Depth Gaussian N 
Sandeels Depth Gaussian N 
Crabs and lobsters Depth Gaussian N 

Bottom disturbance Linear (high negative impact) Y 
Other invertebrates Bottom disturbance Linear (high negative impact) Y 
Demersal trawl MPA (demersal fleet) Restricted entry Y 
Scallop fleet MPA (scallop fleet) Restricted entry Y 
Nephrops fleet MPA (Nephrops fleet) Restricted entry Y 
Pots and creels MPA (pots and creels) Restricted entry Y 
Seine MPA (seine) Restricted entry Y 

 

Similarly to the North Sea case study, functional responses to impacts were set based on low-high linear 
functional responses for functional groups most sensitive to MSP pressures. Seals and seabirds were 
given low negative functional responses to noise whilst cetaceans were given a high negative response. 
Both seals and cetaceans were assigned low negative responses to surface disturbance whilst crabs and 
lobsters and other benthic invertebrates were assigned high negative responses to bottom disturbance 
(Table 8). 
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Testing 

The Firth of Clyde EwE model was tested using various scenarios of hypothetical game play actions, 
following the aforementioned protocol prior to integration in the MSP Challenge simulation platform. 
The individual and cumulative ecological impacts of noise, surface disturbance, bottom disturbance, 
and artificial substrate were tested on the Clyde Sea Ecospace model by sub-setting a rectangular region 
towards the south of the Clyde model as a ‘pressure testing area’. The impact of the pressures on the 
biomass of functional groups within and outside the pressure region were tested at increasing pressure 
intensities. The behaviour of the ecological model was publicly tested during game sessions with project 
participants, public audiences, and stakeholders, as part of the wider SIMCelt project (Fairgrieve, 2017) 

The report detailing the simplification, temporal fitting, spatial setup, and pressure testing for the MSP 
Clyde Sea EwE model is available in Bentley et al. (2017). 

 Results 

North Sea case study 

The introduction of MSP start-up pressures had the largest effects on cod, demersal predators, sandeel 
and sprat, small demersal fish, and large crabs. Individual pressures had different effects across the 
modelled components. Low-frequency noise only had a direct negative effect on a small number of 
functional groups such as cod, commercial gadoids and demersal predators, whose displacement had 
positive effects on some prey and competing groups (e.g., herring, sandeel and sprat, small pelagic fish, 
flatfish, small demersal fish, large demersal fish, and large crabs). Note that for some groups negatively 
affected by noise (e.g. herring), the net effect of noise was positive due to predator displacement. This 
result was observed across multiple groups and demonstrated that a food web model captures both direct 
and indirect impacts of game pressures. Bottom disturbance had a negative effect on most groups, 
except on pelagic fish such as mackerel, herring, and sandeel and sprat, and small demersal fish, which 
indirectly benefitted from disturbance-induced displacement of their predators. Surface disturbance had 
a negative impact on some groups, including windfarm-indifferent seabirds, cod, commercial gadoids, 
demersal predators, mackerel. Other groups showed positive responses to surface disturbance (seals, 
windfarm-avoiding seabirds, herring, sandeel and sprat) through food web dynamics.  

Establishment of artificial habitat had a negative effect on most groups, except on commercial gadoids, 
demersal predators, flatfish, large benthic invertebrates, and small benthic invertebrates, which either 
find extra habitat and shelter, or increased prey availability through reduction of competing predators. 
Large crabs, which typically find highly favourable conditions in artificial habitat, showed a negative 
biomass trend under this impact. This is because the favourable habitat conditions caused this functional 
group to aggregate, resulting in local depletion of food resources and higher vulnerability to predation. 
This is a typical example of a non-linear food web effect. 

Protection had a positive effect on most species, in particular on intensely harvested fish species (e.g., 
herring, sandeel and sprat, mackerel, and flatfish) whose increasing biomasses supported larger biomass 
of their predators, such as seals and both groups of seabirds. However, the effect of protection was 
negative for cod and demersal predators, as fishing fleets banned from protected areas concentrated in 
remaining open areas, increasing the overall impact on these target groups.  
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For many groups, the overall impact of combined pressure profoundly differed from the impact of 
individual pressures (e.g., for cod, demersal predators and sandeel and sprat), or even triggered inverse 
effects (e.g. for herring and mackerel, the combined pressure impacts were strongly negative while all 
but one individual pressure had positive biomass effects). These results highlighted the non-linear 
effects that take place throughout the food web and the interactions occurring between impacts.  

Similarly, the spatial distribution of some groups was more impacted than others (Figures 5 and 6): 
cetaceans, seals, and seabirds showed higher or lower negative impacts from shipping routes, 

 

Figure 5 - North Sea biomass distribution and intensity change up to 10% in response to the introduction of marine 
spatial planning start-up pressures after a 40-yr simulation period for various biological compartments. (A) 
Cetaceans. (B) Seals. (C) Windfarm-avoiding seabirds. (D) Windfarm-indifferent seabirds. (E) Cod. (F) 
Commercial gadoids. (G) Demersal predators. (H) Herring. (I) Sandeel and sprat. (J) Mackerel. (K) Flatfish. (L) 
Large demersal fish. (M) Large crabs. (N) Large benthic invertebrates. (O) Small benthic invertebrates. 
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windfarms, oil platforms, and submerged cables due to increased noise and surface disturbance. These 
groups displayed localized impacts, either positive or negative, to human activities. Predatory fish 
showed more averaged-out patterns due to the combination of fishing displacement and pressure effects 
on their spatial distribution than prey fish, as top predator species with little or no fishing mortality were 
able to move away from impacts without repercussions, dispersing across their habitat. Most fish groups 
showed similar patterns to impacts from noise, surface and bottom disturbance interacting with the food 
web effects and fishing. Species generally avoided areas impacted by human activities (shipping routes, 
oil and gas platforms, windfarms). Commercially important fish such as cod, commercial gadoids, 
demersal predators, and flatfish, showed generally larger increase in the southern area of the North Sea. 
This was explained through reduced fishing pressure caused by much higher initial activity in the south 
than in the north. Benthic invertebrates and large crabs benefitted from artificial habitat for shelter, and 
were most sensitive to bottom disturbance. 

Firth of Clyde results 

The establishment of protection from fishing generated the largest biomass fluctuations of functional 
groups within the Firth of Clyde ecosystem. In response to MPA placement, the biomass of Nephrops, 
crabs and lobsters, and rays and skates increased, whereas noticeable biomass decreases were observed 
for groups such as herring, sharks, and sandeels. The gradual addition of other pressures had only minor 
impacts on the total biomass of functional groups in the Firth of Clyde. The cumulative impact of all 
start-up pressures on the total biomass of functional groups resembled the changes witnessed when 
MPAs were added independently, albeit with slight deviations. 

The response of functional groups to low frequency noise and surface disturbance were much more 
apparent when viewed in a spatially context. Whilst the total biomass of functional groups showed little 
change under the implementation of these layers independently, the spatial distribution of many species, 
specifically seals, cetaceans and seabirds, noticeably deviated to avoid noise and surface disturbance 
generated by shipping activities (Figure 7). The impact of shipping intensity generated cascading food 
web effects in the Clyde food web model. The biomass distribution of mammals and seabirds decreased 
in areas of high noise and surface disturbance, leading to an increase in the biomass of pelagic and 
demersal fish due to reduced predation pressures, which then led to a decrease in the biomass of 
invertebrates due to increased predation pressures. The biomasses of mammals and seabirds were 
redistributed to areas outside of the shipping lanes, leading to biomass declines of their prey in these 
areas.  

 

Figure 6 - North Sea biomass distribution and intensity change up to 5% in response to the introduction of marine 
spatial planning start-up pressures after a 40-yr simulation period for various compartments. (A) Pelagic small 
gadoids. (B) Small pelagic fish. (C) Small demersal fish. (D) Squid and cuttlefish. 
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Invertebrate groups such as ‘crabs and lobsters’ and Nephrops benefitted from the reduced fishing 
mortality within the MPAs, as illustrated by the increase in their biomass (Figures 8 and 9). These 
MPAs did not directly protect demersal or pelagic fish, but instead displaced effort from demersal trawl 
and Nephrops fleets to the outer edge of the MPAs, where demersal and pelagic fish were found in 
greater abundance due to their preferences for increased depths. Therefore, despite the establishment of 
the protected areas, overall landings of demersal and pelagic species still increased as both species are 
caught by the seine fleet, which was granted access into the large MPAs.  

Initial pressures of bottom disturbance and artificial habitat had negligible impacts on the total biomass 
and overall biomass distribution of functional groups in the Firth of Clyde. This was not due to their 
lack of impact, but rather to the low intensity and distribution of these pressures in the Clyde marine 
region. Despite this limited impact, the biomasses of invertebrate groups increased in areas where 
artificial habitat had been created by the presence of ports and marinas. Invertebrate biomass declined 
in the presence of bottom disturbance. Whilst the extent of these pressure layers had minimal impact at 
the start of gameplay, spatial plans developed during game sessions showed that player allocation of 
waste disposal sites or artificial structures could drastically influence the ecology of the Clyde marine 
region.  

  

 

Figure 7 - Proportional change in the biomass of functional groups in the Firth of Clyde marine spatial planning 
(MSP)-Ecopath with Ecosim model after the implementation of gaming start-up pressure layers. The baseline 
(0) denotes the biomass prior o the addition of environmental pressures. Hollow bars and points denote 
changes that are not explicitly shown to MSP game participants. MPAs = marine protected areas. 
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 Discussion 

The MSP Challenge simulation platform, enhanced with a scientific ecosystem models presented here, 
has the potential to serve as a powerful planning support tool and learning environment, revealing 
ecological complexities and dynamics of marine food webs under the direct and indirect repercussions 
of planned human activities. Ecological conservation and marine renewable resource management are 
complex processes, especially when tightly interwoven with the wide range of planning challenges 
offered by the MSP Challenge simulation platform. The cascading food web dynamics add ecological 
repercussions to the game play which encourages players to pay attention to the ecosystem, rather than 
treating ecological issues as an afterthought. 

Figure 8 - Firth of Clyde biomass distribution and 
intensity change up to 5% in response to the 
introduction of marine spatial planning start-up 
pressures after a 40-yr simulation period for various 
compartments. (A) Seals. (B) Cetaceans. (C) Birds. (D) 
Sharks. (E) Rays and skates. (F) Cod. (G) Saithe. (H) 
Whiting. (I) Mackerel. 

 

Figure 9 - Firth of Clyde biomass distribution and intensity change up to 1% in response to the introduction of 
marine spatial planning start-up pressures after a 40-yr simulation period for various compartments. (A) Other 
pelagic. (B) Nephrops. (C) Prawns and shrimp. (D) Other invertebrates. 
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Lessons learnt from the case studies 

In this study, two contrasting case studies were included to demonstrate the feasibility of adapting pre-
existing EwE models for inclusion into MSP Challenge simulation platform with different 
characteristics and objectives. 

The introduction of anthropogenic disturbances at the start of the model runs, altered the spatial 
distributions of functional groups (Figure 10) deviating from the master models. This was expected and 
unavoidable, as these disturbances were not explicitly represented in the original models. 

Models for the North Sea and Firth of Clyde showed different responses to the introduction of similar 
environmental responses. Several factors contribute to these differences: The North Sea and Firth of 
Clyde ecosystems greatly differ in ecological and physical characteristics, uses, impacts, and 
management mechanisms (Alexander et al., 2015; Haggan and Pitcher, 2005; Mackinson and Daskalov, 
2007; Serpetti et al., 2017). Ecological responses to anthropogenic disturbances differed between the 
two regions as both areas experienced unique patterns of shipping intensity, waste disposal, renewable 
energy, etc. For example, no renewable energy structures exist in the Clyde whereas windfarms were 
established in the North Sea; artificial habitat and its impacts were thus more prevalent in the North Sea 
than in the Firth of Clyde. Additionally, unique characteristics of the food web, environmental 
sensitivities of different species, and fishing, unavoidably caused both models to respond differently to 
MSP disturbances.  

 

Figure 10 - Comparison of proportional changes in the biomass of ecological groups in the North Sea and Firth 
of Clyde marine spatial planning (MSP)-Ecopath with Ecosim models after the implementation of MSP start-up 
pressure layers. The baseline (0) denotes the biomass prior to the addition of these pressures. MPAs = marine 
protected areas. 



Results 

49 

Interestingly, our study shows that overall disturbances had significantly greater impacts in the Firth of 
Clyde model than the North Sea (Fig 12), which was a direct consequence of the difference in modelled 
area between both models. Whereas mobile species in the North Sea had ample room to relocate in 
response to unfavorable conditions, functional groups in the Firth of Clyde were more spatially 
restricted, with predators and prey closely tied together within a smaller area. 

Challenges and limitations 

A significant limitation to our exercise was the need to use a simplified pressure system. Pressure 
categories such as ‘noise’, ‘surface disturbance’, and ‘bottom disturbance’ are broad generalizations of 
much finer disturbances that could have wide ranges of impacts on marine animals if properly included 
in accordance to recent studies (Hawkins and Popper, 2017; Platteeuw et al., 2017; Spence et al., 2018; 
e.g., Williams et al., 2015). Similarly, there are many types of ‘artificial substrate’ that offer different 
benefits across ecosystems (e.g., Wright et al., 2018), and variety in marine protection schemes is a 
broadly studied (Horta e Costa et al., 2016; e.g., Katsanevakis et al., 2011; Stelzenmüller et al., 2018). 
Due to limitations in computational demands, we opted to include only the most iconic stressors into 
the EwE-MSP modelling approach, using generic environmental responses to evoke intuitive first-order 
responses of the ecosystem to these stressors that then mechanistically cascade through the food web. 
As scientific evidence of pressure impacts grows, we will need to revisit the pressure-response system, 
bringing more variety to the choice of environmental pressures to affect Ecospace.  

Similarly, the use of simple linear response functions rather than evidence-based elaborate response 
curves was a simplification born out of lack of data for all species included in functional group 
aggregations. We cross-validated first-order responses to MSP disturbances with expert opinion. 
Although lack of rigorous validation introduced a significant amount of speculation into the modelling 
framework, there were simply no alternatives available to validate the impact of hypothetical MSP game 
play onto complex food webs, as studies to the synergistic and antagonistic effects of multiple pressures 
are still rare due to inherent complexity (Coll et al., 2019). As such, the pressure-response system on 
which this initial version of the MSP-EwE linkage was based will need refining when more empirical 
evidence and validation data becomes available.   

Effectiveness 

With this study, we illustrated the enrichment of the MSP Challenge simulation platform with 
ecological dynamics. Participant responses to this first integration of a scientific model into the platform 
was strongly positive overall (Abspoel et al., 2019; Fairgrieve, 2017; Jean et al., 2018). Through non-
linear effects such as spatial trophic cascades, food webs can produce unexpected effects crucial for 
providing a deeper understanding of ecological dynamics in response to changes in the use of marine 
space.  

MSP test sessions indicated that over-familiarity with the geography of a real-life area could hamper 
MSP Challenge uptake. Keijser et al (2018b) observed that perceptions among the participants differed 
greatly on the ground of familiarity with MSP process: participants less familiar with MSP benefitted 
the most from the sessions. The authors hypothesise that MSP Challenge sessions are most effective for 
participants with limited personal knowledge or involvement with the sea area or specific sectoral 
interests. These potential challenges can be addressed via a well-thought-out plan of objectives, roles, 
and goals for a given session, tailored to a specific the audience, calling for a specific role of the so-
called game master and session moderator (Abspoel et al., 2019). 
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Future work 

Since both MSP and EwE are data-driven, new geographic areas, with different characteristics and a 
different ecosystem, can be incorporated into the simulation platform solely through data without 
requiring software changes. This makes it possible to develop new regional editions within an 
acceptable time frame and budget. As an example, together with Dalian University of Technology 
(DUT, Dalian China) and funded by the National Natural Science Foundation of China we are preparing 
the development of a Bo Hai Bay edition of the MSP Challenge.  

1\: The simulation platform itself can be improved and extended: The fisheries management 
system can be refined, with customizable harvest control rules (Platts and Mackinson, 2017) 
and detailed control over the functioning of MPAs (e.g., Christensen et al., 2009).  

2\: Oceanic currents and larval stages of key food web components can be included to allow the 
MSP Challenge models to focus on larval connectivity between protected areas (Walters et al., 
2010).  

3\: Projections of climate change can be implemented to affect how the ability of marine animals 
to utilize the marine space may shift over time (Christensen et al., 2014).  

4\: A refined action – pressure model with evidence-based functional responses should be 
developed in order to more realistically simulate species responses to anthropogenic pressures 
and address specific conservation concerns.  

5\: Last, a host of new spatial-explicit ecological indicators could be added as potential outcome 
to support different ways to explore the impact on ecology such as those defined in the EU-
Marine Strategy Framework Directive (MSFD, 2008/56/EC) (Coll and Steenbeek, 2017).  

Note that diversifying the amount and detail in environmental drivers may hamper the ability to discern 
cause-and-effect; keeping the MSP Challenge simulation platform as simple as possible to optimize 
participant learning should remain top priority. Additionally, including environmental change beyond 
MSP participant control may give rise to a perception that the simulations are ‘out of control’. Both 
factors thus risk to adversely affect participant engagement and learning (Westera, 2017) despite 
providing increased predictive capabilities. This, in the end, may defy the aim of the MSP Challenge 
simulation platform: engaging stakeholders and planners to learn about the complexity of maritime 
spatial planning. When simulation run times are no longer a limiting constraint to EwE model 
complexity, the MSP – EwE connection could be leveraged at its full potential as tool for planning 
support, with food webs, environmental forcing and functional responses at sufficient detail to answer 
MSP questions; comprehensively validated to data; and a quantification of the various sources of 
uncertainty. This work can furthermore inspire and direct others tasked challenged with the integration 
of a complex model into an advanced interactive planning support system. It serves as a springboard 
for the use of advanced game technology and play for the learning managing complex systems and 
natural resources. Let’s play. 
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Abstract 

We have developed an approach that connects a complex and widely used scientific ecosystem 
modelling approach with a game engine for real-time communication and visualization of scientific 
results. The approach, OceanViz, focuses on communicating scientific data to non-scientific audiences 
to foster dialogue, offering experimental, immersive approaches to visualizing complex ecosystems 
whilst avoiding information overload. Within the context of ecosystem-based fisheries management, 
OceanViz can engage decision makers into the implicit operation of scientific software as an aid during 
the decision process, and it can be of direct use for public communication through appealing and 
informative visualizations. Beside a server-client architecture to centralize decision making around an 
ecosystem model, OceanViz includes an extensive visualization toolkit capable of accurately reflecting 
marine ecosystem changes through a simulated three-dimensional (3D) underwater environment. Here 
we outline the ideas and concepts that went into OceanViz, its implementation and its related challenges. 
We reflect on challenges to scientific visualization and communication as food-for-thought for the 
marine ecosystem modelling community and beyond. 

Keywords  

1\: Environmental decision support systems 
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 Introduction 

Marine environmental sciences aim to sustain human societies and the oceans on which they rely. An 
effective way of doing so is through influencing policy changes, but policies are not changed purely by 
printing out scientific statements on plausible future scenarios. Rather, they are facilitated by involving 
concerned parties into a dialog that builds on the scientific data gathered and the predictions made 
possible through scientific analyses and models (Giebels et al., 2020).  

Ecosystem models are increasingly used for policy advice (e.g., Heymans et al., 2020), but their 
operation is challenging for non-experts, while model results represent abstractions of reality in 
numbers, which are difficult to comprehend by non-specialists. Although complex scientific data 
communication can be made more efficient through careful design and the use of standardized and 
informative indicators (Kelleher and Wagener, 2011; Coll and Steenbeek, 2017; e.g., Böttinger et al., 
2020), there are inherent communication problems that call for the use of a more processed form of 
scientific findings (Georgescu et al., 2019; Walling and Vaneeckhaute, 2020).  

The huge advances in technology and software usability brought about by video games have opened a 
wide range of opportunities for initiatives outside the gaming realm. Video games have become an 
integral part of modern life, surpassing the combined worth of the movie and music industry (BBC 
News, 2019). Gaming has helped develop and expand different approaches to involving science in 
decision-making processes, including the area of particular interest for our research: serious gaming 
(Ritterfeld et al., 2009; Georgescu et al., 2019). In serious games, the primary focus is not purely on 
amusement, but on exposing the participant to some form of knowledge through the use of explicit 
educational experiences, multi-media, and entertainment (Laamarti et al., 2014). They harbour multiple 
elements that lend itself for scientific outreach, communication, and stakeholder involvement, and in 
particular, for ecosystem management (Madani et al., 2017). 

Managing ecosystems is a daunting task, which requires identifying trade-offs and finding compromises 
between often-conflicting interests regarding ecology, economy, and politics. Environmental Decisions 
Support Systems (EDSS) are systematic tools to aid the decision process in support of management-
related decision-making. For EDSS to be efficient in the decision-making process, they have to be 
credible from a scientific perspective (Bennett et al., 2013), which is a niche for ecosystem models 
(Heymans et al., 2020). A particular challenge to this inclusion is the need to obtain and communicate 
results in forms that facilitates adoption by stakeholders (McIntosh et al., 2011). Audiences must thus 
be able to explore problem spaces in their specific domains of knowledge without having to worry about 
the interaction with, and parameterization of, underlying scientific models. Additionally, a wide range 
of model results must be translated to a condensed set of intuitive indicators that match audience 
terminology and visuals (e.g., Walling and Vaneeckhaute, 2020). Translating scientific data to target 
audiences is a science in itself (e.g., Anderson et al., 1983) that requires discussions far beyond the 
scope of this paper. The aspects that we deemed most important for bringing modelling to non-modeler 
audiences are (i) limit information overload (Walters, 1986); and (ii) immersion (Wang et al., 2019). 

Information overload occurs when audiences lose track of overarching questions due to exposure to too 
many details that may not be relevant to them, which a mistake is easily made when exposing non-
modelers to the plethora of details that ecosystem models produce. Reducing information overload thus 
requires providing possible stakeholders, from different backgrounds, with just the information that 
they need to make informed decisions (Walters, 1986). Immersion refers to the use of animated virtual 
realities that appeal to the hedonic value of seeing an ecosystem as it is rather than having to interpret 
the state of an ecosystem through graphs and charts. Emotional experiences are an essential part of our 
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ability to engage and learn (Wang et al., 2019), and can add a fundamental dimension to the decision 
process.  

There are a few examples that use immersive 3D underwater visualizations to convey marine 
ecosystems. Games such as ABZÛ (Giant Squid, 2015) the Subnautica franchise (Unknown Worlds, 
2020), and collaborative digital art projects such as theBlu (Wevr, 2020), allow participants to explore 
different habitats and meet different species in thriving virtual underwater worlds. Although none of 
these visualizations have scientific models behind it, they have a clear aim to strike emotional 
connections between audiences and a virtual world. The recently released Virtual Ecosystem Scenario 
Viewer (VES-V; NOAA Fisheries, 2020) of the National Oceanic and Atmospheric Administration 
(NOAA) visualizes empirical ecosystem data and model output in 3D via the Internet.  

The inclusion of ecosystem models into an EDSS also creates the opportunity to provide estimates 
whether elected management options will stand the test of time, especially when considering climate 
variability (Heymans et al., 2020). This we see as an essential feature that most present-day EDSS fail 
to capitalize on. For instance, none of the operational decision support tools for Maritime Spatial 
Planning (MSP) reviewed in Pınarbaşı et al (2017) can perform any form of forecasting. If EDSS cannot 
present users with plausible short- and long-term implications of potential planning decisions under, for 
instance, variations in climate, the ability to make reasonable decisions about future ecosystems is 
limited. To our best knowledge, the recently released MSP Challenge (Mayer et al., 2014; Steenbeek et 
al., 2020) is the only simulation platform that merges gamified policy exploration with scientific 
forecasting, but even this powerful platform is lacking the ability to include climate variability.  

OceanViz was conceptualized under the pioneering Ocean Summits approach (Christensen and Lai 
2011) to address the challenges listed above under a fisheries management context. It was based on two 
interlinked problem-solving cycles (Figure 1): stakeholder and expert consultation in the decision-
making process leads to the collaborative development of an ecosystem model, the definition of various 
thresholds, and the identification of plausible management options. The ecosystem model must be able 
to assess the combined impacts of ecosystem dynamics, fisheries management, and climate change. 
Collaborative modelling sessions take these inputs to explore how policy decisions may affect the 
ecosystem and derived ecosystem services with the use of the OceanViz software, which provides 
invaluable input to the decision-making process (Christensen and Lai, 2011).  

This paper focuses on how we constructed OceanViz as a “virtual field trip” into a simulated 3D 
underwater environment in flux, that, through a direct link with an ecosystem model, allowing 
exploration of long-term impacts of fisheries management actions (Christensen and Lai, 2011). 

 Methods 

The OceanViz software consists of three parts: (i) the ecological model, (ii) the client/server system, 
and (ii) the data visualizations.  

Ecological model 

We connected OceanViz to Ecopath with Ecosim (EwE), the world’s most used ecosystem modelling 
approach to represent aquatic ecosystems (Christensen and Walters, 2004). EwE consists of three main 
components: Ecopath - a static, mass-balanced snapshot of the ecosystem (Christensen and Pauly, 
1992); Ecosim - a time dynamic simulation module for policy exploration (Walters et al., 2000; Ahrens 
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et al., 2012); and Ecospace - a spatial and temporal dynamic module designed for exploring the impact 
of fishing and environmental change (Walters et al., 1999; Christensen et al., 2014). The EwE approach 
is widely used to address ecological questions, evaluate ecosystem effects of fishing, explore 
management policy options, analyse impact and placement of marine protected areas, model the 
combined effect of environmental changes, and combinations of the above (Coll et al., 2015; Colléter 
et al., 2015). EwE is most known as a desktop software for the Windows platform, but it is in fact an 
ecosystem model-building toolkit written in .NET and can be extended through plugins (Steenbeek et 
al., 2016). Additionally, EwE is an open-source approach built and supported through a global scientific 
community. Because of its capabilities, versatility, global reach, and accessible coding structure, the 
EwE approach was used to drive the ecosystem dynamics in OceanViz. In this manuscript, OceanViz 
utilizes the capabilities of the temporal-dynamic module Ecosim of the EwE approach. 

The client/server system 

To facilitate group discussions around a central ecosystem model, we developed a client/server system. 
The server component hosts the ecological model, which dispatches ecological results to the various 
client components, and accepts input from the client components that are integrated into the ecological 
model. This design allows any number of human participants to interact through the OceanViz clients 
with the shared ecosystem model on the OceanViz server, thus building a shared understanding of 
ecological impacts. 

Data visualizations  

The 3D visualizations were developed as an immersive virtual environment to display model simulation 
results, but also as an interactive aquarium that can be explored on its own. Different scenes in OceanViz 
were modelled using photos and expert advice. The abundance of the different species was derived from 
the biomasses in the ecological model as delivered by the client software.  

In order to populate the 3D visualizations with the data from the model, we initially focused on 
visualizing the hundred most exploited or iconic species in the world ocean (Figure 2a shows an 
example of the library built under OceanViz), and additional species can be added with relative ease. 

Figure 1 - The flow of OceanViz within a decision-making process. 
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Represented species were built as 3D models using photographs and measurements for guidance. For 
instance, the fish baseline sizes were obtained through FishBase (Froese and Pauly, 2010). The 
visualizations followed performance requirements of computer games, leaning towards the construction 
of 3D meshes with low polygon counts. In average, fish models have around 300 polygons or faces 
(Figure 2b).  

The visualization module was developed using the freely available Blender Game Engine. Blender is a 
3D content creation suite, available for all major operating systems under the GNU General Public 
License (Blender Foundation, 2020). Blender is a powerful modelling, rendering, and animation 
platform, also including real-time and gaming engine capabilities (Felinto and Pan, 2013). This includes 
a full physics engine, collision detection, dynamic constraints, real-time shadows, support for the 
OpenGL Shading Language, etc. The open source nature of Blender means that it is possible to make 
any type of customization as often is needed in complex projects such as OceanViz. 

An advantage of using a game engine is that all the assets that populated our visualization can be 
displayed with dynamic behaviour. We implemented a rudimentary artificial intelligence system to 
reflect animal movement and behaviour with configurable trade-offs between ecological accuracy and 
the amount of detail that a computer can draw in real time. Technical details about how we implemented 
the 3D marine life visualizations are provided in Supplementary Material.  

 

Figure 2 - An overview of some of the 3D assets used in OceanViz (A), and a detailed view of a 3D model of a 
Pacific Bluefin Tuna, Thunnus Orientalis (B). The underlying wireframe is partially shown to demonstrate that 
reduced use of polygons can still yield convincing 3D models. 
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OceanViz architecture 

Figure 3 illustrates the architecture of OceanViz. The server software controls the flow of the ecological 
model, and communicates with clients to disperse scientific results and to receive fisheries management 
inputs for which new simulations can be run. Any number of clients can be connected. Each client 
works independently of the others and has two visual components: (i) a data exploration layer through 
which participants explore background information and ecosystem model results as delivered by the 
server, and can make changes to fishing management scenarios that are sent to the server; and (ii) a 3D 
visualization layer that renders the animated underwater environment. 

 Results 

Scenarios 

We assume that, prior to an OceanViz session, all participants have been involved in the definition of 
the ecosystem model, the food web structure, its exploitation, and acceptable management thresholds 
as originally described in Christensen and Lai (2011). During an OceanViz session, the group explores 
and compares different fisheries management scenarios and the impacts on the mutually agreed 
ecosystem model and ecosystem services. The OceanViz software offers three or more scenario ‘slots’ 
where participants can alter fisheries management settings. These alterations are established through 
group consensus and are entered by a moderator. The ecosystem model then computes the impacts of 
management scenarios, and communicates the changes in the ecosystem and ecosystem services to the 
participants. 

Data exploration  

Data communication in OceanViz is divided in four sections (Figure 4). The first section, 
“introduction”, provides a set of screens with background information that is relevant for understanding 
a given aquatic ecosystem and its exploitation (Figure 4a). The second section, “input”, summarizes the 
condition of the ecosystem and the management options that can be changed under the different 
scenarios (Figure 4b). Some values define the ecosystem and cannot be changed during an OceanViz 
session (e.g., temperature, productivity, ecosystem summaries), while other values can be altered during 
an OceanViz session to explore fisheries management options. The third section, “results”, provides 

 

Figure 3 - Schematic overview of the OceanViz architecture. On the server side, the EwE desktop software 
provides model results to multiple clients (*). On the client side, the OceanViz user interface consists of two layers, 
a data exploration layer written in .NET and 3D visualization layer written in Blender. 
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access to data that explains how the ecosystem changed under alternative scenarios (Figure 4c). To 
reduce information overload, the main results summarizes the relative change per variable, per 
management scenario, in relation to the base year in the ecosystem. This provides participants with a 
first-glance of the magnitude of change. Participants then can explore the change over time of each 
variable across all management scenarios in detail (Figure 4d). Last, the section “Indicators” presents a 
single snapshot of the most important variables across the management scenarios in relation to the pre-
defined thresholds (as established with participants prior to a session). OceanViz uses a simple color-
coded “traffic lights” or red-amber-green (RAG) system to indicate whether a parameter value falls 
below the limit reference point (red), above the target reference (green), or in between (amber). The 
traffic light system allows for a quick overview of changes in the ecosystem (Figure 4e). The traffic 
light system is adjustable for colorblindness.3D visualization  

The 3D visualizations present an immersive virtual ocean with animals and plants in simulated marine 
habitats (Figure 5). The 3D visualizations reflect the state of the ecosystem as predicted by the 
ecological model. Sizes and densities of plants and animals vary in response to changes in biomass. 
Volumetric fog is included to give the first-hand illusion of being under water, and its intensity can be 
varied through model-calculated nutrient levels to visualize eutrophication. Colour attenuation can be 
used to represent both depth and the distance from the viewers’ eye (Figure 5).  

 

Figure 4 - The sections of the OceanViz data exploration interface: information (A), input (B) and an example input 
screen where users can alter fishing effort by sketching with a mouse or their finger (C), results overview (D) and 
an example results detail screen showing trends in biodiversity (E), and traffic lights for select ecological indicators 
(F). 
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OceanViz captures substrate and local features of the environment. All living components are spawned 
into the environment based on their natural occurrence: kelp appear attached to the bottom; coral grow 
on rock walls or rock outcrops; pelagic animals are placed in mid-water; etc.  

As animals and plants tend to unevenly distribute across vast areas and often aggregate within, complex 
ecosystems are not typically viewed in one glance. To ensure that all relevant species in the ecosystem 
are visible at any given moment, OceanViz concentrates relative abundances of species within the 
participants’ field of vision. Albeit not ecologically correct, this allows OceanViz to accurately 
represent the relative densities of species over time as predicted by the ecological model. 

The challenge of visualizing change 

Communicating changes over time through animations is challenging due to the shifting baseline effect 
(Pauly, 1995; Soga and Gaston, 2018). Early versions of OceanViz had a timeline system that stepped 
through simulation time at one month per second, where species population changed according to their 
abundance while the animation progressed (Figure 6a). However, at the end of an animation of 
progressive change over 50 years, it was hard to recall the initial state of the ecosystem. It was thus very 
difficult to make any form of comparison between the initial and final states of an ecosystem simulation. 
We addressed this issue by visualizing the environment across three panels – three time slices – in a 
continuous camera (Figure 6b). The panels represent the first, mid-point and last year of a simulation, 
where each panel displays animal densities, sizes and environment conditions (e.g., turbidity) according 
to the ecosystem model. This three-panel setup allows for side-by-side visual comparison of the amount 
of change in an ecosystem. The panels could also reflect the end-of-simulation year for different 
management scenarios to allow for a side-by-side visual comparison of fisheries management impacts. 

 Discussion 

By using software tools tailored towards particular audiences, science can be executed, presented and 
digested in diverse forms. The OceanViz facility described here was created to explore solutions to 
specific challenges to the implementation of EDSS: involving stakeholders in the design, 

 

Figure 5 - An example of OceanViz 3D visualizations presenting a Peruvian ecosystem. 
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implementation and execution of an EDSS; transparent integration of scientific software to support the 
decision process; and providing a user-friendly system that focuses on communicating meaningful 
results (e.g., McIntosh et al., 2011; Walling and Vaneeckhaute, 2020).  

The OceanViz software is a ready to use tool to engage non-scientific users in the operation of an aquatic 
ecosystem model through immersive visualizations. De-coupling the ecosystem model from the 3D 
visualizations across a network allows OceanViz to run on various devices. The OceanViz software is 
a flexible tool to visualize and communicate changes in a broad range of marine ecosystems, and can 
be driven by any type of ecological data source.  

OceanViz was primarily designed to be used at the decision table – where decision makers can visualize 
the possible outcomes of different proposed management interventions. However, OceanViz is a 

 

Figure 6 - Two approaches of OceanViz to show change. The earliest approach (A) showed ecosystem change 
through a continuous animation supported by small graphs of ecosystem indicators. This system was replaced 
by three panels (B) that reflect the first year, mid-point, and end year of the ecosystem as predicted by the 
ecosystem model. 
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modular visualization toolkit that can be deployed to entirely different settings. The 3D visualization 
engine is a stand-alone, programmable virtual aquarium that can be used in other projects, for any 
purpose that requires display of an interactive underwater world.  For example, it can be used in the 
classroom – to teach about ecosystem modelling. The current implementation of the OceanViz 
methodology allows for a smooth (30 to 60 fps on a high-end desktop computer with a normal graphics 
card dedicated to gaming) experience and can handle most of the main components available in the 
EwE models (Christensen and Walters 2004). In this context, a recent spin-off capability to visualize 
modelling results in real time using OceanViz was built into a plug-in for EwE (Figure 7, top-left panel). 
In addition, as a direct consequence of our OceanViz experiments, the EwE software was recently 
integrated into the Maritime Spatial Planning Challenge simulation platform (Steenbeek et al., 2020). 

The OceanViz 3D visualizations have already found uptake into a number of other activities. They have 
been used to produce scripted short movies to such as can be seen at 
www.globaloceanmodelling.org/visualizations, and they have been integrated into a kiosk game that 
focused on model-driven exploration of fisheries and eutrophication in the Baltic (a still of BalticViz, 
unpublished, is shown in Figure 7). Through capabilities of the Blender Game Engine, the OceanViz 
3D visualizations are compatible with dome projections, and, via third-party systems like BlenderVR, 
stereoscopic virtual reality (VR) headsets (Katz et al. 2015). 

However, any visualization piece is a biased visualization that displays a virtual world. One of the 
merits of this project is to combine the rigorous view of the scientific data, with the creative artistic 
impetus for effectively communicating and connecting to the audience. In fact, OceanViz shows that 
some level of artistic freedom is needed to visualize a complex and diverse marine ecosystem in a single 
3D visualization. For example: (i) water visibility is driven by the scientific engine, but it has the 
turbidity attenuated to allow visualization at a greater distance than the actual. (ii) Fish interactions are 

 

Figure 8 - Different uses of the OceanViz visualizations: embedded in the EwE desktop software (A), in a scripted 
movie to show the impacts of sharks on coral reefs (B), in a scripted movie shows the ecological links between 
sharks, tuna, and sea birds (C), in a kiosk game that allowed users to explore the combined impacts of 
eutrophication and fishing in the Baltic (D). 
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“scenic” and do not affect the net value representation of the individual fish models. (iii) The engine 
“cheats” on absolute fish abundances but does ensure that the relative abundances are realistic, where 
biomass numbers can be scaled logarithmically or linearly depending on visualized species. (iv) Last, 
the challenge to display ecosystem components that would normally not occur in the same visual setting 
were addressed by using camera pathways to “visit” the various modelled habitats and the species living 
within, where species were visualized only in their naturally occurring habitats.  

Despite being linked to food web models, OceanViz does not explicitly show a predator prey behaviour, 
or more specifically, you won’t see a shark eating a sardine. There are a few reasons for that: (i) 
performance – with the employed technology, the available computing units were not capable of 
handling a sophisticated individual fish intelligence as touched upon earlier; (ii) our focus is on 
displaying abundances; (iii) scene setup – it’s important to reinforce that the species layout in the 3D 
scene is a raw representation of the data, and not necessarily can be related to a real ecosystem where 
such behaviours are observed. We have deliberately built a simplified world.  

The scope of OceanViz as presented here was deliberately kept small as an experiment in data 
presentation and virtual reality; we did not set out to develop a comprehensive EDSS. Future 
developments can certainly include essential EDSS features such as comprehensive usability and 
uncertainty assessments (Walling and Vaneeckhaute, 2020). As all ecosystem management questions 
have temporal and spatial components, we can also extend OceanViz to connect to spatial-temporal 
ecosystem models such as Ecospace, the spatial-temporal module of EwE (Serpetti et al., 2017; Coll et 
al., 2020), and to explicitly represent the impacts of climate change according to the available 
forecasting scenarios (Tittensor et al., 2018). We can extend OceanViz to incorporate the effects of 
hazardous substances and litter if the connected ecological model provides said features, and OceanViz 
can be made to incorporate socio-economic impact analysis and include non-aquatic species in its 
considerations if underlying models provide these abilities – providing stakeholder sessions have such 
needs. The design of OceanViz is open-ended to tap into all features of underlying ecosystem models, 
and as mentioned prior, different ecosystem models can be used to drive the OceanViz dynamics. 
Whichever modelling capabilities are used: it is of utmost importance to ensure that information 
provided by OceanViz is conveyed in a form that only stimulates participatory dialogues for specific 
stakeholder sessions without leading to information overload (Georgescu et al., 2019).  

In the spring of 2018, the Blender Foundation announced that the game engine was no longer part of 
Blender (Felinto, 2018). Future developments will require to transfer the visual assets and logic of the 
OceanViz visualizations to another compatible game development platform such as the Unity game 
engine (Unity Technologies, 2020). 

Despite its limitations and potential improvements, upsurges in the interest in stakeholder-driven 
ecosystem management supported by decision support tools (Pınarbaşı et al., 2017; Keijser et al., 2018; 
e.g., Ernst, 2019; Krueck et al., 2019), and the emergence of ecological decision support tools that not 
only support the full problem solving cycle but also provide visions of the future based on plausible 
solutions (Steenbeek et al., 2020), have led us to believe that OceanViz may hold potential for this 
renewing landscape. EwE ecosystem models are increasingly being used for ecosystem-based fisheries 
management and integrative assessments (Christensen and Walters, 2011; Coll et al., 2015). The 
OceanViz approach provides blueprints for addressing the three challenges that Heymans et al (2020) 
posed to the ecosystem modelling community, namely: (i) enable ocean managers to use, (ii) 
communicate, and (iii) co-design ecosystem models. As such, there is a need for tools such as OceanViz 
to address real world problems. 
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Due to lack of funding, the OceanViz approach has not yet been applied to an actual decision-making 
process and thus far has been a purely academic exercise. Throughout its development, we have 
demonstrated and tested OceanViz with scientists, stakeholders, and with broader audiences in over 20 
different settings and events to gather feedback. This feedback, in turn, was invaluable in shaping the 
OceanViz software to the version presented here. This study illustrates that the results from the 
OceanViz software are promising, and are ready to head towards applying this methodology to address 
real-world applications. We certainly will keep building on the OceanViz tools and experiences, and 
we hope that this work will provide inspirational to other research approaches striving to connect 
scientific software with target policy audiences. OceanViz can serve as a tool for stakeholders, policy 
makers, students, and scientists to understand the importance of ecosystem-based management and of 
the need to act now if there is going to be seafood and a healthy ocean for future generations to enjoy. 
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Abstract 

Marine Ecosystem Models (MEMs) provide a deeper understanding of marine ecosystem dynamics. 
The United Nations Decade of Ocean Science for Sustainable Development has highlighted the need to 
deploy these complex mechanistic spatial-temporal models to engage policy makers and society into 
dialogues towards sustainably managed oceans. From our shared perspective, MEMs remain 
underutilized because they still lack formal validation, calibration, and uncertainty quantifications that 
undermines their credibility and uptake in policy arenas. 

We explore why these shortcomings exist and how to enable the global modelling community to 
increase MEMs’ usefulness. We identify a clear gap between proposed solutions to assess model skills, 
uncertainty, and confidence and their actual systematic deployment. We attribute this gap to an 
underlying factor that the ecosystem modelling literature largely ignores: technical issues. We conclude 
by proposing a conceptual solution that is cost-effective, scalable and simple, because complex spatial-
temporal marine ecosystem modelling is already complicated enough. 

Keywords  

1\: Opinion 
2\: Spatial-temporal marine ecosystem modelling 
3\: Capacity building 
4\: Systematic skill assessments 
5\: Systematic model calibration 
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 Introduction 

Marine biodiversity is the foundation for marine ecosystem function and processes, providing goods 
and services and bringing substantial health, social and economic benefits to coastal communities and 
beyond. Worldwide, increasing direct and indirect human pressures on marine biodiversity threaten a 
sustainable future for coupled human-nature systems (e.g., Halpern et al., 2019). A stronger action is 
needed as marine and coastal ecosystem biodiversity loss is exacerbated by climate change (Arneth et 
al., 2020; e.g., Smale et al., 2019). With the simultaneous declarations of 2021–2030 as the Decade of 
Ocean Science for Sustainable Development and the Decade for Ecosystem Restoration, the United 
Nations has given the ocean science community a unique opportunity and imperative to work towards 
sustainable future oceans (Heymans et al., 2020; Ryabinin et al., 2019). This includes a more extensive 
use of spatial-temporal marine ecosystem modelling, a discipline increasingly recognized as an 
indispensable asset to aid natural resource assessments and marine ecosystem management (Brotons et 
al., 2016; Christensen and Maclean, 2011; IPCC, 2019; Link et al., 2011). 

Marine ecosystem models help improve our understanding of the impacts of human activities, natural 
phenomena, and climate change on marine food webs (Heymans et al., 2020; Stow et al., 2009). 
Offering the most comprehensive platforms to unify ecological processes with statistical insights and 
data-driven approaches (Ellis et al., 2020), complex, mechanistic ecosystem models are increasingly 
applied in ecological research, management advice, policy exploration, and environmental impact 
analysis under climate change scenarios (Borja et al., 2020; Fulton et al., 2015; Kytinou et al., 2020; 
Link et al., 2011; Peck et al., 2018; Serpetti et al., 2017). Ecosystem modelling integrates a wide range 
of disciplines (Fulton, 2010), including physical oceanography, biochemistry, food-web dynamics, risk 
analysis, decision making, economics and the social sciences (Figure 1). For proper understanding of 
the interplay between species, habitats, natural phenomena, anthropogenic stressors and management 
actions, models are required that are inherently dynamical and spatially explicit, across temporal and 
spatial scales that can span several orders of magnitude (Hyder et al., 2015).  

 

Figure 1 – The range of interconnected pressures, processes and ecosystem services that complex spatial-
temporal marine ecosystem models may consider. 
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There is an urgent need for ecosystem models to rise to the Ocean Decade challenges (Heymans et al. 
2020) by: i) making ecosystem modelling more accessible to decision makers and ocean managers; ii) 
bridging disciplines to meaningfully communicate marine ecosystem modelling sciences to the 
audiences that need it; and iii) ensuring that marine ecosystem models are co-created and co-designed 
with stakeholders to enhance their application. From our perspectives across various scientific 
disciplines, collected during an EuroMarine Foresight Workshop held in Barcelona in 2019, we argue 
that most modellers do not utilize their models to their full capacity. Consequently, in this paper we 
explore a fourth challenge: iv) solving the long-standing technical problems that prevent robust use of 
spatial-temporally explicit marine ecosystem models, and making their outcomes more credible. 

While aspects of this discussion could apply to many of the complex modelling in different scientific 
fields, we focus on marine ecosystem models. These models span a broad range of model types and 
modelling philosophies. Nevertheless, they face common challenges. Consequently, for the sake of 
brevity, and unless explicitly stated, all modelling henceforth will refer to the use of complex, 
mechanistic, spatially and temporally explicit models that concern the dynamics of marine life and the 
influence of drivers of change. The models themselves will be referred to by their common acronym, 
MEM (Marine Ecosystem Model, Lotze et al., 2019). This class of models explicitly represent food 
web and spatial distribution processes that are driven by habitat and other environmental or 
anthropogenic factors. 

Whereas non-spatial marine ecosystem models, and complex and computationally demanding global 
circulation models and hydrodynamic models have a long history of model benchmarking (Christensen 
and Maclean 2011), spatially-temporally explicit MEMs that represent complex energetic pathways 
have not made significant advances in this realm (e.g., Oliveros-Ramos et al., 2017; Pethybridge et al., 
2019). Regarding prediction capabilities, the quantification of uncertainties and errors in MEM output 
is essential to identify model strengths and limitations, which provides the transparency needed to 
interpret, communicate, and apply model results (Bennett et al., 2013; Hyder et al., 2015; Stelzenmüller 
et al., 2018; Uusitalo et al., 2016). This topic is a recurring and persistent concern, despite a discussion 
extending back to the early 1980s (Hamel and Bryant, 2017; Pennekamp et al., 2017; Rounsevell et al., 
2021). 

Even though there is a wide array of suggested methodologies and potential frameworks to improve the 
use of MEMs (Hipsey et al., 2020; e.g., Robson et al., 2018), their applications is rarely described in 
the literature (Pethybridge et al., 2019) despite the number of papers calling for comprehensive model 
validations, assessment of the various types of uncertainty, and calibration (Fulton, 2011; Grüss et al., 
2017; Hipsey et al., 2020; Rose et al., 2010; Schuwirth et al., 2019; Stelzenmüller et al., 2018; Stow et 
al., 2009). Only recently have efforts started appearing to ensure MEMs are ecologically realistic and 
can replicate observed spatial and temporal patterns (Link et al., 2020; Moullec et al., 2019; e.g., 
Oliveros-Ramos et al., 2017; Petrik et al., 2020; Püts et al., 2020). 

What would be the needed steps to execute systematic assessments such as calibration and validation 
of a spatial-temporal marine ecosystem model, and why has it proven so hard to implement widely? 
From our shared perspective, we contend that to improve the outcomes and confidence of MEMs, we 
must address one of the most basic issues that confront marine ecosystem modellers: technical 
limitations that prohibit the systematic mass-execution of MEMs to perform these assessments (Figure 
2).  
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Figure 2 – The state of mechanistic, spatial-temporal explicit ecosystem modelling in a nutshell. The literature offers 
many metrics to assess ecosystem models, but due to a technology gap, the Marine Ecosystem Modelling (MEM) 
community is largely unable to perform systematic assessments. These are needed to contribute model output with 
confidence to real-world applications. The acronym HPC stands for High Performance Computing. 

We review the required steps highlighted and occasionally applied in the literature to perform robust 
ecosystem simulations. We explore the technical challenges that complicate the implementation of 
robust simulations. We conclude by proposing a conceptual solution that is cost-effective, scalable and 
– most importantly – simple to facilitate global uptake. 

 Review 

Skill assessments 

First, one needs to be able to quantify how well a MEM reproduces relevant historical ecological and 
socio-economic trends using available data. This analysis is captured broadly under the term “skill 
assessments”, where MEM skill is appraised by comparing the residuals between model output and 
observations using quantitative metrics (Stow et al., 2009).  

The literature provides many suggestions for metrics and their application to assess the skill of models 
to reproduce observations, as reviewed by Bennett et al. (2013) and Hipsey et al. (2020). Traditional 
skill metrics encompass univariate and multivariate statistical approaches (Diele and Marangi, 2020; 
Matott et al., 2009; Stow et al., 2009), but their focus on quantifying adherence to observations makes 
statistical approaches less useful to explain ecological behaviour (Olsen et al., 2016; Pennekamp et al., 
2017). Therefore, to obtain deeper insights into the ecological patterns and processes within MEM 
output, system-wide metrics should be included which assess emergent properties such as ecological 
patterns in marine food webs, network structures (Fath et al., 2019), and commonly accepted ecological 
indicators (Coll and Steenbeek, 2017; Olsen et al., 2016). 

Assemblies of skill metrics (Gupta et al., 2012; Olsen et al., 2016; Stow et al., 2009), or multi-level skill 
metrics (Hipsey et al., 2020) unify several approaches into information-rich skill assessment 
frameworks. The choice of skill metrics is highly dependent on model structure, available data, 
ecological understanding, the spatial and temporal scales over which modelled processes play out 
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(Fulton et al., 2009), and the purpose for which a given model was built (Bennett et al., 2013; Olsen et 
al., 2016; Uusitalo et al., 2016). 

In the realm of marine ecosystem modelling, skill metrics are extensively used in model validation and 
time series fitting exercises for non-spatial MEMs. In contrast, comprehensive skill assessments for 
spatially explicit MEMs are mostly absent from the literature.  

Uncertainty 

Second, there is the issue of uncertainty, which propagates through the non-linear processes and 
feedbacks in complex models and may overwhelm significant trends in model output (Fulton et al., 
2003; Link et al., 2012). As such, uncertainty warrants comprehensive identification, quantification, 
and communication for interpreting results and assessing MEM skill (Uusitalo et al. 2016). There are 
four main types of uncertainty in complex deterministic models (Payne et al., 2016) as laid out below 
in the order of model development and execution. These have not been addressed equally, with much 
of the modelling literature focused on parametric uncertainty until fairly recently (Wang and Grant, 
2019): 

1\: Structural uncertainty – or model uncertainty - derives from the equations used to construct 
a model and the implicit hypotheses they represent. MEMs are inherently subject to structural 
uncertainty due to their simplification of complex ecosystem dynamics (Collie et al., 2016) and 
parameterizations (e.g., Anderson et al., 2010). Insights into the impact of structural uncertainty 
can be garnered through ensemble modelling approaches (Lewis et al., 2021; Lotze et al., 2019), 
flexibility in the coupling between biophysical forcing and ecosystem models (Tittensor et al., 
2018), and flexibility in the inclusion of ecological mechanisms within complex models 
(Audzijonyte et al., 2019; Coll et al., 2020). Hybrid models that adaptively switch the 
mathematical representations of sub-models to best suit the state of an ecosystem (Gray and 
Wotherspoon, 2015), are a promising yet underexplored approach for addressing structural 
uncertainty. 

2\: Initialization and internal variability (IIV) uncertainty relates to the uncertainty in 
adequately representing the initial conditions, temporal variabilities, and numerical sensitivities 
within complex models that may lead to “deterministic chaos” (Anderson et al., 2010). 
Promising approaches include adopting a modular design to model construction that allows for 
bypassing internal computations with the advice from dedicated expert models (Christensen et 
al., 2014; Coll et al., 2020; Steenbeek et al., 2016). Climate models quantify IIV uncertainty by 
starting models at different times with different realizations (e.g., Nadiga et al., 2019), which 
is hard to achieve for marine ecosystem models that have much more complex starting states 
to represent the living components in the system (e.g., Skogen et al., 2020). This difficulty is 
exacerbated by the much sparser nature of ecological data, which has yet to achieve the 
precision and coverage of physiochemical ocean properties. As such, beyond the use of burn-
in or spin-up periods to address the impact of initialization uncertainty, lack of explicit 
discussion in the literature leads us to believe that IIV uncertainty is a largely under-explored 
area in marine ecosystem modelling (e.g., Woodworth-Jefcoats et al., 2019).  

3\: Parametric uncertainty refers to how perturbations in input parameters - or in abstract 
parameters (also called tuning parameters or hyperparameters) that bear no direct ecological 
relevance - can influence model outcomes. For input parameters, this type of uncertainty is 
commonly explored by varying these parameters according to pre-defined plausible ranges and 
shapes based on in-situ measurements and observations, or on ecological theory such as 
species’ functional responses to environmental drivers (Austin, 2007), while state-space models 
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offer potential to calibrate abstract parameters (Spence et al., 2021). Full parametric uncertainty 
assessments are impossible for complex ecosystem models (Gaichas et al., 2012), but 
comprehensive assessments, such as Management Strategy Evaluation (MSE) where the impact 
of parameters that reflect ecologically viable ecosystem states are explored (e.g., Mackinson et 
al., 2017) are mostly confined to non-spatial models. For more complex models, adaptive 
parameter sensitivity screening (Pantus, 2007) may serve to greatly reduce the number of 
needed parametric uncertainty iterations. Uncertainties in observations (Skogen et al., 2020) 
and driver data (Coll et al., 2020) can be considered as parametric uncertainty too, and should 
be treated as such in uncertainty assessments. 

4\: Scenario uncertainty relates to the inability to accurately define future contexts within which 
the dynamic conditions captured within a MEM play out. This type of uncertainty can be 
addressed by conducting scenario analysis, i.e. exploring alternative paths along which the 
future might unfold (Van der Heijden, 2005), and running models for ranges of possible futures. 
This allows for exploration of upper and lower bounds to assumptions regarding socio-
economic pathways and climate change, thus obtaining a bandwidth of predictions for possible 
futures (de Mutsert et al., 2021; Hamon et al., 2021; Lotze et al., 2019; Maury et al., 2017). 
Closely related is the uncertainty in making ecosystem predictions for future conditions, based 
on present and past conditions. It is widely acknowledged that a MEM’s ability to replicate the 
past (explanatory prediction) is by no means a guarantee that it can accurately predict the future 
(anticipatory prediction) under combinations of parameter values that have not yet been 
encountered (Olsen et al., 2016; Pennekamp et al., 2017). In ecosystem modelling, this 
challenge is typically addressed by partitioning observational data into a historical part for 
training and forecast portion for testing. However, Pennekamp et al. (2017) argue against this 
approach, stating that training data and test data should be independent, and that the “gold 
standard” of prediction is a transferrable model that can genuinely predict a novel state of a 
system. MEMs such as Atlantis (Audzijonyte et al., 2019), OSMOSE (Shin and Cury, 2004), 
and Ecopath with Ecosim (Christensen and Walters, 2004) strike a balance, offering 
transferrable equations and ecological assumptions to describe generic ecological processes 
(Cuddington et al., 2013), but requiring location and time-specific empirical data to 
parameterize for a specific ecosystem. 

MEM ensemble modelling, where multiple MEMs, each with their strengths and weaknesses, are forced 
under shared drivers of change, is seen as another “gold standard” for projecting the magnitude and 
distribution of the impacts of changing environments and anthropogenic activities. Ensemble modelling 
is increasingly applied (Lotze et al., 2019; Piroddi et al., 2021; e.g., Tittensor et al., 2018) and aims to 
side-step uncertainty related issues by obtaining average projections across a range of different 
ecosystem models – an approach that commonly outperforms any single model (Rougier, 2016). 
However, Spence et al. (2018) argue that using multiple model averages is not a guarantee to provide 
the best prediction, as discrepancies in each of the models are not independent. They demonstrate that 
statistical meta-modelling allows focussing on individual model strengths in an ensemble approach, 
drawing benefit from fundamental differences in underlying structures in each of the models, with the 
potential to reduce the impact of structural and parameter uncertainty.  

Ecological realism 

Third, it must be possible to quantify whether an ecosystem model produces results that are based on 
ecologically plausible parameter sets, as correlation between model output and observations does not 
guarantee a model will adhere to natural processes (Anderson et al., 2010) – i.e. that it is correct for the 
right reasons. These emergent properties of MEMs are equally important for model credibility as 
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comparing predicted and observed values. Thus, models should adhere to basic expectations about their 
input parameterization, such as mass-balancing constraints (Heymans et al., 2016), expectations of the 
spread of biomasses and vital ratios across trophic levels (Link, 2010) and reproduction of a myriad of 
observed “meta-patterns” with ecosystems (Monbet, 1992; Schwinghamer, 1981; e.g., Sheldon et al., 
1972). More generically, multi-level skill metrics can quantify the ability of a model to capture relevant 
processes at the population, food web, and ecosystem level (Hipsey et al., 2020; Lewis et al., 2021), 
with potential applications for Machine Learning approaches (Williams et al., 2014). 

Assessing ecological realism of state variables within a running MEM is much trickier, and leaves open 
the debate whether a model’s ability to reproduce observed trends is ecologically realistic, or a merely 
numerical artefact (Arhonditsis and Brett, 2004), exacerbated by the general equifinal (Hipsey et al., 
2020) and underdetermined (Anderson et al., 2010) nature of ecosystem models. Safeguarding internal 
ecological realism can be improved through careful selection of the geometric numerical integrations 
used within a MEM (Diele and Marangi, 2020). For MEMs that are open to code modifications, internal 
state variables (for instance, related to consumption, displacement, recruitment, niches, mortalities, etc.) 
can be added to the list of model outputs, thus enabling independent validation of the internal state of a 
model while a MEM executes. 

Ecological validation of spatial-temporal models greatly increases data demands. Bounds for processes 
for which no empirical data are available can be estimated from literature (Hamel and Bryant, 2017) or 
can be approximated through “simpler” sub-models such as models of intermediate complexity (MICE, 
Plaganyí, 2007), non-deterministic models (Mullon et al., 2009; Planque et al., 2014) that focus on 
specific processes, or complex models that focus on sub-regional dynamics (e.g., de Mutsert et al., 
2017).  

Model calibration 

Last, there is the crucial issue of how to improve the calibration of a MEM. Calibrating is the process 
of adjusting input parameters to obtain the best fit between model output and observed values 
(Arhonditsis and Brett, 2004). Whereas simple or non-spatial ecological models are analysed and 
optimized regularly with automated tools, complex process-based spatial-temporal ecosystem model 
calibration is largely a manual effort guided by intuition (Anderson et al., 2010), expert opinion 
(Krueger et al., 2012), and limited, ad-hoc analysis (Anderson et al., 2010; Pethybridge et al., 2019) or 
brute-force Monte Carlo approaches. Spence et al. (2021) demonstrate that fitting a model to more or 
longer time series of observations will reduce the uncertainty in abstract parameters, but cannot counter 
the uncertainty in input parameters, thus indicating that abstract parameters such as the vulnerability 
parameter in Ecopath with Ecosim (Christensen and Walters, 2004) may be more suitable targets for 
model calibration than input parameters. Adaptive screening (Pantus, 2007) and press-perturbations 
(Hipsey et al., 2020) are comparatively less demanding approaches to identify the most sensitive 
parameters, after which sensitivity tests and ecological realism tests can further identify candidate 
variables for improving a model fit. Multivariate comparison methods (Hipsey et al., 2020) and machine 
learning techniques (Williams et al., 2014) can reveal emergent patterns that may provide further clues 
to refining a models’ behaviour.  

 Challenges 

Naturally, assessing spatial-temporal models depends on the availability of large amounts of data that 
may be hard to come by. This is a legitimate and often acknowledged modelling challenge. However, 
experienced modellers can point to multiple cases where systematic validation does not occur even 
when more comprehensive datasets exist. This experience confirms that data (or the lack thereof) is not 
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the sole (perhaps not even the main) bottleneck to the implementation of frameworks that systematically 
assess, validate, and improve outputs of MEMs. We rather highlight what is possibly the main hurdle 
to improving the parameterization of complex MEMs: prohibitive computational cost. Looking across 
the literature, only a few papers touch on the topic (e.g., Fer et al., 2018; Pethybridge et al., 2019). 
Whereas some of the most computationally demanding models, such as oceanographic physical-
biogeochemical models, are validated in a systematic way, MEMs are not, suggesting that there are 
additional bottlenecks that prohibit MEMs from making similar advances. Here we identify the main 
technical bottlenecks. 

Model architecture 

The ability to access internal state variables, flexibility in the use of model assumptions, and flexibility 
in a model’s scope are all rooted in how a model software is designed and implemented, with 
implications for the level of control modellers have to assess and improve their model’s behaviour 
(Steenbeek et al., 2016). Despite a growing trend of specialization (Robson, 2014), marine ecosystem 
models are often being initiated by ecologists or mathematicians rather than computer scientists or 
software engineers. MEMs are mostly slowly developing emergent products of a research team’s 
progressive work on addressing specific research questions. With some notable exceptions 
(Audzijonyte et al., 2019; Purves et al., 2013; Steenbeek et al., 2016), the choice of analytical 
framework, programming language, operating system and other implementation decisions tend to be 
dictated by the experiences within a research group. Consequently, MEMs are still rarely developed 
according to modern software engineering practices. 

Publications that detail marine ecosystem model capabilities focus on equations, but rarely mention the 
design of the underlying software architecture and design principles that can provide invaluable insights 
in the true potential of a model. The lack of transparency is exacerbated by the fact that most MEMs do 
not provide access to their source code, limiting the ability to evaluate the inner workings and thus to 
systematically recalibrate such a model (Jardim et al., 2021; Steenbeek et al., 2016). 

It must be noted that even where significant effort has gone into discussing the implications of particular 
design decisions, the capacity to revisit those decisions over the course of decades is often hampered 
by academic funding schemes. These look to new tools and novel applications, and expressly do not 
support code revision and large-scale overhauls of the kind, typical in commercial software products. 
Moreover, the open access motivation of scientific programmers means there is no licencing funds to 
draw on for such revision work either. While some of the global MEMs may be drawn into earth system 
modelling stables with support through funding arrangements oriented toward supporting global 
programs such as IPCC and IPBES, it is likely that regional models will remain in this funding scheme 
for the foreseeable future. 

Computational costs 

A major prohibiting factor to executing MEMs is computational complexity. MEMs incorporate a wide 
range of deterministic and stochastic approaches to represent discrete and continuous processes which 
can play out at vastly different temporal and spatial scales. This calls for use of a wide range of 
mathematical approaches that must interlink while a model iterates over time, especially when 
considering the ubiquitous presence of non-linear species interdependencies with feedbacks across the 
food web over space and time. While the implementation of individual mathematical solutions can be 
highly optimized in computer code, the need to connect different processes through non-linear 
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interactions between species, changing environmental conditions and fisheries within a MEM means 
that the computational runtime of most MEMs can be reduced only to a degree. 

When integrating climate hind- and forecasts, a running MEM requires access to many types of spatial-
temporal explicit data that describes the relevant environmental changes over time. The volumes of 
required data can be ingested from pre-computed time series of maps or through one-way or bi-
directional linkages with expert models. In return, MEMs produce volumes of spatial-temporal 
estimates related to species presence, densities, and inter-species interactions that require storage for 
further analysis. File access is one of the slowest aspects of high-performance computing (Harrington 
et al., 2017), which means that a MEM can appear computationally slow when, in fact, access to data 
storage is the limiting factor. This issue can be remedied in several ways, but it can be as simple as 
using different storage devices for reading and writing data, or by making technical provisions within a 
model’s code. 

High Performance Computing (HPC) is the de-facto standard to run complex models on dedicated 
hardware, but from the summary above it is obvious that unless a MEM is specifically designed to 
utilize the benefits of a specific cluster, high-performance hardware can only offer partial reprieve. 
Deploying model software on clusters can be complicated and may require technical assistance, and 
academic institutional access to HPC infrastructures is still limited, especially in the developing world 
(Moses Mwasaga and Joy, 2020). Most commercial HPC facilities allow only execution of software 
that is written to strict Application Programming Interfaces (APIs) to enforce security and prevent 
misuse, and use pricing models that are beyond academic budgets. Public scientific distributed 
computing efforts, including volunteer computing frameworks (Agliamzanov et al., 2019; Anderson et 
al., 2002), scientific clusters such as Galileo (Galileo, 2021), and open-source projects such as Ray 
(Moritz et al., 2018), allow scientific code to run in their original form but only cater to lightweight 
processes. Scalable distributed computing platforms that allow original code to run by packaging them 
in containers (e.g., Ahmed and Pierre, 2018) are equally suitable only for low processing needs and data 
volumes, while requiring considerable skill and some funding to operate.  

Recommendations 

We thus contend that although HPC offers significant benefits in processing power for running MEM 
validation and fitting frameworks, limited availability to academia means that they cannot be the focal 
platform for hosting a generic solution to solve the immediate challenges that the global MEM 
community faces. We pose that the global MEM community needs a technical remote execution 
framework that supports the simultaneous execution of multiple MEM simulations, where a desktop 
workflow is simply scaled up to be performed many times on available computers (Figure 3), with 
minimal reliance on funding, programming skills, and HPC access, to facilitate global uptake and MEM 
capacity building. 
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Figure 3 – A conceptual overview of a framework needed by ecological modellers to run demanding MEMs, where 
desktop workflows that involve the scripted running of a MEM (1) can be integrated into an automated assessment 
(2), which can be deployed over a local network of available computers (3) or even high-performance computing 
infrastructures. 

We suggest that a remote execution framework should have a number of specific characteristics to 
enable simultaneous perturbation, execution and analysis of resource-heavy MEMs and their results. 
These characteristics include: 

 Generic: a framework should support the execution of any scientific software, and should not 
be tied to any specific MEM or analytical software in order to facilitate the broadest possible 
uptake among the scientific community; 

 Simple: a framework must be able to run models and statistical tools as they are (i.e. in their 
legacy form without substantial adjustment or redevelopment), as executed on a single desktop 
or workstation, just scaled up across a larger computing infrastructure and executed 
simultaneously. It is crucial that executed tasks retain their original form to focus on solving 
scientific problems, and do not have to be rewritten to meet specific demands of computing 
hardware architectures and their code frameworks;  

 Cross-platform: a framework must be able to run on, and collaborate across, different 
operating systems; 

 Distributed: a framework must be able to dispatch tasks, designed on a single computer, to 
multiple computers, processors or cluster nodes for simultaneous execution, with 
straightforward means of tracking progress of those tasks; 

 Self-sufficient: a framework should be able to synchronize run instructions, possibly large 
amounts of driver data, skill assessment diagnostics, and model output without any manual 
intervention. It would be sensible to focus on incremental data exchange protocols to distribute 
run data across participating hardware; whether executables should be synchronized with the 
data needs to careful consideration as this could imply security risks and potential malicious 
use; 
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 Fast: models should run in close proximity to data storages to minimize file access delays, and 
potential bottlenecks (like file access latency) should be considered in the design of a 
framework; 

 Scalable: a framework must be flexible to utilize changes in hardware availability; 
 Modular: a framework should be built with unknown future uses in mind, adopting an modular 

architecture that will allow expanding its workings; 
 Open source: the framework should be built on open-source software and should be 100% 

open source itself to provide transparency to its inner workings, to facilitate uptake, and to 
facilitate community development; 
 Low-tech: in order to simplify its use, as little as possible knowledge about computer 
networking should be required to deploy and run a framework, beyond the knowledge required 
to run the required modelling tasks; 
 Cost-effective: it is imperative that a framework can be deployed on any available hardware 
with minimal specifications to account for the uneven distribution of MEM capacity around the 
globe (Heymans et al. 2020).  

 Collaborative: Ideally, the framework construction should also learn from the physical 
sciences and their large-scale collaborations to leverage the enthusiasm and resources of the 
MEM community rather than seeing individual research groups necessarily “go at it alone”. 

To our best knowledge, such a framework does not exist.  

With a physical separation between a remote execution framework and available hardware and 
scientific applications (Figure 4), a remote execution framework could be deployed to perform MEM 
validation, calibration and uncertainty assessments as follows: 

 

Figure 4 - Schematic overview of the physical separation of remote execution framework, the hardware that it is 
deployed on, and the scientific applications that use the framework. One server node connects to multiple clients. 
CPU stands for "Central Processing Unit", the core processing units in computers that execute software. 

Calibration 

A MEM calibration exercise is a centrally controlled, iterative process. At the framework server, given 
a particular parameterization of a MEM, informed and optimized parameter perturbations lead to 
dispatched MEM executions across available remote computing capacity. On the remote computers, 
perturbed MEMs are executed and their model skill to replicate observations is assessed under the new 
set of parameters. Better fits, for the correct reasons, are retained by the server, which keeps iterating 
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until the calibration process has satisfactory converged. A calibration report should be available for the 
modeller to verify the process (Figure 5). 

Validation 

A MEM validation exercise could benefit from available remote computing capacity to execute a MEM 
and assess its skill to replicate independent validation data while adhering to ecological realism. A 
validation summary should be available on the central server for the benefit of the modeller (Figure 6). 

Uncertainty assessments 

In this work, we reviewed various types of uncertainty. Here, we hypothesise how the remote execution 
framework could be used to perform a limited structural uncertainty assessment. In this particular 
example, the aim is to find the combination of ecological hypotheses and environmental driver data to 

 

Figure 5 – Conceptual diagram how a model calibration exercise could be deployed via the remote execution 
framework. At a central server, parameters are screened for sensitivity, and alternate parameters are chosen. 
Remove clients execute the model with alternate parameters, and assess the model skill and ecological realism. 
Assessment summaries are sent back to the server where they are interpreted for next iterations until the calibration 
process has converged satisfactory. 

 

Figure 6 – Conceptual diagram how MEM validation could be deployed via the remote execution framework. 
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best approximate validation data. The outcome of this iterative process should be captured in a 
calibration report for modeller scrutiny (Figure 7). 

 Conclusions 

The field of ecosystem modelling is now making inroads in policy and decision-making arenas, but the 
success of ecosystem modelling efforts will ultimately depend on the quality of the models. Robust 
understanding of model strengths and weaknesses, and rigorous assessments and handling of error are 
needed in order to communicate and interpret model results with more confidence. As we outline in this 
work, the various building blocks to execute the needed assessments to obtain this robustness are readily 
available. However, the marine ecosystem modelling community is still lacking the foundation to 
systematically obtain these robust insights. For this, we need technical solutions to mass-execute 
resource-heavy ecosystem models across available computing hardware to provide the capacity to 
leverage new methods (such as machine learning) or methods from other fields and make the process 
of modelling better.  

A generic framework catered to the execution of resource-hungry software, such as spatial-temporal 
marine ecosystem models, will prove highly useful to the modelling community (and potentially other 
resource-hungry processing), and can become the foundation to allow ecosystem models to fully live 
up to the challenges raised by the declaration of the Ocean Decade (Heymans et al., 2020). With the 
increasing need to apply ecosystem modelling in Digital Twins of the Oceans (Nativi et al., 2020) and 
scenario building (e.g., Ferrier et al., 2016), and the emergent potential for integrating big data, artificial 
intelligence and machine learning approaches into mechanistic ecosystem assessments (e.g., Guidi et 
al., 2020), a generic capacity to use MEMs with more confidence is paramount.  

We contend that this framework must scale up workflows that scientists are familiar with to make using 
the framework simple, and the framework must work with any existing hardware to reduce costs. Last, 
to lower the technical thresholds to adopting such a framework and to facilitate capacity building in the 
use of MEMs around the world, the framework should be built on simple technologies that scientists 
are already familiar with, because complex spatial-temporal marine ecosystem modelling is already 
complicated enough. 

 

Figure 7 – Conceptual diagram how a limited structural uncertainty assessment could be deployed via the remote 
execution framework. At a central server, combinations of different climate change drivers and ecological 
hypotheses internal to the MEM are explored to find the combination that best fits validation data. The task of 
selecting combinations of drivers is performed by the server, and remote client computing capacity is used to 
execute the perturbed MEMs and to assess the model skill. Assessment summaries are collected at the server. 
The process should repeat until all most logical combinations have been tried. 
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Accessible information is key to good evidence-based decision making. While the framework proposed 
here would not automatically address communication and interpretation, it would directly address the 
need for reliable information sources that (i) do not require prohibitive resources to generate; (ii) 
meaningfully bridge disciplines and span socioecological systems; and (iii) allow for participatory 
modelling and coproduction of ocean solutions (Steenbeek et al., 2021, 2020). 

While it may sound like a fanciful wish list, we believe it is possible given the success of GitHub, 
OpenStack, Apache Spark and a range of other distributed frameworks comprised of predominantly 
open-source approaches that would have been thought impossible until in place. We do not doubt the 
framework will not spring into being full-formed, but will need to evolve through incremental 
applications. It may well be that expectations and requirements will have to be adjusted throughout 
iterations of development. Nonetheless, we feel it is important to share our full vision and begin working 
towards it in order to give MEMs the critical mass and credibility needed to help deliver the solutions 
required in addressing the many challenges already facing the world’s marine ecosystems. 

We challenge the ecosystem modelling community to construct this framework, which will empower 
the community with the foundation for building the tools to make better use of the outcomes of spatial-
temporally explicit marine ecosystem models. In turn, this will see modelling more fully realise its 
capacity to help communities, regional and national bodies to take ownership of their ocean resources, 
and realise the transformational solutions needed to achieve sustainable and equitable ocean-based 
futures. 
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2.4 Making Ecosystem Modelling Operational – a novel distributed execution 
framework to systematically explore ecological responses to divergent climate 
trajectories 

 

 “Remember that all modellers are wrong; the practical question is  
how wrong do they want to be to still be useful.” 

– Jeroen Steenbeek 
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Abstract 

Marine Ecosystem Models (MEMs) are increasingly driven by Earth System Models (ESMs) to better 
understand marine ecosystem dynamics, and to analyse the effects of alternative management efforts 
for marine ecosystems under potential scenarios of climate change. However, policy and commercial 
activities typically occur on seasonal-to-decadal time scales, a time span widely used in the global 
climate modelling community but where the skill level assessments of MEMs are in their infancy. This 
is mostly due to technical hurdles that prevent the global MEM community from performing large 
ensemble simulations with which to undergo systematic skill assessments. Here, we developed a novel 
distributed execution framework constructed of low-tech and freely available technologies to enable the 
systematic execution and analysis of linked ESM / MEM prediction ensembles. We apply this 
framework on the seasonal-to-decadal time scale, and assess how retrospective forecast uncertainty in 
an ensemble of initialised decadal ESM predictions affects a mechanistic and spatiotemporal explicit 
global trophodynamic MEM. Our results indicate that ESM internal variability has a relatively low 
impact on the MEM variability in comparison to the broad assumptions related to reconstructed 
fisheries. We also observe that the results are also sensitive to the ESM specificities. Our case study 
warrants further systematic explorations to disentangle the impacts of climate change, fisheries 
scenarios, MEM internal ecological hypotheses, and ESM variability. Most importantly, our case study 
demonstrates that a simple and free distributed execution framework has the potential to empower any 
modelling group with the fundamental capabilities to operationalize marine ecosystem modelling. 

Key points  

1\: Most marine ecosystem modellers lack the skills and resources to systematically calibrate, 
validate and assess the models for uncertainty 

2\: Here we present a low-tech and open source run framework to use any computer network as a 
distributed model execution and assessment system 

3\: We use the framework to mass-execute an Earth System (ESM)/Ecosystem Model (MEM) 
ensemble to assess the ecosystem impact of ESM uncertainty 
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 Introduction 

Climate change and anthropogenic activities such as fishing are having far-reaching consequences for 
the functioning and stability of marine food webs and the ecosystem services that humanity relies on 
(e.g, Halpern et al., 2019; Pörtner et al., 2014). To better understand such impacts and their 
consequences for ocean life and ecosystem services, the global ocean science community increasingly 
deploys modelling systems that incorporate climate, ocean circulation, biochemistry and marine life 
under multiple stressors (e.g., Stock et al., 2023). Marine Ecosystem Models (MEMs) forced with Earth 
System Models (ESMs) are such modelling systems, where ESMs represent the fundamental physical, 
chemical and biological processes governing the evolution of the Earth system and the interactions 
within its major components (i.e. atmosphere, ocean, cryosphere and land), while MEMs represent 
mechanistically the non-linear dynamics between marine species and within marine food webs 
(Steenbeek et al., 2021; Tittensor et al., 2018).  

At present, the scientific agenda on future climate change largely focuses on the decadal to century time 
scales (Coll et al., 2020; Lotze et al., 2019; Pörtner et al., 2022). Although this long-term time scale is 
valuable for strategic planning, the majority of immediate political and commercial decisions are made 
on shorter time scales, the seasonal-to-decadal scale (Figure 1; Meehl et al., 2009; Payne et al., 2022).  

 

Figure 1 - Schematic of model- and decision time horizons, from short term forecasts to medium term predictions 
to long term projections. Short term forecasts are entirely dependent on starting conditions (the “initial value” 
problem), where long term projections are mostly affected by external drivers (the “forced boundary conditions” 
problem). Medium term predictions are affected by both problems (Adapted from Meehl et al. 2009). 

At short time scales, from days up to a month, the predictive capacity of ocean and atmosphere models 
is firmly limited by the chaotic nature of the Earth system. Infinitesimal perturbations applied to a given 
set of initial conditions (the “initial value” problem, Collins, 2002; Meehl et al., 2009) lead to diverging 
trajectories in rather short temporal windows. On the other hand, at long time scales from decades to 
centuries, slow changes in external radiative forcings such as solar irradiance, aerosols and greenhouse 
gases (Meehl et al., 2009, the “boundary conditions problem”, 2021) induce long-term trends that 
emerge over the chaotic variability. Since the pioneering studies of Smith et al. (2007), Keenlyside et 
al. (2008), and Pohlmann et al. (2009), the climate modelling community has been largely investing in 
improving the predictability on intermediate time scales, from months up to a decade, where climate 
models are both sensitive to initial value constraints and boundary conditions (Figure 1). This exercise 
has been underpinned by multi-model coordinated initiatives like the Decadal Climate Prediction 
Project (DCCP; Boer et al., 2016) and has been recently replicated with more complex Earth System 
Models (e.g., Ilyina et al., 2021; Li et al., 2016; Sospedra-Alfonso et al., 2021) capable of simulating, 
among other things, atmospheric chemistry and ocean biogeochemistry. These predictions rely on the 
initialization of the models with conditions that describe the best knowledge of a given observed state, 
a process that allows leveraging the predictability that arises from slow-paced internal variability 
processes, and are additionally driven with the historical and projected evolution of the main radiative 
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forcing factors (e.g. solar irradiance, volcanic aerosols, concentrations of greenhouse gases) to capture 
the externally forced variability. The performance of these ESM-based predictions is evaluated by 
performing large sets of retrospective ensemble forecasts that are evaluated in terms of their ability to 
reproduce the observed variability. These predictions are typically initialised every year, and contain 
several ensemble members that are run forward for up to ten years (Figure 2; Boer et al., 2016).  

Figure 2 - Schematic of retrospective predictions to assess the impact of chaotic variability on the ability of ESMs 
to predict observations. The Y axis represents any dependant ESM variable included in retrospective predictions. 

A next logical step is to assess whether/how predictive capacity of key ecosystem drivers within ESMs 
can significantly enhance the predictive skill in ecological models – a core scientific objective of EU 
Horizon 2020 project TRIATLAS (Tropical and South Atlantic Climate-Based Marine Ecosystem 
Prediction for Sustainable Management). To date, impacts of uncertainty related to the internal 
variability of ESMs on decadal time scales has been investigated for a handful of ecological hypotheses 
with encouraging results. For example, Årthun et al. (2018), Thorson (2019) and Payne et al. (2022) 
demonstrated improved confidence in predicting habitat suitability and species distribution shifts 
related to changes in ocean temperatures. Park et al. (2019) demonstrated that inter-annual variations in 
fish catches can be anticipated from ESM-based skilful predictions of phytoplankton and sea surface 
temperatures.  

However, to our best knowledge, a systematic quantification of how ESM variability on decadal scales 
could cascade through complete marine food webs, and an evaluation of whether this variability has the 
potential to significantly change MEMs trajectories with the aim to improve the predictability of a 
MEM, have not yet been performed. Such an exercise would require systematically executing a MEM 
for potentially hundreds of retrospective forecasts, and analysing large volumes of spatial-temporal 
model output. This would require computing power far beyond a single workstation, and although the 
concept of using the combined power of a network of computers to solve demanding computational 
tasks dates at least back to the 1970’s (e.g., Farber, 1970; Jones & Schwans, 1979; Vouk, 2008), the 
MEM community is mostly unable to utilise distributed computing power due to compounding 
challenges. Inherent limitations related to their computational complexity and structure, with long run 
times to represent non-linear processes at different temporal and spatial scales that cascade through 
food webs make MEMs incompatible with common high-performance computing technologies and 
computing scientific software execution infrastructures (Steenbeek et al., 2021). Scientific workflow 
management systems (Curcin et al., 2010; Wang et al., 2008), code execution frameworks (e.g., 
Ludescher et al., 2013), and commercial cloud computing solutions tend to require that hosted 
applications execute cleanly, safely, orderly and optimised by abiding to strict guidelines regarding 
programming languages and code architecture, execution efficiency, resource use, and scalability (e.g., 
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Rimal et al., 2011). As MEMs are mostly developed on limited academic budgets with little 
involvement of IT staff, re-coding a MEM to match such requirements is too costly and perhaps even 
undesirable in order not to get locked into proprietary technological execution frameworks (Steenbeek 
et al., 2021). On the other hand, distributed computing via networked computers, virtual machines and 
virtualization technologies such as Kubernetes (Jeffery et al., 2021) and workload managers such as 
SLURM (Yoo et al., 2003) could certainly carry the systematic execution of ESM/MEM complexes in 
their original form, but require dedicated funding and technical support to operate and maintain. 
Whereas a few fortunate modellers may have access to institutional distributed computing environments 
and the dedicated staff to assist in the operation, the majority of the MEM community is left without 
practical solutions to systematically and comprehensively assess their models (Steenbeek et al., 2021). 

The global MEM community needs a simple, generic and open-access framework that uses low-tech 
and free software to support the systematic mass-execution and mass-analysis of data- and 
computationally demanding scientific tools. Such a framework must allow the execution of software 
written in any language, as MEMs have been implemented in a broad range of platforms such as .NET, 
C, Fortran, Matlab, Python and R (e.g., Audzijonyte et al., 2019; Pal et al., 2020; Steenbeek et al., 2016). 
Such a framework must also support ecosystem modellers in deploying their workflows and toolkits in 
their original form. Ecosystem modelling is a complex field that combines understanding of marine 
biology and ecology, biochemistry, hydrology, fisheries dynamics and socio-economics, and that relies 
on the operation of a wide range of complex software tools to process, generate and analyse data. Thus, 
rather than requiring that analytical processes are translated into a common annotation, a scientific 
framework must acknowledge this diversity in software tools and support the execution of scientific 
workflows as they are. And last, to facilitate ease of use, the framework must seamlessly scale up 
desktop workflows across available hardware.  

With these constraints met, such a framework would form the scaffolding for executing computationally 
demanding applications such as MEM validation, calibration and uncertainty assessments (Figure 3). 

Figure 3 - A schematic overview of the workflow needed to systematically assess MEMs, here used to perform a 
hypothetical limited uncertainty assessment. The left panel shows this exercise deployed on a single desktop 
computer; the right panel shows this same exercise, transparently dispatched across any available hardware. 
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Here we present a prototype MEM run framework that we constructed to facilitate the systematic 
execution of marine ecosystem models. We apply this prototype framework to systematically run the 
seasonal-to-decadal retrospective predictions obtained from two different ESMs, EC-Earth3-CC and 
NorCPM1, through the mechanistic and spatiotemporal explicit trophodynamic MEM EcoOcean. 
Through this, we demonstrate the feasibility of the approach as an important step toward making Marine 
Ecosystem Modelling operational. 

 Materials and Methods 

Here we describe the main design considerations in developing the framework, and we present a case 
study to demonstrate that the framework can be used to systematically mass-execute MEMs. We then 
perform an indicative analysis to quantify whether ESM uncertainty has the potential to significantly 
affect the output of a complex and mechanistic global MEM, examining relevant functional groups 
within the food web in selected subregions of the global ocean. We outline the ESMs, the MEM and 
the runtime environment that we used, the application of the framework to perform the simulations, and 
a cursory analysis of modelling results.  

Framework 

The aim of the prototype MEM multi-run framework is to demonstrate that computationally heavy 
mechanistic and spatiotemporal MEMs can be systematically executed and analysed. Following the 
recommendations of Steenbeek et al. (2021), one should be able to operate the framework with minimal 
reliance on technical expertise, funding and specialised hardware to facilitate global uptake. Thus, 
instead of adopting an existing workflow management system, we opted to develop a framework from 
the ground-up to solely focus on the needed functionality without any additional complexity or 
restrictions related to funding and intellectual property. 

The conceptual structure of the prototype MEM multi-run framework, henceforth referred to as “the 
framework”, is outlined in Figure 4.  

 

Figure 4 - The conceptual structure of the MEM multi-run framework. Set up as a server-client structure, the 
framework (2) dispatches the jobs that are defined within a scientific workload across available hardware (1). The 
framework loosely interacts with scientific software to execute the tasks within a job (3) and relies on available 
shared storage solutions (4) to distribute input data to clients, and collate resulting output on the server. The ‘eye’ 
icon reflects the loose interactions where the framework checks upon the state of external software and data without 
any form of technical integration and dependency. When a workload has been processed, scientific software is 
notified, which can dispatch a new scientific workload if desired.  
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Four independent and loosely connected layers (hardware, framework, application and shared storage) 
interplay as follows: 

1:\ Hardware: The hardware layer can consist of any computing hardware able to run a particular 
MEM. 

2:\ Framework: The framework layer handles the execution of scientific work across a computing 
network, and consists of the following components: 

 A workload, which is a text file that describes the scientific work that the framework needs to 
execute. A workload consists of a number of independent computational experiments (Jobs), 
each in turn consisting of one or more executions of specific modelling scripts (Tasks). The 
workload also states which wrap-up job should be executed if the workload execution succeeds 
or fails. The wrap-up jobs provide the scientific application to decide on next execution steps 
such as dispatching a new workload. For a conceptual example of what a workload could look 
like, refer to Supplementary Material text S1, inset 1. 

 A server, which is a small piece of software that maintains an active connection to available 
clients, with whom it can exchange information. Jobs in a workload are dispatched to clients; 

 One or more clients, where the jobs are executed. Clients maintain an active connection to the 
central server and exchange information with it. 

 Clients and the server can exchange information through a range of communication protocols 
built into the framework, each catering to different usage scenarios but that may require varying 
levels of IT expertise to deploy. 

 A server-side work dispatcher handles and monitors workload execution: the dispatcher sends 
Jobs to clients, tracks their execution based on feedback from the clients, keeps track of the 
overall status of the workload execution, and upon completion, orders the server-side execution 
of the wrap-up job. 

 A client-side job and task runner handles the sequential execution of the tasks within a job. 
Task execution involves starting scientific software, monitoring its progress, and waiting for its 
termination (or actively terminating it if scientific software has become unresponsive). Job and 
task execution status updates are sent back to the server. Security measures are in place to 
ensure that the framework only operates on pre-authorized folders and executables.  

3:\ Application: The application layer consists of the scientific software that has been made available 
to the framework. Any software can be included as long as it can be parameterized and executed via a 
command line. 

4:\ Shared storage: The shared storage layer makes sure that server-side input data is made available 
to client processes, and that scientific output generated at the client side is collated on the server. The 
prototype framework does not contain facilities to synchronise data, as there are plenty of viable 
solutions in the form of shared (network) storage, cloud storage providers, and file-sharing services.  

Specific considerations 

For ease of deployment and to demonstrate versatility, the prototype framework and any scientific 
application deployed across it are kept fully independent. Server-side scientific applications place 
workload text files in a predestined location for the work dispatcher to find. At workload execution 
completion, server-side wrap-up jobs can be used to activate the scientific applications once again to 
analyse execution results, and to dispatch a follow-up workload if desired. 
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Running jobs and tasks: The framework was made to launch two types of scientific applications.  

The first category comprises the execution of stand-alone executables whose runtime behaviour can be 
controlled through the command line and that may execute a programmed script. The framework 
launches the executable and monitors its progress while capturing standard output and error information 
(Ritchie, 1984) to aid troubleshooting, and process exit codes (Maleki, 2022) to know whether a task 
succeeded or failed. If a stand-alone executable becomes unresponsive it can be terminated after a 
specified time-out. When the stand-alone executable terminates, exit codes with a value of zero indicate 
that the execution succeeded. 

The second category includes internal executions - code that resides within the execution client - via a 
software engineering mechanism known as “runtime reflection” (Redondo et al., 2008; Schmidt et al., 
2000, p. 134). Instead of indicating a physical separate executable, a task alias refers to the name of a 
specifically formed and recognizable piece of code that resides in the client code base and that 
implements a task. This code is dynamically looked up, executed and monitored for completion while 
standard output and error information (Ritchie, 1984) and the exit code are collected by the framework. 
In-client code is intended to facilitate running the framework on environments where clients cannot 
launch separate executables such as HPC clusters. 

Information exchange: Because the framework can be deployed over operating systems (OS-es) that 
may be configured differently, scientific software deployed over the framework should use consistent 
natural language specific formatting of numbers, date- and time fields, and OS specifics such as text 
file line endings, etc.  

Extensibility: In the particular case study outlined here, we implemented the framework in Microsoft 
Visual Basic.NET, compiled to .NET Standard 6.0 which produces executables that can be installed 
and natively executed on Windows and Linux OS-es. In order to customise the framework to future 
needs and to change and improve its functioning, the framework source code is organised as an open-
source API that is open to modifications and extensions. 

Installation and deployment: In order to use the framework, operators will need to prepare target 
computers with the framework software, cloud storage provider software, and the programs needed for 
the execution of a scientific workload. This is an unavoidable and possibly challenging task, but for use 
cases such as we present here where we interconnect regular desktop computers via cloud storage 
providers, this task should not be any more challenging than configuring a desktop computer for regular 
use.  

For additional framework design considerations refer to Supplementary Material text S1.  

Earth System Models 

For this case study, two contrasting ESMs participating in TRIATLAS, EC-Earth3-CC and NorCPM, 
delivered estimates in phytoplankton biomasses and sea water temperatures for the years 1950-2015. 
ESM variable names and units were standardized to the Climate Model Operator Rewriter (CMOR) 
standard 3.3 (Nadeau et al., 2018). Both models delivered a single continuous simulation reconstructing 
the evolution of the global biophysical system, and an ensemble of yearly starting retrospective 
predictions characterized by three arbitrarily selected members of their full ensemble. We used three 
members as a good trade-off to reasonably sample the ESM forecast uncertainty, while limiting the 
computational burden for the MEM simulations. Here we provide a brief technical summary of the two 
contrasting ESMs and their contribution to the case study. Considering two ESM models with different 
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physical and biogeochemical ocean components, and for which the decadal predictions are also 
initialized in a different manner, offered the ability to explore the sensitivity of the MEM predictions to 
the uncertainties in the state variables used as boundary conditions.  

EC-Earth3-CC (Döscher et al., 2022) is the ESM version of the global climate model EC-Earth that 
includes a description of the carbon cycle at its standard resolution. Its atmospheric component is the 
Integrated Forecast System (IFS) from the European Centre for Medium-Range Weather Forecasts 
(ECMWF) and uses a T255 horizontal resolution and 91 vertical levels. The ocean component is 
NEMO3.6 (Madec & the NEMO team, 2023), which includes the sea ice model LIM3 (Rousset et al., 
2015) and the ocean biogeochemistry model PISCES (Aumont et al., 2015) integrated in the code. 
NEMO3.6 is run with an ORCA1 horizontal grid (i.e. nominal one-degree horizontal resolution) and 75 
vertical levels. Dynamical vegetation, land use, and terrestrial biogeochemistry are provided by LPJ-
GUESS (B. Smith et al., 2014). The library OASIS3-MCT (A. Craig et al., 2017) is used for the coupling 
of most of the model's components. More detailed information on EC-Earth3-CC and its different 
components can be found in Döscher et al. (2022). 

The predictions from EC-Earth3-CC were performed following the experimental protocol for the 
Decadal Climate Prediction Project (DCPP) experiments DCPP-A (Boer et al., 2016), with start dates 
for every 1st of November in the period 1980 to 2019. Start dates prior to 1980 were not included as 
the quality of the atmospheric/oceanic reanalysis used to initialise the ESM model cannot be properly 
validated for the pre-satellite era (i.e., before 1980) due to the lack of widespread biogeochemical 
observations. A total of 15 members were produced for each start date, with a forecast length of 7 years, 
instead of 10, to save computational resources.  

The initialization protocol is a precursor of the methodology applied for the climate predictions of 
Bilbao et al. (2021). The ocean physical and biogeochemical conditions come from a reconstruction 
performed with the ocean component of EC-Earth3-CC (hereafter referred to as RECON) forced at the 
surface using an atmospheric reanalysis. In this reconstruction, observations for temperature and salinity 
are assimilated at the surface by adding fluxes for heat and freshwater to the energy and salinity 
conservation equations. At the same time, the interior of the ocean is also nudged towards a reference 
re-analysis product for both temperature and salinity. It is important to notice that no observations of 
ocean biogeochemistry or sea-ice are assimilated such that these fields are left free to evolve in response 
to ocean physics. More details about the EC-Earth3-CC initialization procedure as well as about the 
reference observation products used can be found in Supplementary Material text S2. 

For this application, EC-Earth3-CC delivered monthly vertically integrated large and small 
phytoplankton carbon concentrations (lphyc and sphyc), and mean potential sea water temperatures 
(thetao) for the top 150m, the entire water column, and the bottom.  These variables were delivered for 
a 1980-2015 continuous historical run (RECON) and for an ensemble of three 7-year retrospective 
predictions (i.e. r6i1p1f1, r7i1p1f1 and r8i1p1f1 DCPP-A members) with yearly start dates for the 
whole period 1980-2013. 

NorCMP1, short for the Norwegian Climate Prediction Model version 1 (Bethke et al., 2021), is based 
on the Norwegian Earth System Model version 1 (NorESM1; Bentsen et al., 2013; Iversen et al., 2013) 
which is in turn based on the Community Climate System Model version 4 (CCSN4; Gent et al., 2010; 
Vertenstein et al., 2010) after important modifications. Its ocean component uses a standard horizontal 
grid (gx1v6) with 53 layers in an isopycnic vertical coordinate, which includes prognostic 
biogeochemical cycling in the form of the HAMburg Ocean Carbon Cycle (HAMOCC; Maier-Reimer, 
1993; Maier-Reimer et al., 2005) adapted to this isopycnic ocean model framework (Tjiputra et al., 
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2010). The atmospheric component consists of the Oslo version of the Community Atmosphere Model 
(CAM4-OSLO; Kirkevåg et al., 2013), that has specialised chemistry-aerosol-cloud-radiation 
interaction schemes, with a two-degree horizontal resolution and 26 levels in the vertical with a hybrid 
sigma-pressure coordinate. The land (same grid as the atmospheric component) and the sea ice (same 
grid as the ocean component) components are basically the same as in CCSM4, except for a scheme for 
dust deposition on snow/sea ice. The overarching execution control of the coupled system and the 
exchange of information between model components is handled by the CCSM4 coupler CPL7 (A. P. 
Craig et al., 2012). Detailed descriptions of the NorESM components and its biogeochemical ocean 
module can be found in Bentsen et al. (2013) and Tjiputra et al. (2010), respectively.      

NorCPM1’s DCPP-A simulations have start dates for every 15th of October in the period 1960 to 2018. 
A total of 10 members were produced for each start date, with a forecast length of 10 years (Bethke et 
al., 2021). Each member of these hindcast experiments (“hindcast-i2”) are initialised by the 15 October 
states of the first 10 members of a data assimilation (DA) simulation (“assim-i2”), which uses oceanic 
observations to update ocean and sea ice components. This DA simulation uses a 1950-2010 SST 
reference climatology for computing anomalies, replacing the climatology of the observations by the 
model climatology calculated from the NorCPM1’s 30-member no-assimilation historical experiment, 
and additionally updates the sea ice state via strongly coupled DA of the observations (Bethke et al., 
2021). The DA scheme updates all ocean physical state variables but not the biogeochemical state 
variables. However, Fransner et al. (2020) showed that the initialization has no important effect on the 
predictability of ocean biogeochemistry beyond lead year 1, but also showed that assimilating SST can 
potentially constrain the near-surface primary production and hence the biogeochemical variability. 

For this application, NorCPM1 delivered monthly mean integrated phytoplankton carbon (phyc), and 
mean potential sea water temperatures (thetao) for the top 150m, the entire water column, and the 
bottom.  These variables were delivered for a 1980-2015 continuous historical run (HIST) and for an 
ensemble of three10-year retrospective predictions initialized every year in 1980-2008, which 
corresponds to members r1i2p1f1, r5i2p1f1 and r10i2p1f1 of the DCPP-A ensemble. 

Marine Ecosystem Model 

The MEM deployed in this case study is EcoOcean, a mechanistic, spatiotemporal ecosystem modelling 
complex of the global ocean that includes food-web dynamics from primary producers to top predators 
under influence of anthropogenic activities and climate change. EcoOcean has at its core the Ecopath 
with Ecosim (EwE) modelling approach (Christensen & Walters, 2004), where the spatial-temporal 
module Ecospace has been heavily modified to represent spatial heterogeneity in fishing and the 
behaviour, growth and movement of functional groups across the worlds’ oceans (Christensen et al., 
2015; Coll et al., 2020). 

EcoOcean was parameterized and calibrated as described in Coll et al. (2020), as used for the Inter-
Sectoral Impact Model Intercomparison Project (ISIMIP) simulation round 2b to explore how projected 
climate change might affect future (2016-2100) ocean ecosystems (Tittensor et al., 2021). The 
EcoOcean MEM operates on a spatial grid of one decimal degree at monthly time steps with a food web 
that consists of 52 interconnected functional groups. Functional groups are represented spatially 
accounting for approximately 3400 species that underpin the functional groups. Functional groups 
disperse, gravitating towards cells with more suitable feeding conditions and lower risks of depredation, 
where feeding suitability is determined by the Ecospace habitat foraging capacity model (Christensen 
et al., 2014) modified by cell-specific responses, temperature-adjusted metabolic rates, and species’ 
native ranges to constrain the initial distribution of functional groups to observed occurrences (Coll et 
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al., 2020). Fishing is driven by historical effort (1950-2015) for 14 fleets (Rousseau et al., 2019). 
Historical fishing effort is introduced as a total per each of the 66 Large Marine Ecosystems, within 
each fishing effort is distributed via a simple gravity model that considers the distributions and market 
value of targeted functional groups versus the cost of fishing in any given location that is not closed to 
fishing (Christensen et al., 2015). 

Relevant to this case study is how EcoOcean utilises the Earth System model output to drive its global 
ecosystem dynamics. EcoOcean contains three functional groups of phytoplankton: large, small and 
diazotrophs, that alongside benthic producers and bacteria act as the nutritional foundation for the food 
web. When connected to global Earth System Models, EcoOcean typically overwrites its spatially 
distributed phytoplankton biomasses with ESM-delivered phytoplankton biomass for matching 
timesteps (Coll et al., 2020; Steenbeek et al., 2013; Tittensor et al., 2018), scaled to 1950 biomass 
estimates EcoOcean was calibrated to. Furthermore, EcoOcean v2 (Coll et al., 2020) linked sea surface 
temperature to affect functional group productivity and distributions via the built-in habitat foraging 
capacity model (Christensen et al., 2014). For this case study, functional group responsiveness to 
climate was extended by associating pelagic, benthopelagic and demersal functional groups with mean 
temperatures for the top 150m, entire water column and bottom, respectively. This refinement was made 
to capture temperature fluctuations at depth as delivered by the ESM retrospective predictions. 

Runtime environment 

The framework was deployed across a network of computers with varying specifications as shown in 
Table 1. All computers hosted 64-bit Operating Systems and were powerful enough to execute 
EcoOcean. Machines were located in two physical locations, interlinked via a Dropbox 
(www.dropbox.com) professional plan with 2TB of storage space for mass data transfer, and a free 
Sync (www.sync.com) account for framework communication. For every 4 threads or fewer, a separate 
framework client was created, which meant that the runtime environment was able to simultaneously 
perform 24 executions of EcoOcean (Table 1, Nº clients). 

Table 1 - the computers used to perform the case study, with key characteristics 

Computer Year OS Processors Nº threads Nº clients 

Desktop 2013 Win 7 2 x i5 quad-core 8 2 

Laptop 2015 Win 10 1 x i7 quad-core 4 1 

Laptop 2018 Ubuntu 2 x i7 quad-core 8 2 

Desktop 2020 Win 10 2 x i7 quad-core 8 2 

Tower 2022 Win 10 20 x i7 quad-core 48 12 

Laptop 2023 Win 11 14 x i7 quad-core 20 5 

Total     24 

 

Application 

The EcoOcean executions were encapsulated in a custom developed command-line utility, henceforth 
referred to as the “EcoOcean wrapper”, that configured the EcoOcean model for executing a specific 
simulation, executed the simulation, intercepted and condensed EcoOcean maps over time into time 
series, and saved these time series into one ZIP file per run. By specifying a ZIP output file name 
adhering to a simple and strict naming protocol, the command line utility understood exactly how to 
configure and run EcoOcean, how to name the output ZIP file, and how to finally place these output 
ZIP files directly into a Dropbox folder dedicated to multi-run framework server-side data collation. 
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All EcoOcean simulations started in the year 1950 after a ten-year spin-up (or burn-in) period, and were 
executed through 2015. EcoOcean output was collated for the period 1980-2015. For both ESMs, 
EcoOcean was executed with and without fishing following Coll et al. (2020). ESM data were delivered 
to EcoOcean in the form of monthly varying maps. The maps representing mean temperatures for the 
top 150m, water column and bottom were fed into the EcoOcean habitat foraging capacity model 
(Christensen et al., 2014), and the maps for large and small phytoplankton were used to force the 
magnitudes and distributions of the corresponding phytoplankton groups within EcoOcean (Coll et al., 
2020). 

For the two ESMs and the two fishing scenarios, EcoOcean was driven by ESM historical data to gather 
simulation baseline output. Then, for the two ESMs, two fishing scenarios and every retrospective 
prediction start year for the three members, EcoOcean was executed with historical data up to the start 
year of a retrospective prediction, after which EcoOcean was executed until the end of the retrospective 
predictions while being driven by the ESM data for that retrospective prediction. For the retrospective 
prediction experiments, output was only collected for the period covered by the 7- (EC-Earth3-CC) or 
10 (NorCPM1) year retrospective predictions. 

As EC-Earth3-CC data started at 1980, historical data for the year 1980 were repeated during the 
EcoOcean spin-up period and for the period from 1950 through 1980. NorCPM1 did not distinguish 
explicitly between small and large phytoplankton; therefore, the total phytoplankton biomass data was 
used to proportionally drive large and small phytoplankton dynamics in EcoOcean. 

Analysis 

EcoOcean produced global 1-degree gridded maps of biomass and catch (where applicable) by 
functional group at monthly time steps, which can produce a file volume upward of 50GB per 
simulation. To save storage space while retaining important signals, we condensed EcoOcean output 
into time series for the hydrological basins of the world (Figure 5; FAO, 2020) and the major fishing 
areas for statistical purposes (Figure 6; FAO, 2015) as defined by the Food and Agricultural 
Organization (FAO). Each time series described the mean biomass and catch, per functional group and 
per region, weighted by cell area. The use of regional time series was decided on as an effort to capture 
regional variability in ecosystem dynamics for MEM run comparison whilst significantly reducing the 
volume of model output transferred and analysed. 
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Figure 5 - The eleven ocean sub-basins as defined by FAO, used in the 384 MEM simulations to summarise trends 
in functional group catches and biomasses. In this manuscript, only areas 2, 3 and 4 (north-, central- and south 
Atlantic) are presented. 

 
Figure 6 - The fishing areas for statistical purposes as defined by FAO, used in the 384 MEM simulations to 
summarise trends in functional group catches and biomasses. In this manuscript, only areas 21 and 27 (north west- 
and north east-), 31 and 34 (central west- and central east-) and 41 and 47 (south west- and south east Atlantic) 
are presented. 

Although EcoOcean produced global results for 51 functional groups, this prototype case study focused 
on trends in biomass for only 6 functional groups: small, medium and large pelagic fish, and small, 
medium and large demersal fish. The choice of small, medium and large fish would allow for detecting 
direct changes induced by phytoplankton variability (small fish) and trophic cascades (medium and 
large fish). Different vertical positioning of selected functional groups could reveal relevant effects at 
depth. All comparisons were made for fished and non-fished MEM executions.  

Results were analysed for three FAO sub basins: the north, central and south Atlantic, in line with the 
aims of EU Horizon 2020 project TRIATLAS (Figure 5). 
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Statistical measures 

We explored the utility of a number of simple statistical measures to quantify how ESM uncertainty 
affects the output of EcoOcean when compared to output generated via the ESM baseline runs. In the 
formulae below, n = number of observations 𝑦௜;  𝑦௜ = observations (EcoOcean output driven by the 
ESM baselines);  𝑦పෝ  = estimations (EcoOcean output-driven by ESM retrospective predictions). 

All statistical measures were calculated for three pelagic and three demersal fish functional groups, for 
both ESMs, for the three TRIATLAS regions (North, Central and South Atlantic), under fished and 
non-fished scenarios.  

1. Root Mean Squared Error or RMSE (equation 1) measures the average magnitude (t/km2) of the 
differences between predicted values and observed values. A lower RMSE indicates better predictive 
performance. It penalises larger errors more heavily than smaller errors due to the squaring of the errors. 
RMSE is sensitive to outliers since it squares the errors. RMSE is therefore a useful metric to quantify 
for which ecosystem components, and in which regions, ESM uncertainty mostly affects the marine 
ecosystem. Such outliers could indicate direct sensitivities to small perturbations, or could indicate 
ecosystem cascades. 
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 Eq. 1

2. Mean Absolute Error or MAE (equation 2) measures the average magnitude (t/km2) of the absolute 
differences between predicted values and observed values. Like RMSE, a lower MAE indicates better 
predictive performance. MAE treats all errors equally and is not as sensitive to outliers as RMSE. MAE 
is a useful metric to quantify where ESM uncertainty has less impact on MEM predictions. 
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3. Symmetric Mean Absolute Percentage Error or SMAPE (equation 3) measures the percentage 
difference between predicted values and observed values, averaged across all observations. It is 
symmetric because it considers both overestimations and underestimations equally. SMAPE is easy to 
interpret in percentage terms and is suitable when dealing with data with varying scales. Because 
SMAPE ignores scale and direction, it is a useful metric to directly compare the relative error, directly 
or indirectly caused by ESM uncertainty, between functional group predictions for the historical runs 
and for the runs executed with ESM uncertainty for all regions.  
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4. Pearson's Correlation Coefficient (equation 4) measures the linear relationship between predicted 
values and observed values. It ranges from -1 to 1, where 1 indicates a perfect positive linear correlation, 
-1 indicates a perfect negative linear correlation, and 0 indicates no linear correlation. A higher absolute 
value of the correlation coefficient suggests a stronger linear relationship between predictions and 
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observations. Additionally, the Pearson coefficient can reveal hidden correlations for data that are not 
normally distributed. This coefficient is thus useful in correlating the linearity between historically- and 
uncertainty-driven MEM simulations, indicating where significant deviations may require further study. 
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5. Directional Symmetry or DS (equation 5) measures the percentage of occurrences where the sign, 
positive or negative, of an observed and a predicted time series is the same. This coefficient is useful to 
correlate the direction of change between historically- and uncertainty-driven MEM simulations. 
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 Results 

Framework performance 

The prediction experiments resulted in a workload of 384 jobs, each job containing only one task: the 
invocation of the EcoOcean wrapper command-line utility. The driver data delivered by both ESMs 
comprised approximately 1 million time-tagged maps at a volume just over 415 GB. EcoOcean 
produced an estimated volume of 5 TB in output maps that were condensed into time series CSV files 
by the EcoOcean execution wrapper on the framework clients. The EcoOcean wrapper then compressed 
the time series CSV files and placed them in the Dropbox output folder for automatic transport to the 
framework server computer. By using time series, the framework produced a more manageable output 
volume of 50 GB, which was compressed to 3GB for file transfer to the server for analysis. The full set 
of EcoOcean simulations required approximately 2600 hours of CPU time, but via the framework used 
here - with a total of 164 computational cores (Table 1) - the complete set of simulations was performed 
in just under 30 hours.  

The stability of the framework was assessed by randomly stopping and starting, and randomly adding 
and removing, computational clients during extensive test runs. The framework recovered from the 
resulting communication failures within a few minutes, rescheduling interrupted model executions or 
dispatching work to newly available clients. The use of cloud storage providers for main communication 
transport was slow but quite reliable. On a few rare occasions, the cloud storage providers stopped 
synchronising information entirely, which is an acknowledged remote possibility for both Dropbox 
(Dropbox.com, 2023) and Sync (Sync.com, 2023). In such cases, the affected client computers were no 
longer able to participate in a particular simulation run until their local cloud daemons were manually 
restarted. In one particular simulation test run, the framework server daemon stopped synchronising, 
which effectively terminated the entire experiment since the framework does not (yet) feature server 
redundancy. 

The 384 ecosystem model executions functioned as expected, without errors in accessing and 
integrating ESM data into the running model, executing the model, extracting and collating output, and 
placing the output in the desired, pre-configured output locations. 
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Simulations 

The simulations provided four sets of output - for the two different ESMs under fished and non-fished 
oceans, each featuring time series trends for the 11 ocean sub-basins and 19 ocean statistical areas for 
fisheries purposes, for 52 functional groups. Figure 7 shows what these data look like when plotted. 

 

Figure 7 - An example of EcoOcean estimates for medium pelagic fish in the central Atlantic and Mediterranean, 
when the MEM is driven by output from EC-Earth3-CC under historical fishing pressure. The black line represents 
the EcoOcean output when driven by the continuous ESM baseline, and the three coloured lines represent 
EcoOcean estimates when deviating away from the baseline for 7-year retrospective predictions. Ecosystem output 
is plotted relative to the annual average 1980 value. 

Overall, results show that across the food web and the observed regions, the EcoOcean biomass 
trajectories displayed varying degrees of responsiveness to ESM uncertainty, depending on position of 
the selected functional group in the EcoOcean food web, the presence of fishing, the region analysed, 
and choice of earth system model linked to EcoOcean. For instance, Figure 8 and Figure 9 show 
EcoOcean estimates when driven by EC-Earth3-CC and NorCPM1 respectively, for the same functional 
group, large pelagic fish, which encompasses dolphinfish, sailfish, tuna, mackerel, marlin, swordfish 
and others. From these plots, a few things become clear.  

1\: The impact of retrospective predictions for EC-Earth3-CC (Figure 8) tends to deviate from the 
observationally-constrained reference, while the impact of retrospective predictions for 
NorCPM1 (Figure 9) centres around the baseline r1i1p1f1 simulation. 

2\: Fishing severely impacts large pelagic fish, regardless of ESM selected.  



Results 

123 

3\: Although the overarching trends are similar between the two ESMs, fishing has a much stronger 
relative impact on large pelagic fish in the Central Atlantic when EcoOcean is driven with EC-
Earth3-CC output than with NorCPM1. 

4\: NorCPM1 appears to introduce higher seasonal variability than EC-Earth3-CC, but this is 
probably an artefact of driving both small and large phytoplankton with the same single 
NorCPM1 phytoplankton estimates. Having both large and small phytoplankton follow exactly 
the same trend is expected to exaggerate the impact of phytoplankton fluctuations onto the 
EcoOcean food web, which in the case of EC-Earth does not happen as large and small plankton 
compete for the same nutrients. 

 

Figure 8 - Average EcoOcean biomass trends for large pelagic fish in three selected Atlantic FAO sub-ocean 
regions, for the years 1980-2015, when the MEM is driven by EC-Earth-CC historical data r1i1p1f1 (black line, one 
continuous EcoOcean run) and realisations r6i1p1f1, r7i1p1f1, and r8i1p1f1 (coloured lines). The left column shows 
EcoOcean biomass trends without fishing, the right column includes historical fishing. All plots scale relative to their 
1980 annual mean to standardise axes and to highlight the relative trends. 
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Figure 9 - Average EcoOcean biomass trends for large pelagic fish in three selected Atlantic FAO sub-ocean 
regions, for the years 1980-2015, when the MEM is driven by NorCPM1 historical data (black line, one continuous 
EcoOcean run) and realisations r1i2p1f1, r5i2p1f1, and r10i2p1f1 (coloured lines). The left column shows 
EcoOcean biomass trends without fishing, the right column includes historical fishing. All plots scale relative to their 
1980 annual mean, with standardised scales to highlight the relative trends. 

The statistical measures (Tables 2 and 3) captured these differences, comparing the last five years of 
the baseline simulation (“observations”) against the mean model output for the retrospective predictions 
(“predictions”):  

 For both Pelagic and Demersal components, the Root Mean Square Error (RMSE) and Mean 
Absolute Error (MAE) were lower for EC-Earth3-CC than NorCPM1, indicating that in 
absolute terms, EcoOcean output was less affected by internal sensitivity of EC-Earth3-CC than 
NorCPM1; 
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 On the other hand, the Symmetric Mean Absolute Percentage Error (SMAPE) was generally 
lower for NorCPM1 than for the simulations driven by EC-Earth-CC, indicating that the trends 
produced by EcoOcean were less sensitive to internal uncertainty in the scenarios driven by 
NorCPM1 than EC-Earth3-CC; 

 The Pearson’s Correlation Coefficient was higher under fishing scenarios, regardless of ESM 
used. This indicates that fishing has a much stronger impact on EcoOcean output than ESM 
internal variability; 

 Last, Directional Symmetry was higher for NorCPM1 than for EC-Earth3-CC, indicating that 
observations and predictions were generally more directionally aligned for NorCPM1 than EC-
Earth3-CC. 

Table 2 - Statistical measures to capture pelagic fish temporal biomass dynamics for 2010-2015. 

 

PELAGIC BIOMASS

Earth.System Functional.Group Area.category rmse mae smape pearson ds

Fishing

EC‐Earth3‐CC Pelagics small North Atlantic 0.00003 0.00003 0.306 0.95 93.8

EC‐Earth3‐CC Pelagics small Central Atlantic, Med 0.00002 0.00002 11.406 0.91 90.7

EC‐Earth3‐CC Pelagics small South Atlantic 0.00003 0.00003 2.107 0.90 98.8

EC‐Earth3‐CC Pelagics medium North Atlantic 0.00016 0.00014 0.400 1.00 87.6

EC‐Earth3‐CC Pelagics medium Central Atlantic, Med 0.00005 0.00004 9.805 0.98 93.6

EC‐Earth3‐CC Pelagics medium South Atlantic 0.00010 0.00010 1.457 1.00 96.7

EC‐Earth3‐CC Pelagics large North Atlantic 0.00001 0.00001 0.785 1.00 96.2

EC‐Earth3‐CC Pelagics large Central Atlantic, Med 0.00000 0.00000 12.188 1.00 91.7

EC‐Earth3‐CC Pelagics large South Atlantic 0.00000 0.00000 0.665 1.00 94.5

NorCPM1 Pelagics small North Atlantic 2.18926 1.83771 1.699 0.97 100.0

NorCPM1 Pelagics small Central Atlantic, Med 0.32014 0.24553 0.546 0.94 98.8

NorCPM1 Pelagics small South Atlantic 0.32270 0.26224 0.637 0.96 96.0

NorCPM1 Pelagics medium North Atlantic 2.72220 2.15267 0.998 0.95 98.3

NorCPM1 Pelagics medium Central Atlantic, Med 0.27593 0.20860 0.460 1.00 98.6

NorCPM1 Pelagics medium South Atlantic 0.52388 0.42735 0.597 0.96 97.4

NorCPM1 Pelagics large North Atlantic 0.07741 0.06563 0.793 1.00 96.0

NorCPM1 Pelagics large Central Atlantic, Med 0.01214 0.00981 0.177 1.00 96.9

NorCPM1 Pelagics large South Atlantic 0.04663 0.03321 0.335 0.99 97.4

No fishing

EC‐Earth3‐CC Pelagics small North Atlantic 0.00003 0.00003 0.270 0.99 89.5

EC‐Earth3‐CC Pelagics small Central Atlantic, Med 0.00003 0.00003 7.971 0.71 88.6

EC‐Earth3‐CC Pelagics small South Atlantic 0.00003 0.00003 2.413 0.80 98.6

EC‐Earth3‐CC Pelagics medium North Atlantic 0.00019 0.00017 0.230 1.00 88.1

EC‐Earth3‐CC Pelagics medium Central Atlantic, Med 0.00011 0.00010 3.760 0.79 86.0

EC‐Earth3‐CC Pelagics medium South Atlantic 0.00018 0.00018 1.848 0.98 89.5

EC‐Earth3‐CC Pelagics large North Atlantic 0.00001 0.00001 0.410 0.97 96.4

EC‐Earth3‐CC Pelagics large Central Atlantic, Med 0.00001 0.00001 2.508 0.60 86.7

EC‐Earth3‐CC Pelagics large South Atlantic 0.00001 0.00001 0.573 0.64 97.4

NorCPM1 Pelagics small North Atlantic 2.24326 1.88046 1.670 0.98 100.0

NorCPM1 Pelagics small Central Atlantic, Med 0.33540 0.25589 0.546 0.91 99.3

NorCPM1 Pelagics small South Atlantic 0.32477 0.26395 0.635 0.95 96.0

NorCPM1 Pelagics medium North Atlantic 3.08340 2.42889 0.900 0.94 99.1

NorCPM1 Pelagics medium Central Atlantic, Med 0.37913 0.26935 0.407 0.79 98.8

NorCPM1 Pelagics medium South Atlantic 0.55232 0.45123 0.582 0.84 96.7

NorCPM1 Pelagics large North Atlantic 0.09457 0.08470 0.712 0.89 99.1

NorCPM1 Pelagics large Central Atlantic, Med 0.01745 0.01409 0.141 0.91 93.1

NorCPM1 Pelagics large South Atlantic 0.05654 0.03972 0.318 0.91 98.3
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Please note that RMSE and MAE measure absolute errors while SMAPE measures relative errors, 
which is reflected in Tables 1 and 2 in the range differences in all the categories. 

Efforts to relate changes in ESM drivers to the various MEM outputs did not yield any useful signals, 
and will require a systematic attribution investigation. 

Table 3 - Statistical measures to capture demersal fish temporal biomass dynamics for 2010-2015. 

 

A side-by-side comparison of ecosystem trends for regions at different scale shows how different 
aggregation regions may reveal quite different trends (Figure 10). All side-by-side comparison plots 
(Figures S1-S36) are included in the supplementary material to indicate the vast spread of variation that 
emerges when aggregating MEM output over spatial areas with different sizes. 

DEMERSAL BIOMASS

Earth.System Functional.Group Area.category rmse mae smape pearson ds

Fishing

EC‐Earth3‐CC Demersals large North Atlantic 0.00000 0.00000 5.55 0.94 92.4

EC‐Earth3‐CC Demersals large Central Atlantic, Med 0.00008 0.00007 2.89 0.92 96.7

EC‐Earth3‐CC Demersals large South Atlantic 0.00004 0.00003 2.25 1.00 88.1

EC‐Earth3‐CC Demersals medium North Atlantic 0.00000 0.00000 9.28 1.00 84.8

EC‐Earth3‐CC Demersals medium Central Atlantic, Med 0.00004 0.00003 1.97 0.99 77.9

EC‐Earth3‐CC Demersals medium South Atlantic 0.00002 0.00001 1.80 1.00 88.4

EC‐Earth3‐CC Demersals small North Atlantic 0.00000 0.00000 0.13 1.00 100.0

EC‐Earth3‐CC Demersals small Central Atlantic, Med 0.00000 0.00000 5.86 1.00 85.5

EC‐Earth3‐CC Demersals small South Atlantic 0.00000 0.00000 2.71 1.00 94.3

NorCPM1 Demersals large North Atlantic 0.69205 0.55441 1.18 0.98 100.0

NorCPM1 Demersals large Central Atlantic, Med 0.15360 0.11408 0.67 0.99 98.6

NorCPM1 Demersals large South Atlantic 0.18656 0.15419 0.99 0.96 98.8

NorCPM1 Demersals medium North Atlantic 0.30400 0.26852 2.56 0.76 95.7

NorCPM1 Demersals medium Central Atlantic, Med 0.01985 0.01497 0.54 0.99 94.8

NorCPM1 Demersals medium South Atlantic 0.02425 0.02010 0.76 0.90 96.4

NorCPM1 Demersals small North Atlantic 0.02187 0.01670 0.63 1.00 96.2

NorCPM1 Demersals small Central Atlantic, Med 0.00387 0.00282 0.49 1.00 96.2

NorCPM1 Demersals small South Atlantic 0.00652 0.00507 0.43 1.00 96.9

No fishing

EC‐Earth3‐CC Demersals large North Atlantic 0.00000 0.00000 2.14 0.96 91.4

EC‐Earth3‐CC Demersals large Central Atlantic, Med 0.00010 0.00008 2.44 0.90 98.1

EC‐Earth3‐CC Demersals large South Atlantic 0.00007 0.00006 1.89 0.63 79.3

EC‐Earth3‐CC Demersals medium North Atlantic 0.00000 0.00000 5.52 0.75 85.3

EC‐Earth3‐CC Demersals medium Central Atlantic, Med 0.00006 0.00005 1.36 0.94 77.0

EC‐Earth3‐CC Demersals medium South Atlantic 0.00003 0.00003 1.79 0.78 85.7

EC‐Earth3‐CC Demersals small North Atlantic 0.00000 0.00000 2.79 0.92 77.9

EC‐Earth3‐CC Demersals small Central Atlantic, Med 0.00001 0.00001 0.49 0.98 82.9

EC‐Earth3‐CC Demersals small South Atlantic 0.00001 0.00001 1.68 0.67 58.7

NorCPM1 Demersals large North Atlantic 0.83073 0.66392 1.16 0.98 99.8

NorCPM1 Demersals large Central Atlantic, Med 0.18570 0.13860 0.65 0.92 97.2

NorCPM1 Demersals large South Atlantic 0.19258 0.16033 0.97 0.92 98.6

NorCPM1 Demersals medium North Atlantic 0.32651 0.28874 2.40 0.82 94.5

NorCPM1 Demersals medium Central Atlantic, Med 0.02382 0.01851 0.53 0.82 94.5

NorCPM1 Demersals medium South Atlantic 0.02518 0.02084 0.74 0.59 96.7

NorCPM1 Demersals small North Atlantic 0.07640 0.05629 0.56 0.98 98.6

NorCPM1 Demersals small Central Atlantic, Med 0.01205 0.00928 0.22 0.74 95.3

NorCPM1 Demersals small South Atlantic 0.01113 0.00806 0.26 0.47 95.5
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Figure 10 - Medium demersal fish biomass time series as predicted by EcoOcean when driven by NorCPM1. The 
plots show time series for FAO subocean south Atlantic (top row), and for the two subdivisions of that subocean, 
the southwest Atlantic (middle row) and the southeast Atlantic (bottom row). Time series are shown without fisheries 
(left column) and with historical fisheries (right column). 

 Conclusions 

In this study, we demonstrated that a distributed run framework built from simple technologies can be 
used to systematically run a marine ecosystem model, paving the way for systematic assessments that, 
prior, were deemed impossible to those without access to well supported powerful hardware and 
programming experience. 
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Experience using the framework 

The framework performed well, despite its conceptual simplicity and reliance on the most basic 
technologies. The use of cloud storage providers for framework communication was not without 
caveats. We started out by using one storage provider, Dropbox, to handle all server-client data transfer, 
but we observed a high number of cancelled and restarted EcoOcean runs. Status logs showed that the 
server often perceived remote clients as having become unresponsive and repeatedly rescheduled their 
jobs, which we traced back to crucial framework status messages getting intermixed with, and delayed 
by, the slow transfer of large input and output data files. Swapping over to two separate cloud storage 
providers (Sync for framework communication, and Dropbox for bulk data transfer), with each cloud 
storage provider operating on different folders, solved the issue. An important piece of advice was 
provided by the Dropbox development team, who recommended using the same cloud provider account 
on the server and all clients to avoid soaring data usage across accounts. Additionally, in rare cases 
cloud storage providers may stop synchronising which, if this were to occur at the server, stops the 
framework from working. Some clever coding in the future can detect a hanging cloud provider and 
restart it.  

Although the use of cloud storage providers does demonstrate that a framework can be constructed from 
the most basic technologies, if faster and more streamlined communication protocols can be used one 
should not hesitate to embrace those with fervour. For this, the framework is of modular design and 
already hosts a number of faster and more reliable data communication protocols that require some IT 
skills and network management authority to configure. To avoid any kind of unnecessary complexity, 
the use of cloud providers was therefore ideal to showcase the framework. 

To demonstrate that the run framework can be OS agnostic, our setup included one Linux computer 
among five Windows computers. We were able to make this setup work as 1) both the framework and 
the EcoOcean execution wrapper were written in .NET Standard which natively run on both OS-es; and 
2) we were able to fully handle typical OS incompatibilities in our code by enforcing strict data handing 
conventions. However, as the framework is intended dispatching workloads that rely on any scientific 
software, framework operators may find that mixed OS family deployments may be very complicated 
to setup and operate. We recommend that these should be avoided at all costs, and if mixed OS family 
setups cannot be avoided, we surmise that it may be technically easiest to containerize (Bentaleb et al., 
2022) the framework server and clients to the same operating system across available hardware. 

We consider the framework that we present here a rough proof of concept that needs to improve in 
terms of usability, stability and security. In terms of usability, the framework currently offers only bare 
basic troubleshooting features, collecting execution and error logs in the formats produced natively by 
the software executed by the user. There are plenty of inspirational methodologies in existence that can 
be easily adopted (Kandan et al., 2020) to find and understand errors. Additionally, by only collecting 
software logs but not observing the state of the ecosystem in conjunction, faults caused by the operating 
system may be presently very hard to identify. 

In terms of stability, there is a significant risk of running a framework and launching tasks directly on 
a target operating system. During the execution of a workload, launched programs may allocate more 
than their fair share of available resources (such as available processors, runtime memory and disk 
space). In the worst case, badly behaving programs can crash an operating system. For those with the 
means and know-how, it would make sense to execute framework clients on virtual machines or 
containers. These technologies primarily shield the underlying operating system from badly behaving 
software. Containers increasingly replace virtual machines due to their ability to control resource 
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allocation (Herbein et al., 2016) and to load-balance the use of system resources (e.g., Hota et al., 2019). 
Such features ensure smoothly flowing executions of hosted software. The framework - or the very 
concept of the framework - can be easily adapted to execute workloads across more stable 
environments. 

In terms of security, the idea of remote execution of software is generally not encouraged in the world 
of computing. For this, framework activity must be shielded via secure user authentication and industry 
standard encryption of all data transferred (e.g., Papadogiannaki & Ioannidis, 2021). 

Case study application 

Aside from demonstrating the utility of the framework, the case study also aimed to investigate whether 
uncertainty within Earth System Models, in the form of retrospective predictions, has the potential to 
significantly affect the output of a Marine Ecosystem Model as a step towards improving the 
predictability of MEMs. The brief conclusion is: that depends. 

For the functional groups and areas that were explored here, the impact of fishing overwhelmed the 
impact of ESM uncertainty on EcoOcean results; the natural variability represented in retrospective 
predictions played a lesser role in affecting EcoOcean outcomes than historical fisheries. For this case 
study, we did not re-validate EcoOcean’ s ability to replicate reconstructed catches when driven by 
ESMs EC-Earth3-CC and NorCPM1. A comprehensive re-validation will be the subject of the 
oncoming ISIMIP3a simulations (Blanchard et al., 2023). Follow-up work could even consider 
uncertainty in reconstructed fishing effort. However, these coarse results underscore that effectively 
managed oceans should prioritise sustainable fisheries practices (e.g., Maury et al., 2017). 

The use of time series to reduce data volumes analysed was computationally and storage-wise efficient, 
but this simplification risks losing important variability in heterogeneous and large areas. As our results 
showed, aggregating across the entire southern Atlantic obscured trends that became clear when 
assessing the western and eastern parts of the basin in separation. Future work should explore how to 
meaningfully measure the sensitivity and performance of a MEM with regards to selecting meaningful 
regions that are small enough to capture relevant dynamics, and large enough to facilitate speedy 
analysis. Regional analysis can focus on areas with ecological, geophysical or environmental similarity 
(e.g., marine ecoregions; Spalding et al., 2007) or other classes of ecoregions (see Rubbens et al. 2023 
and references therein). Time periods for comparison should be carefully selected around known events 
and regime shifts, and possibly even known effects of seasonality (e.g., Lloret-Lloret et al., 2022) and 
time-delayed teleconnections (e.g., Gómara et al., 2021; Lehodey et al., 2020). We performed a limited 
time series analysis using only five simple statistics, but there are plenty of other MEM-specific skill 
metrics suggested in the literature (e.g., Bennett et al., 2013; Hipsey et al., 2020; Kempf et al., 2023; 
Stow et al., 2009) that could be put to the test. Additionally, advanced vectorization (Quislant et al., 
2022) seems to offer significant potential for analysing spatiotemporal MEM output to overcome the 
limitations of using predefined - and possibly poorly chosen - regions. 

As Coll et al. (2020) already identified, driving MEM dynamics with alternative EMSs can come with 
huge uncertainty, too. The two ESMs included here differed significantly in their approach to 
representing past environmental conditions. EC-Earth3-CC historical environmental conditions were 
available from 1980 onwards, starting 30 years later than the NorCPM1 historical data. EcoOcean is 
calibrated for 1950; and to amend the gap in driver data for EC-Earth3-CC, we applied 1980 driver data 
for the 1950-1980 period, thus ensuring that EcoOcean had a much more stable spin-up period than 
when driven by NorCPM1 data. On the other hand, NorCPM1 offered only one phytoplankton group 
whereas EC-Earth3-CC offered two; different resolutions in the phytoplankton data also meant that both 
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ESMs differently affected food availability to the global food web. For the three sub-ocean basins and 
six functional groups explored here, EcoOcean showed similar trends under fished and hypothetically 
non-fished oceans when driven by either ESM, but the trends greatly differed in magnitude depending 
which ESM was used to drive the environmental conditions for the MEM.  

In order to better understand why EcoOcean behaves the way it does, and to quantify if ESM uncertainty 
has the potential to improve the predictability of EcoOcean, a systematic exploration of attribution is 
needed to quantify which MEM components are sensitive to which aspects of ESM uncertainty. This 
could be explored by running different ESM/MEM experiments where ESM internal variability is 
systematically applied to isolated drivers whilst measuring the impact on MEM output (e.g., Heneghan 
et al., 2021), and whilst properly validating MEM output against available observations (such as 
regional trends of species biomasses, regional catch statistics, and global reconstructed fisheries 
catches). This would also require quantifying the relative importance of other types of uncertainty 
related to, for instance, trophic structure of the food web and deployed ecological hypotheses (e.g., Coll 
et al., 2020). 

Future challenges 

Up to now, understanding and improving the behaviour of MEMs has been largely a manual process of 
tweaking model settings guided by intuition and analysing model output (Pethybridge et al., 2019). The 
framework that we developed here will be the starting point for exploring the effectiveness of proposed 
skill metrics (Olsen et al., 2016; Payne et al., 2016), validation frameworks (Hipsey et al., 2020) and 
evaluation protocols (Planque et al., 2022); for assessing various types of uncertainty; and on the long-
term, MEM calibration capabilities. 

In terms of validation, complex spatial-temporal models are mostly validated by correlating model 
output with observations (Pethybridge et al., 2019; Spence et al., 2021). However, to ensure that a MEM 
produces results for the correct reasons, validation should also consider the internal state of a MEM 
while it executes (e.g., Hipsey et al., 2020; Steenbeek et al., 2021). Indicators of ecosystem dynamics 
(e.g., Network analysis; Ulanowicz, 2004) and measures of ecological expectations (PREBAL; Link, 
2010) can be complemented with assessments of internal state variables related to species displacement, 
predator/prey overlap, changing environmental conditions and the presence of anthropogenic pressures 
can capture whether a MEM produces output for the correct reasons, and can provide modellers with 
valuable insight in the behaviour of their MEMs.  

In terms of systematic uncertainty assessments, the multi-run framework provides a foundation for 
systematically combining parametric uncertainty assessments (e.g., Steenbeek et al., 2018; Vilas et al., 
2023) with other forms of uncertainty related to model structure (e.g., Coll et al., 2020; Heneghan et 
al., 2021), Initialization and Internal variability uncertainty (this case study) and scenario uncertainty 
(e.g., de Mutsert et al., 2021; Lotze et al., 2019; Schewe et al., 2019; Tittensor et al., 2021). 

Combining uncertainty assessments with validation strategies that also consider state variables, 
modellers can systematically disentangle a model's strengths and weaknesses in search of better model 
calibrations. Here lies the next big challenge for the global modelling community: to work towards 
(semi-)automated calibration of spatial-temporal MEMs (e.g., Vilas et al., 2023). By now allowing any 
modelling group to mass-execute their models systematically across available hardware, the framework 
can serve as a scaffolding for orchestrating the great number of runs required, which will involve some 
form of looped and MEM-specific sensitivity testing, parameter estimation and validation scheme. 
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Here may lie an opportunity for Machine Learning approaches that are increasingly applied to marine 
ecology (Rubbens et al., 2023). While properly designed statistical approaches can distinguish 
acceptable from unacceptable ecosystem trends for specific marine ecosystem models, ML approaches 
can perhaps expand this understanding to infer full food web dynamics from changing environmental 
conditions, species distributions and fisheries. Following promising work by Trifonova et al. (2017) 
and Uusitalo et al. (2018), we hope that ML approaches can, one day, assist in the search for more 
representative parameterizations of complex and mechanistic ecosystem models. A framework such as 
ours will be essential to mass-execute and perturb MEMs to generate the training datasets needed, and 
may be able to act as a foundation for ML-assisted MEM calibration. 

Our multi-run framework is no silver bullet. With the expansion of computational capabilities also 
comes the responsibility of using these capabilities wisely. The paradigm “garbage in, garbage out” (A. 
J. Smith, 1994) is more relevant than ever when scaling up complex model simulations. It is equally 
useful to utilise the computational capabilities of distributed run frameworks wisely. To avoid wasteful 
brute-force approaches, one could turn to the use of short press perturbations to identify the most 
sensitive parameters (Pantus, 2007) and hence dramatically reduce the number of simulations that are 
really necessary to attain better insights in the workings of complex and mechanistic marine ecosystem 
models.  

Wrapping up 

Remote execution frameworks are nothing new, and industry standards greatly surpass the framework 
described here in all aspects. Our framework shares a number of key principles with Slurm (Yoo et al., 
2003), a much more robust and mature, but also much more complicated and technically demanding 
framework to install and operate. Our framework achieves distributed computing capabilities with the 
simplest of software components, scaling up desktop workflows, across mundane hardware, without 
the need for IT skills or programming. That, in itself, is a breakthrough achievement that we hope the 
global modelling community will build on to make ecosystem modelling operational, for anyone. 

The most significant benefit of the framework that we have built here is a full separation of technique 
(e.g., the technical challenges of repeatedly executing a MEM) from application (e.g., the purpose that 
the MEM is repeatedly executed for). This allows modellers to just focus on formulating large-scale 
scientific workloads that the framework then distributes across any available hardware. However, the 
most significant value of the framework prototype presented here are the ideas within. The simple 
client/server architecture can be deployed across any hardware configuration: across desktops, virtual 
machines, docker containers, web servers, and High-Performance Clusters. Any new deployment may 
require adapting or entirely rewriting framework components to fully utilise hardware capabilities, and 
to cater to related security and technical constraints. Tech-savvy users may opt to rewrite the multi-run 
framework in an existing workflow environment. We set out to breach the stigma that MEMs cannot 
be easily executed systematically; it is now up to the global modelling community to take our ideas 
further to make the process of ecosystem modelling operational.  

The framework presented here is a mere first but important step towards making the process of marine 
ecosystem modelling more operational. By applying the framework to a global available MEM, we 
illustrate how it can be useful and how it can be applied to improve our understanding of uncertainty 
components of complex modelling frameworks, thus opening the door for scientific management 
breakthroughs. 
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Sections 2.1 to 2.4 present the methods, results and discussions related to the main aim of this 
dissertation: to obtain a better understanding of the limitations that prevent the uptake of MEMs in 
management and policy towards the aims of the Ocean Decade, and to offer technical solutions to 
address these limitations to facilitate a wider MEM uptake. This main aim was addressed through the 
three research objectives, which approached the use of MEMs in terms of different forms, meaningful 
communication to non-scientific audiences, and systematic assessments. In section 2.1 it was 
demonstrated that serious gaming technology can be used to integrate a scientific spatiotemporal MEM 
into a DST, providing ecological feedback to hypothetical spatial plans as a meaningful additional 
planning consideration. Section 2.2 showed how 3D gaming technology can be used to immerse 
stakeholders a virtual underwater world that is driven by an interconnected MEM. Section 2.3 was a 
review of the state of the art related to the systematic assessments of MEMs, we identified the major 
challenges that prohibit the systematic assessment of MEMs, and we proposed what a simple and easy 
to use MEM systematic assessment framework should adhere to in order to be useful given the 
constraints that exist in academia. Section 2.4 built upon these findings and led to the development and 
testing of a prototype MEM systematic assessment framework to mass-execute a global MEM and 
explore the results. 

Here, the main results are summarized. 

Section 2.1 Combining ecosystem modelling with serious gaming in support of transboundary 
maritime spatial planning 

This section interconnected Ecospace, the spatiotemporal module of the EwE approach, into the 
Maritime Spatial Planning Challenge DST. We adapted two peer-reviewed and calibrated MEMs to the 
MSP Challenge sessions for the North Sea and the Firth of Clyde. We reduced the number of spatial 
cells and simplified the structure of these models to ensure fast MEM execution times during coffee-
break length simulation runs as outlined in Steenbeek (2018a). We tested how the ecological model 
responded to “status quo” and to subsequent disturbances resulting from the fictional implementation 
of maritime spatial plans. We developed a plug-in for EwE to allow modellers to parameterize the 
connection between EwE and the MSP Challenge, and we formulated a protocol for adopting EwE 
models for MSP Challenge gameplay, which encourages limiting the spatial resolution, the number of 
functional groups and the number of fleets within the model to ensure fast gameplay, and how to 
parameterize the connection between EwE and the MSP Challenge. The case study models were 
adjusted accordingly.  

For demonstration purposes, the coding to interconnect the two approaches was kept conceptually as 
simple as possible with future extensibility in mind (Steenbeek, 2018b, 2015). The MSP Challenge 
software was implemented in Unity, which uses Microsoft .NET as its code foundation, just as EwE 
does (Santos et al., 2020; Steenbeek, 2018b). The EwE modelling engine was embedded in the MSP 
Challenge software via a tool called MEL (MSP Challenge – EwE link), which orchestrated Ecospace 
time stepping and data exchange between the MSP Challenge and the ecological model (Steenbeek et 
al., 2020). Both MEL and EwE operated on the same monthly time steps. MEL translated spatial plans 
into the five discussed pressures, and passed these pressures to EwE (Santos et al., 2020). When 
requested by MEL, EwE executed an Ecospace simulation time step, integrating the pressures into the 
Ecospace HCFM, and then sending Ecospace aggregated outputs back to MEL as designed by the user 
(Santos et al., 2020; Steenbeek et al., 2020). The MSP Challenge – MEL – EwE information flow is 
shown in Figure 9. 
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Figure 9 – Conceptual information flow between the MSP Challenge, MEL and EwE. (Goncalves et al. 2021) 

During the MSP Challenge simulation phase the implementation of spatial plans were translated into 
five different spatial distributions of “artificial substrate”, “bottom disturbance”, [low-frequency] 
“noise”, “surface disturbance” and “fishing restricted areas”. Via a simple action-pressure matrix, the 
spatial location and intensity of these disturbances was calculated, and the compound pressures were 
sent to Ecospace where they influenced functional group niches in the Ecospace HFCM (section 1.8.3). 
A non-spatial pressure “fishing intensity” was added to allow players to control the level of fishing 
activity per fleet. 

We assessed the ecological impacts of the MSP start-up pressures – the pressures generated by spatial 
plans present in the area at the start-up of an MSP session – in 10-year Ecospace simulations. We tested 
the effects of individual pressures and of different combinations of pressures. 

For both food webs, sensitive functional groups generally avoided noise and disturbances as expected, 
fishing fleets avoided areas where fishing was explicitly or implicitly prohibited, and benefitting species 
were drawn to artificial substrate or areas with reduced predation risk. This was especially clear in the 
southern North Sea, where wind parks create de facto non-fishing zones. We observed predators moving 
in response to biomass build-up of preferred prey, which can counter the positive effects of explicit 
fishing measures - a typical example of a non-linear food web effects. Similarly, the non-linear food 
web mediated effects cascaded much more profoundly through the food web under multiple pressures 
than under single pressures, highlighting the importance of considering food web dynamics in 
cumulative impact assessments and spatial planning. 

Section 2.2 Using Gaming Technology to Explore and Visualize Management Impacts on Marine 
Ecosystems 

The OceanViz approach was designed as a complementary tool for information discovery to support 
fisheries-based decision-making, where under the guidance of a moderator, the ecological impacts of 
different fisheries scenarios can be explored and intercompared through the implicit interaction with 
Ecosim, the temporal module of the EwE software. 

OceanViz featured a user interface divided in four sections: “introduction” with relevant background 
information to an OceanViz session, “input” with editable and fixed parameters that reflect the 
management options and ecosystem parameters for each fishing scenario, “results” with information on 
how the ecosystem has changed under explored scenarios, and a section “indicators” where pre-agreed 
indicators are displayed via traffic light plots that convey whether an indicator stays within pre-agreed 
limits over time.  
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Key to OceanViz was a hierarchical display of data to reduce information overload. At overview 
screens, each input, result and indicator were summarized into a single visual element to understand the 
magnitude of change, with the option to drill deeper for details when needed. 

OceanViz also featured a 3D visualization of the underwater world, where animal and plant densities 
and sizes, as well as the colour and density of volumetric fog reflecting eutrophication, were controlled 
from the output of the MEM underlying OceanViz. The 3D visualizations placed elements in a virtual 
habitat where they should occur, and the OceanViz concentrated relative abundances of species within 
the camera’s field of view. 

Earlier attempts to use a single, continuous animation for showing how the ecosystem changed over 
time identified a limitation, as viewers mentally lost track of starting conditions as the movie progressed. 
This finding was addressed by dividing the screen in three time slices for the start-, mid- and endpoint 
of a MEM simulation, where each panel showed species numbers and densities, and eutrophication, for 
those simulations time slices. This three-panel setup allowed for empathic visual comparisons of 
fisheries management decision impacts. 

Section 2.3 Making spatial-temporal marine ecosystem modelling better – a perspective 

We compiled an overview of skill assessments proposed in the literature, and highlighted that traditional 
skill metrics are less suitable to explain ecological behaviour, for which system-wide metrics that assess 
emergent ecosystem properties are more suitable. Whereas skill metrics are extensively used in 
temporal marine ecosystem modelling, their use is almost absent for spatiotemporal marine ecosystem 
modelling.  

We assessed how the various forms of uncertainty – structural, initialization and internal variability, 
parametric, and scenario uncertainty – are defined and addressed in MEM studies. We highlight the 
advantages and disadvantages of ensemble modelling versus statistical meta-modelling. We identified 
that the scientific literature has predominantly focused on piecemeal assessments of parametric 
uncertainty. We identified that MEM validation needs to advance beyond measuring the ability to 
reproduce observed trends; validation also needs to ensure that MEMs do so for the correct ecological 
reasons. We inventoried metrics that quantify basic ecological behaviours and their uptake in the 
literature. We highlighted the potential usefulness of multi-level or hierarchical skill assessments. We 
urge the MEM community to facilitate independent validation of internal state variables. Last, we 
reviewed approaches to automated model calibration in the literature, which were abundant for simple 
and non-spatial models, but were absent for spatiotemporal models where calibration was largely a 
manual endeavour guided by intuition and expert opinion. We highlighted that parameter fitting is most 
suitable for abstract parameters, and the use of adaptive screening and press perturbations are useful for 
identifying the most sensitive parameters as fitting targets. 

We reviewed the challenges to performing systematic assessments, where MEMs were being 
outperformed by ESMs. A first challenge was model architecture, with MEMs rarely developed 
according to official software design practices. Most MEMs did not disclose their software design 
architecture and did not share their source code, thus not providing insights in their true capabilities. 
The limitations of the academic funding model were identified as a further hurdle to revisit earlier 
design decisions. The last main challenge relates to the computational complexity of MEMs, which has 
several aspects. 

The mathematical structure of a MEM requires interconnecting a wide range of mathematical processes 
and iterating over time. This limits the degree to which the execution of a MEM could be optimized. 
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An executing MEMs required access to, and produces, large volumes of spatiotemporally explicit data 
that needs storing, and could reduce the performance of a MEM. Because of their footprint, long 
runtimes and substantial computational needs, High Performance Computing (HPC) infrastructures, 
volunteer computing networks and public computing infrastructures were either not suitable or too 
costly for systematically executing MEMs. 

We recommended that the global MEM community work towards building a distributed MEM 
execution framework assembled from computers able to run a MEM in its original form, and where 
desktop workflows would be transparently scaled up with minimal reliance on additional funding, IT 
expertise, and HPC access. We outlined a number of specific characteristics to ensure that this 
framework would be agnostic to any MEM or the scientific exercise performed, and could operate 
across operating systems and computers. The framework would also have to be scalable and modular 
towards unforeseen needs, and would have to be constructed as an open-source, low-tech and low-cost 
community effort to ensure broad support and uptake. 

We finished with explaining how such a framework could be used for hypothetical calibration, 
validation and uncertainty assessment exercises. 

Section 2.4 Making Ecosystem Modelling Operational – a novel distributed execution framework 
to systematically explore ecological responses to divergent climate trajectories 

We built a prototype of the framework outlined in section 2.3, and assessed its performance. We used 
it to deploy EcoOcean executions across a network of desktop and laptop computers of varying 
specifications. EcoOcean was executed for fished and non-fished scenarios, for ESMs EC-Earth3 and 
NorCPM1, for a baseline run and annually starting ESM retrospective predictions from 1980 to 2013. 
Each EcoOcean execution involved running a simulation for a ten-year spin-up, followed by historical 
period from 1950 onward to the start year of the next set of ESM retrospective predictions. This resulted 
in a workload of 384 executions, for an estimated 1600 CPU hours, that the framework executed in 
under 30 hours. Despite the framework relying on freely available software for its communication 
backbone (e.g., Dropbox and Sync), the EcoOcean executions were dispatched without issues. 

To reduce the 5TB of EcoOcean output data in size, model output was immediately condensed in 
regional time series for the 11 hydrological basins of the world, and the 19 major fishing areas for 
statistical purposes as defined by the Food and Agricultural Organization of the United Nations. To 
quantify the impact of the retrospective predictions, we analysed time series for the North, Central and 
Southern Atlantic Ocean via five simple statistical measures: Root Mean Squared Error (RMSE), Mean 
Absolute Error (MAE), Symmetric Mean Absolute Percentage Error (SMAPE), Pearson’s Correlation 
Coefficient, and Directional Symmetry (DS). The impact of retrospective predictions caused EcoOcean 
results to drift away from the baseline runs for EC-Earth3-climate change, for both fished and non-
fished oceans, while the impact of NorCPM1 centred around the baseline runs. Fishing impacts had 
severe consequences for large pelagic fish, regardless of ESM used. 

Statistical analysis of the time series revealed that EcoOcean was less affected by internal variability in 
EC-Earth3-climate change than NorCPM1, but that the produced trends were more stable for NorCPM1 
than EC-Earth3-climate change. Fishing had a more profound impact than internal ESM variability. 
Last, observations and predictions for NorCPM1 were more directionally aligned than for EC-Earth3-
climate change. With the statistical measures and regions selected, there was no clear correlation to be 
found between changes in ESM drivers and changes in the MEM output for different functional groups. 
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Sections 2.1 to 2.4 present the methods, results and discussions related to the main aim of this 
dissertation: to obtain a better understanding of the limitations that prevent the uptake of MEMs in 
management and policy towards the aims of the Ocean Decade, and to offer technical solutions to 
address these limitations to facilitate a wider MEM uptake. This main aim was addressed through the 
three research objectives, which approached the use of MEMs in terms of different forms, meaningful 
communication to non-scientific audiences, and systematic assessments. Here, the main discussions 
are summarized. 

4.1 Using MEMs in different forms 

While there is a clearly articulated need for planning tools in support of EBM to include climate change 
and ecology (Heymans et al., 2020; Whitney et al., 2023; Wright et al., 2020), the integration of 
modelling approaches that facilitate an exploration of the possible consequences of planning activities 
are rare (Depellegrin et al., 2021; Gissi et al., 2019; Karp et al., 2023; Rilov et al., 2019). Besides their 
utility to inform EBM approaches, ecological models have a potential to inform society through 
education and outreach, and especially by integration into Digital Twins of the Oceans-like systems 
(Tzachor et al., 2023) where simulation tools and (near) real-time real-world data are combined to 
monitor and alert those in charge of managing the real world (Link et al., 2023). Deploying MEMs 
outside of academic environments will require rethinking how these models are interacted with and how 
their output is conveyed: besides their academic purposes, MEMs need to become mainstay tools that 
offer timely ecological feedback to a range of real-world issues.  

The work presented here demonstrates two different ways to operationalize a MEM to aid decision 
processes: by incorporating a MEM into an existing DST (section 2.1) and by building a DST upon an 
existing MEM (section 2.2). 

 EwE in the MSP Challenge 

In the first approach (section 2.1), Ecospace (de Mutsert et al., 2024; Walters et al., 1999), the 
spatiotemporal module of the EwE approach, was brought into a pre-existing DST, the MSP Challenge 
simulation platform (Abspoel et al., 2021; Steenbeek et al., 2020). The aim of this integration was to 
enhance the MSP Challenge simulation platform with a scientific MEM to provide players with the 
ecological consequences of anthropogenic actions. Two peer-reviewed ecological models were adapted 
for MSP Challenge game play, which required simplifying these models to ensure short simulation run 
times during MSP planning sessions whilst maintaining robust and resilient food webs. 

Two contrasting case studies were used to demonstrate that pre-existing models with different 
characteristics and objectives can be integrated into the MSP Challenge platform. The two adapted 
MEMs behaved inevitably different from their original counterparts due to the inclusion of 
anthropogenic pressures that were not included in their original models. Additionally, the size of the 
spatial “box” was identified as the main factor that drove the Firth of Clyde ecosystem model – with 
less room for species to relocate – to exhibit stronger responses to anthropogenic pressures than the 
North Sea – where animals have more space to avoid anthropogenic pressures. This is an inevitable 
consequence of the choice of the spatial domain used to represent the (modelled) ecosystem (de Mutsert 
et al., 2024; Fulton et al., 2004). 

There was little empirical data for calibrating and validating the response of individual species to 
anthropogenic stressors in both case study areas, and especially the assessment of entire ecosystems to 
cumulative pressures was still an understudied topic (Stock et al., 2023). We validated the pressure-
response system with expert opinion on a per-species, per pressure basis, which formed the theoretical 
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foundation for the mechanistic computations within the Ecospace HCFM. We acknowledge that lack 
of rigorous validation introduced significant speculation into the ecological model, but there were 
simply no alternatives available to quantify how hypothetical planned activities and their cumulative 
effects may impact the ecosystem (Coll et al., 2019). It must also be noted that in 2020 the MSP 
Challenge simulation platform was purposed as an educational tool, focused on conveying the impacts 
of planning decisions to players. In order to retain direct action-response feedback, real-world dynamics 
such as currents, climate, and climate change were deliberately not included in the 2020 version of the 
MSP Challenge simulation platform. Including environmental characteristics is certainly planned for 
future editions of the MSP Challenge (Pereira Santos et al., 2020). 

Both the MSP Challenge and EwE were designed as data-driven approaches, which provisions the 
future refinement of the simple pressure system. In addition, the MSP Challenge is MEM-agnostic, 
allowing potentially any MEM to provide ecological feedback to MSP Challenge gameplay (Santos et 
al., 2020), just as the software design considerations in EwE allow for connectivity to any Decision 
Support Tool (Steenbeek et al., 2016).  

Despite the simplicity of the ecological model integration, the combined MSP Challenge-EwE software 
provided ability to understand how multi-species ecosystems may respond to human activities at sea 
encouraged players to pay attention to the ecosystem rather than treating it as an afterthought (Abspoel 
et al., 2021; Fairgrieve, 2017; Jean et al., 2018). This was despite the artificial constraints posed by a 
limited number of functional groups and fleets included, and the use of simple linear response curves 
to respond to only five broad categories of pressures across an artificially boxed-in ecosystem. To the 
best of our knowledge, this is a world’s first integration of a spatiotemporal explicit MEM into a DST, 
where scientists are not involved in the execution and interpretation of their ecological model. 

 EwE in OceanViz  

In the second approach (section 2.2), we experimented with building a DST, OceanViz (Steenbeek et 
al., 2021), around Ecosim, the temporal module of the EwE approach (Ahrens et al., 2012; Christensen 
and Walters, 2004). OceanViz was primarily built around the core concept to collaboratively 
parameterize fishing options into a multispecies marine ecosystem model, run policy impact 
simulations, and discuss outcomes under the guidance of a marine scientist, whilst re-packaging model 
inputs and outputs in forms relevant to fisheries management decision making. Similar to ScenarioLab 
(Fulton et al., 2015), OceanViz then facilitated a visual inter-comparison of up to three management 
scenarios. 

OceanViz relied on the use of parameterized and validated multispecies Ecosim models tailored to 
address specific fishing policy options. The hierarchical breakdown of complex information described 
in section 2.2 was based on the widely accepted use of ecological and socio-economic indicators to 
communicate with scientific and non-scientific audiences (Coll and Steenbeek, 2017; Degnbol, 2005; 
Shin et al., 2012). The use of 3D animations was an attempt to bring emotional responses to MEM 
output (Wang et al., 2019) in complement to the hierarchical display of tailored scientific output. In line 
with the modular design of EwE (Steenbeek et al., 2016), OceanViz was made equally extensible to 
include further Ecosim model parameters and EwE modules into the decision process, and to be able to 
append the list of model outputs presented by OceanViz. Last, the OceanViz DST featured a central 
control panel to decide which model inputs and outputs were to be made visible for specific sessions in 
an effort to limit information overload (Georgescu et al., 2019).  

Despite containing a flexible feature set adhering to broadly accepted principles in stakeholder 
communication (Karp et al., 2023), and although stakeholders and target audiences were included in 
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the design, testing and evaluation of OceanViz, the approach has not been used for actual applications. 
We surmised that three main reasons compounded to the lack of uptake: 

1\: Fisheries policy questions are highly dependent on relevant legislation and management practices, 
social dynamics and issues, the structure of the exploited ecosystem and the impacting stressors 
(Garcia and Cochrane, 2005). Adequately describing the ecosystem and its pressures, fisheries 
dynamics and socio-economics in a MEM such as EwE requires effort and data that may be 
prohibitive (e.g., Fulton et al., 2015). Unlike for the MSP Challenge, where a single session with 
an embedded EwE model can be used indefinitely for game sessions, the return on investment for 
case-specific MEMs is low (Wall et al., 2017); 

2\: Fisheries managers of opposing political dispositions may not be inclined to discuss their political 
agendas in collaborative settings (e.g., Ison et al., 2021); 

3\: As elaborated by Karp et al. (2023), lack of familiarity with multispecies models contribute to the 
inhibition of their use in fisheries management, where single stock assessments are the 
predominant standard. 

 Comparing the MSP Challenge and OceanViz (part 1) 

Although both DSTs discussed included interactivity with a MEM, their differences in form and 
function hold some conclusions and recommendations lessons for future MEM-driven DSTs: 

Engagement 

The MSP Challenge included a MEM in the broad context of the spatial planning process, where 
fisheries management was just another planning tool among many, and the dynamic interplay between 
planning activities affected energy, shipping and ecology as further planning considerations. The focus 
was squarely placed on the exploration of the planning process, where the interaction with the EwE 
model and subsequent ecological feedback and trophic cascades occurred implicitly through planning 
actions (Goncalves et al., 2021; Santos et al., 2020). The threshold to interact with the scientific model 
was thus low, as knowledge about of the workings and the operation of the MEM were optional. 

On the other hand, the focus of OceanViz was squarely placed on the operation of the temporal MEM 
Ecosim. Although only a small set of set of Ecosim input and output parameters were presented to 
participants in a tailored form, the threshold to interact with DSTs like OceanViz is high, as knowledge 
about substantial portions of the workings of the MEM is mandatory. 

Perceived purpose 

Complex DSTs such as the MSP Challenge are rife with uncertainty. They are built upon large volumes 
of data of various forms about bio-natural and geophysical systems, and a range of marine sectors. As 
these data are often distributed over disparate sectors and disciplines, obtaining and homogenizing these 
data can be a significant source of uncertainty (Goncalves et al., 2021; Santos et al., 2020). Further 
uncertainty derives from the still limited understanding of how social and economic systems interact 
with each other and the marine environment (Levin et al., 2013). As a consequence, the simulation 
engines in the MSP Challenge, including the food web as discussed prior, can only provide generalized 
and indicative predictions of how energy, shipping and ecology may both shape an ecosystem and 
respond to anthropogenic activities. The MSP Challenge is therefore a planning-oriented exploration 
and learning tool (Abspoel et al., 2021) that provides insights into the long-term consequences of 
planning decisions under broad and simplified assumptions.  
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DSTs like OceanViz, on the other hand, operate within a limited parameter space tailored to address a 
well-defined and specific set of management objectives. The models within are equally subject to 
uncertainty, mostly related to ecological understanding and the impacts of fishing. Unless this 
uncertainty is communicated properly, their apparent simplicity risks such DSTs being perceived as 
predictive solution-finding tools that can independently define optimal policy goals (Workman et al., 
2020). We tried to counter this perception by focusing on the formation and inter-comparison of 
alternative scenarios in OceanViz, but future instalments of the DST must better communicate various 
sources of uncertainty through features offered by the EwE software (Papantoniou et al., 2023; 
Steenbeek et al., 2018; Susini and Todd, 2021).  

 Technical merit 

The integration of EwE into these two DSTs was made possible by a number of explicit software-
technical design choices for the EwE approach (see introduction, section 1.8.4): 

1\: Having access to the EwE source code meant that the EwE modelling approach could be 
integrated into the MSP Challenge, and that Ecospace time stepping and information exchange 
could be controlled by MEL (Santos et al., 2020); 

2\: Modularity through the plug-in system and access to the EwE source code API meant that the 
OceanViz server plug-in could be developed to control the execution of EwE in the OceanViz 
and to orchestrate Ecosim information exchange (Steenbeek et al., 2021). In the case of the 
MSP Challenge, modularity through the plug-in system and access to the EwE source code API 
allowed for the development of the MSP Tools plug-in, through which the connection to the 
MSP Challenge could be parameterized and that the ecological impacts of hypothetical 
pressures could be tested in the EwE desktop software (Steenbeek, 2018a; Steenbeek et al., 
2020); 

3\: Interoperability facilities within the .NET framework allowed for the development of the client-
server modules that interconnected OceanViz client computers with the OceanViz server 
(Steenbeek et al., 2021). Similarly, cross-language interoperability of .NET also allowed us to 
interconnect the Python-based Blender game engine, onto which the 3D visualizations were 
built, with the OceanViz client-side VB.NET and C# code (Steenbeek et al., 2021); 

4\: The modular design of the HFCM allowed for the delivery of MSP Challenge-derived pressures 
into the running Ecospace model (Steenbeek et al., 2020). 

The ability to deploy MEMs in different forms was thus fundamentally underpinned by a number of 
deliberate decisions related to software design and the choice of programming platform. Without this 
sound and explicitly designed technical foundation, the integration and deployment of the marine 
ecosystem sciences would most likely not have been feasible.  

These two case studies serve as first prototypes to demonstrate how MEMs can be used for the aims of 
the Ocean Decade, and that with conceptually simple programming and scientific interlinkages MEMs 
can be made operational in stakeholder-driven, and not necessarily scientific, environments. The ideas 
and principles used in the two prototypes are intended to open pathways for the use of MEMs in Digital 
Twins for the Oceans, other decision support tools, and possibly even educational and informational 
settings. It is, however, fundamental that marine scientists embrace the notion that the software 
engineering used to build MEMs requires dedicated attention, for it defines the limits to what degree 
the marine sciences built on top can be used and shared. 
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4.2 Meaningfully communicating MEM output to non-scientific audiences  

For MEMs to effectively contribute to policy dialogues, their operation and output must be translated 
to a more processed form (Georgescu et al., 2019; Walling and Vaneeckhaute, 2020). This section 
illustrated how we have been trying to walk the fine line between comprehensive data visualization 
suitable for the purpose of a DST whilst showing as little information as absolutely necessary as to 
avoid overload and disengagement. 

In the two DSTs presented in this dissertation we experimented with the visualization of data, borrowing 
from experiences with serious gaming, where the primary focus is on exposing participants to 
knowledge through engaging but challenging exploration (Abspoel et al., 2021; Ritterfeld et al., 2009). 
As both DSTs serve different purposes, we explored different immersive engagement strategies whilst 
reducing information overload. 

 MEM output visualization in the MSP Challenge 

Section 2.1 discussed the integration of the EwE MEM into the MSP Challenge simulation platform. 
The MSP Challenge user interface was carefully designed and iteratively overhauled to optimize appeal, 
usability and engagement (Lhuissier et al., 2023). The discussion of the design, usability and user 
perception of the MSP Challenge simulation platform is the scope of a parallel dissertation (Keijser, in 
prep), but for the sake of MEM usage it is imperative to briefly touch upon how the MSP Challenge 
visualized MEM output. 

During the MSP Challenge simulation phase, aggregated, spatially explicit Ecospace predictions related 
to biomass, catches, fishing effort and biodiversity indicators were sent back to the MSP Challenge to 
communicate the changing state of the ecosystem. In line with earlier research (Barab et al., 2010), 
Keijser et al. (2018) observed that overfamiliarity with the geography or real-world issues in a planning 
area could distract from gameplay.  

As described in section 2.1, MEM outcomes are reflected in the MSP software on a fixed colour gradient 
that represents one order of magnitude deviation from Ecopath baseline values. This relatively simple 
display system facilitates game participants to perceive drastic (local) changes in ecosystem functioning 
on a uniform scale across all outcomes to communicate relative change. By not providing absolute 
values for ecological estimates, discussions that could distract from game play were avoided. 

 MEM output visualization in OceanViz 

The OceanViz DST presented section 2.2 incorporated the Ecosim marine ecosystem model to 
contribute to fisheries management decision making discussions through interactive exploration of the 
ecological and socio-economic consequences of alternate fishing scenarios. The design philosophy of 
OceanViz was to present users with simplified but visually engaging and immersive Ecosim input and 
output values relevant to address policy questions, complemented with a heuristic view of the 
ecosystem.  

Model parameter display 

The choice to use Ecosim as the underlying system link to fisheries management was justified because 
the Ecosim parameter sets and procedural flow largely adheres to traditional single-stock assessments 
methods (Christensen and Walters, 2004). This would allow audiences to gain familiarity with 
modelling steps, the parameters and parameter values used, and a substantial portion of ecological and 
socio-economic output produced by the model. However, Ecosim is a multi-species model that 
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advances beyond the century-old paradigms of single-species stock assessments, which introduced 
additional complexities that not all stakeholders may be familiar with - or interested in (Fulton, 2021; 
Karp et al., 2023). 

To reduce stakeholder bias, OceanViz was underpinned by the notion that every session should be 
defined, formulated and tested in close collaboration with stakeholders – in this case fisheries managers 
- to achieve scientific and methodological buy-in. During an OceanViz session, with users in accordance 
with the types of information shown, OceanViz then attempted to minimize the cognitive load by 
showing each variable – input and output alike – as a single value per discussed scenario, relative to the 
parameter value representing the starting year for the DST discussion: an agreed-to “status quo”. These 
single value indicators, called performance indicators, could then be clicked on for exploration of 
relevant details such as the magnitude of change over time of a given variable for a single or all 
alternative policies.  

We decided to hide data complexity through hierarchical nested windows in order to create intuitive 
and uncluttered main user interfaces. This made the OceanViz navigation much more cumbersome. By 
placing inputs and outputs on different screens, and input and output details yet more clicks away, the 
mental process of trying to correlate scenario inputs with possible consequences across complex and 
interconnected multi-species food webs became clumsy, frustrating and error-prone. This limitation 
was only identified during the first informal simulated decision sessions – when the funding to make 
amends was spent. Although the use of performance indicator system was well-received, the complexity 
of the navigation system interfered with the thought processes needed to interpret the data produced by 
the MEM. 

Although not explicitly identified in the scientific paper (see section 2.2), this mistake probably 
stemmed from the EwE user interface organization. In EwE, input and output screens were physically 
separated because of model workflow, and as the OceanViz DST was built by the EwE development 
team, this separation percolated into OceanViz – due to tacit knowledge of the developers, it seemed a 
most logical organization. However, in EwE users could explore multiple windows with a single click 
or side-by-side to facilitate information discovery, whereas (to reduce screen clutter) OceanViz was 
bestowed with only a single window through which all navigation and data interaction took place. In 
hindsight, this was most likely where the navigational complexity started, and we took no notice despite 
best intentions. 

Model heuristic display 

In order to not only rely on the use of numbers, graphs and statistics, the OceanViz DST deployed 
animated virtual realities to appeal to the hedonic value of seeing an ecosystem change. Emotional 
experiences are an essential part of our ability to engage and learn, and can add a fundamental dimension 
to the decision process by appealing to hedonistic decision making (Naqvi et al., 2006; Wang et al., 
2019).  

The OceanViz 3D visualization engine was built as a stand-alone, programmable virtual underwater 
world for dynamically populating underwater habitats with animals and plants, with potential for uptake 
in other applications. The use of 3D virtual underwater worlds to communicate marine ecosystem 
change was novel, and to date is only interactively supported by OceanViz and the NOAA VEZ-V 
viewer (NOAA Fisheries, 2020). Other organisations – such as the CSIRO Australia – use analogous 
3D animations based on model output but do this in a fixed “short clip” style rather than the interactive 
form of OceanViz (Derek Fulton pers. com.). 
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The 3D visualizations were well received, and despite presenting a simplified ecosystem that lacked 
several aspects of realism (e.g., no predator-prey interactions; artistic freedom related to water 
transparency, colour attenuation, and a much more condensed co-occurrence of marine animals than 
could be observed in reality), the consistent communication of relative biomass and environmental 
nutrient loading, combined with the side-by-side panels, were enthusiastically received. We consider 
this a significant breakthrough with the potential to communicate model output to a broad range of 
audiences.  

Unfortunately, the open-source Blender game engine that OceanViz was built on became deprecated, 
meaning that the very software foundation that the 3D animations were built on was no longer going to 
be serviced to fix emergent errors and security issues. Framework and API deprecation is a risk for any 
software development, but can be problematic in academic settings where lack of funding means that 
rewriting a complex piece of software is not an option. The catch-22 here is that because of limited 
academic funding, scientific software is predominantly constructed with freely available or open-source 
toolkits, analytical libraries and packages. This places academic software at a disproportional risk of 
API and framework deprecation; a risk that academia is hard-pressed to mitigate. We therefore urge 
readers to learn from our misadventure, and carefully consider deprecation risk when choosing 
programming languages, tools and analytical packages for building software with a presumed long life. 

 Comparing the MSP Challenge and OceanViz (part 2) 

Complexity is inhibitive to interpreting data content and can lead to making poor decisions (Fulton, 
2021; Georgescu et al., 2019; Walters, 1986); when faced with complex decision-making lay people 
and conservation practitioners alike are prone to make superfluous, emotive and biased decisions rather 
than reasoned arguments based on rational consideration, regardless of scientific literacy (Toomey, 
2023). A myriad of factors can create complexity that may be detrimental to the dialogues that the DST 
is trying to facilitate. The OceanViz model-technical user interface was a point-in-case, trying to reduce 
information overload to the point that navigational complexity became a bigger problem. The science 
of human learning and decision making in effort-based environmental sciences is vast, and this 
dissertation cannot do justice to the rapidly evolving research. For further reading, the work by Toomey 
(2023) and the references therein may prove an inspiring start to understand the pros and cons of 
present-day approaches to science communication, whereas Fulton (2021) puts human learning in the 
context of fisheries management, and Szczepanska (2023) and references therein emphasize the 
importance of debriefing to anchor learning through reflection and attaining deeper understanding. This 
dissertation merely aims to practically demonstrate how MEMs can be interacted with in various ways, 
and to show that the different levels of usage abstraction may have merit for future MEM – DST 
integrations. This section chiefly reviews the science communication approaches presented in this 
dissertation, and discusses their usage merits and shortcomings, and summarises the technical 
foundations underneath. 

Communicating with a MEM in a tailored form 

The case study of the MSP Challenge (section 2.1) shows that presenting audiences with a MEM 
tailored to a form that corresponds to their experiences and expectations is feasible. In this case study, 
the focus was on learning about the planning process itself with less focus on the actual decisions made. 
The operation of the embedded MEM was implicit through the planning process, and quantitative MEM 
output was reworked into qualitative forms to allow for simpler relative judgements, and was 
aggregated to support real-world planning issues rather than underscoring the capabilities of the MEM. 
Last, MEM output was only communicated as the relative change to baseline conditions, via a consistent 
colour scale that represented one order of magnitude decrease to one order of magnitude of increase, 
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without providing actual values to the magnitude of change. This served two purposes: 1) to prevent 
debates about absolute values that would distract from MSP Challenge game play (Keijser et al., 2018), 
and ii) to capitalize on the fact that people are better at interpreting changes relative to a baseline than 
through absolute values or scores (Fulton et al., 2015). The MSP Challenge can be considered as a 
prime example where simulation models – including a MEM - operate and deliver outcomes in the form 
that facilitates adoption by stakeholders (McIntosh et al., 2011). Additionally, the use of simple change 
feedback and planning-oriented focus were highly effective to avoid contentious discussions and to 
keep gameplay flowing (Goncalves et al., 2021; Lhuissier et al., 2023). 

Communicating with a MEM in unaltered form 

Presenting audiences with one-one one MEM parameter interaction in untailored form is technically 
easy to implement (section 2.2). Here, a vetted number of Ecosim model inputs and outputs were 
presented to address fisheries policy questions with an audience that co-created the DST session. 
Although building dedicated manager interfaces onto modelling approaches seems a fairly logical thing 
to do from a scientists’ point of view, the consequences of such DST setups are fraught with risk 
(Toomey, 2023). The complexity related to model structure, hypotheses, assumptions and 
shortcomings; model parameterisation and the structure, volume and uncertainty related to model 
outputs may trigger adverse reactions. Under decision duress, these can include biased interpretation of 
provided evidence towards current beliefs or reverting to heuristics (Kahneman, 2011). On contentious 
issues, scientific literacy is no guarantee that participants will make science-based decisions, because 
political, religious or world views tend to have stronger associations (Drummond and Fischhoff, 2017; 
Walsh et al., 2015). In these cases, higher scientific literacy can even provide a stronger foundation to 
counter-argue the issues presented, potentially jeopardizing a decision-making process (Kahneman, 
2011). This suggests that science-based communication may only be suitable for homogenous 
audiences sufficiently educated and interested in the direct involvement with a modelling approach, 
who are in full acceptance of the discussion topics, and who accept the capabilities and limitations of 
the tools used.  

Communicating with a MEM through 3D animations 

A main take-away message from the iterative development of the 3D visualizations is that animated 
timelines are only useful if the changes are profoundly noticeable. If changes are too subtle to notice on 
short time scales, audiences adapt to the gradually evolving state of the ecosystem while losing track of 
starting conditions (Synodinos et al., 2023) – an animated analogy to the shifting baselines syndrome 
see cross generationally in degrading ecosystems (Pauly, 1995). The three-panel time slice layout used 
in the OceanViz 3D visualizations not only overcame this “Shifting Baseline Syndrome in a nutshell” 
(Papworth et al., 2009); by placing the state of the ecosystem at three different moments in time side-
by-side, viewers understood instinctively to what degree the ecosystem had changed, especially when 
groups and schools of animals traverse the three panels and viewers see animal numbers and sizes differ 
between panels (i.e. over time). The use of 3D animations may not be able to reflect exact numbers, but 
appeal much more strongly to basic human experiences than charts and graphs ever can. However, to 
effectively use 3D animations to communicate change, it is imperative to somehow frame the baseline 
conditions as a visual anchor in the animations (e.g., Kahneman, 2011). 

Final thoughts 

The two DSTs presented here showed a range of approaches to scientific communication, with potential 
useful findings for future science-based DSTs. In summary: 
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1\: The MSP Challenge system positions itself as an exploratory game where the planning process, 
not the outcomes, are key – a focus that is reflected throughout a well-thought out user 
experience (Abspoel et al., 2021; Lhuissier et al., 2023). Most importantly, the MSP Challenge 
and the simulation models within operate entirely within the frame of the MSP processes. This 
makes the DST incredibly useful for a specific user market, and effectively useless beyond it.  

2\: The OceanViz DST is focused on scenario exploration within the explicit context of a specific 
MEM. Although OceanViz was aimed to cater to fisheries managers, in the end OceanViz was 
a mere (but pretty) control panel to the MEM underneath. 

While OceanViz contained promising approaches to data visualization, it lacked the clarity of purpose 
of the MSP Challenge user interface with the clear failure to support the process of cause-and-effect 
discovery. From our limited experience it can be ascertained that MEMs can be integrated into DSTs, 
which was a main objective. However, the more contentious or sensitive the topics discussed in a DST, 
the higher the risk of adverse reactions and resistance: scientific literacy only leads to better decision 
making if audiences are fully on board with the chosen methodology.  

From our specific experience this underscores that scientists are not very good at communicating with 
non-scientists, even if they really try to do their best. Any MEM – DST combo needs to be well thought-
out to adequately address and communicate policy questions to specific audiences. “Getting it right” – 
if this is even possible when designing specific DSTs to address constantly changing physical, socio-
economic and political landscapes – may require several developmental iterations. As clear guidelines 
for tailoring MEM-driven DST needs have yet to emerge, we consider our experiments with OceanViz 
as a useful addition to the collective experience. 

4.3 MEM systematic assessments  

The review of suggested frameworks and methodologies for comprehensive validation, calibration and 
uncertainty assessments of spatiotemporal MEMs (section 2.3) found only a few working examples in 
the literature. The lack of implementations was attributed to the basic technical limitations that prohibit 
the systematic execution of MEMs to perform the systematic assessments. As stated prior, not having 
the tools to quantify why MEMs behave the way they do, in turn, jeopardizes their uptake in the policy 
and decision-making arenas where their output is direly needed. Section 2.3 outlined the requirements 
for a simple to setup and use MEM multirun framework that scales up desktop workflows across 
available hardware. In order to be useful under the current constraints of academic funding, the 
framework must be free and use only freely available tools, and must be deployable without IT 
expertise. 

In section 2.4 we built the framework and tested it across a collection of laptops and desktops.  

 Framework application 

The aim of the case study was to demonstrate that a MEM can be mass-executed via simple and low-
cost solutions, which is a significant success by overcoming a 20+ year old hurdle. The application used 
as a test case for the framework in the context of a real-world scientific exercise was framed as an 
exploration of the core question in the TRIATLAS project: “will the consideration of uncertainty in 
ESMs affect the intermediate-term predictability of MEMs?”. Simulation models of real-world 
phenomena struggle at this intermediate time scale, a time scale from weeks, months, seasons and 
decades where most operational decisions take place (Meehl et al., 2009; Payne et al., 2022). Here, 
models start deviating from their starting conditions (the “initial value” problem; Collins, 2002; Meehl 
et al., 2009) but for which there are no reliable long-term constraints available (the “boundary 
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conditions” problem; Meehl et al., 2009; Watson-Parris, 2021). The ESM community has been 
improving their models at this time scale via predictions that rely on the initialization of the models 
with conditions that describe the best knowledge of a given observed state (thus incorporating slow‐
paced internal variability processes), but that are additionally driven with the historical and projected 
evolution of the main radiative forcing factors (thus capturing the externally forced variability). The 
performance is then evaluated by performing large sets of retrospective ensemble forecasts that are 
evaluated in terms of their ability to reproduce the observed variability. These predictions are typically 
initialized every year, and contain several ensemble members that are run forward for up to 10 years 
(section 2.4 figure 2; Boer et al., 2016). To date, similar large-scale predictions were not feasible for 
MEMs, which provided a good test case for the MEM multi-run framework. 

We repeatedly executed EcoOcean (see section 1.8.4) en masse to assess whether the uncertainty in 
ESM retrospective predictions would significantly affect the predictability of a MEM. For contrast, 
retrospective predictions for two ESMs were included, and all retrospective predictions were executed 
for a fished and a hypothetically unfished ocean.  

 Executions were spread out over a network of 6 laptops and desktops of varying specifications. 
EcoOcean can run on Windows and Linux, and requires 80 MB for installation. To execute the 
model, 16GB of internal ram and 120 GB of diskspace is needed to accommodate the ESM-
derived driver data and EcoOcean output data; 

 Framework clients were allocated for each multiple of up to four computational cores across 
the participating hardware. The hardware setup thus resulted in 24 framework clients, with the 
ability to run 24 experiments of EcoOcean simultaneously (section 2.4 table 1); 

  Framework data transport was handled via freely available cloud storage providers Dropbox 
and Sync. Cloud storage providers are optimized for synchronizing file content between 
computers and a master repository on the cloud, and were therefore ideal tools to bypass 
potentially complex computer security issues related to interlinking the framework server and 
clients. 

The combined computing power of the framework clients performed 384 EcoOcean simulations, for an 
estimated 1600 CPU hours’ worth of modelling time, in under 30 hours. The 5TB of MEM output of 
monthly maps for 51 functional groups was collated on the server as time series by area. For areas, we 
selected the commonly used FAO areas for fisheries statistics. For the case study we focused on the 
Atlantic areas in line with funding project TRIATLAS, for only six functional groups to assess to what 
degree ESM uncertainty mattered. 

As outlined in section 2.4, due to structural differences in the NorCPM1 and EC-Earth3-CC ESMs, that 
delivered different retrospective members with different start times and run lengths of the retrospective 
forecasts, a direct comparison of resulting MEM output was out of the question. Instead, we compare 
the relative trends in species biomass for the same area, functional group and scenario, when driven by 
either ESM. 

These comparisons showed often conflicting responses to climate variability and/or fisheries. The 
simple statistical measures that we deployed captured these conflicts but, as expected (Fath et al., 2019), 
were inadequate to explain the observed variability. We surmise that the sometimes-conflicting 
ecosystem trends derived from the choice of aggregation areas, which were chosen for administrative 
reasons instead of ecological relevance. Aggregation by species-specific ecoregions would have 
allowed for drawing species-specific conclusions (Spalding et al., 2007), which needs further 
exploration. 
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As highlighted by Hipsey at al. (2020) and others, multilevel validation will require the development 
of a new conceptual statistical framework that provides insights in both the emergent ecosystem-wide 
behaviour of a model, and that ecological plausibility of the internal state variables of a MEM. Such 
indicators will allow for better informed validation runs by pointing out the weaknesses of a MEM 
under certain perturbations, and can also shorten systematic assessments by timely eliminating runs that 
are ecologically unrealistic (Diele and Marangi, 2020; Jason S. Link, 2010).  

Safeguarding the ecological plausibility of the internal state of a MEM might provide a measure of 
confidence when the MEM is faced with environmental conditions that it was not calibrated for (Rose, 
2012). This is a topic that certainly will need further researching. 

 The framework 

The modelling framework put forward in this thesis is not only meant to run on simple technologies; if 
IT expertise is at hand different communication protocols can be added on, across more suitable 
hardware. 

The framework violated a few decades worth’ of progressive advances in remote computing and 
security, just to demonstrate the framework flow. On a simple level this demonstrates how evolving 
cybersecurity needs can work against “best ease of use” options for modelling. For instance, remote 
executing of software over a network is a direct security liability (e.g., Xiao et al., 2022). This was 
countered by using a simple aliasing system, which provided execution access only to known and pre-
vetted executables. Another violation relates to the absence of load balancing measures to ensure that 
remotely running applications use their fair share of processing time, memory and disk space (Hamdan 
et al., 2021; Hota et al., 2019), which has the potential to overwhelm or lock up a computing note. The 
framework had some rudimentary measures in place to try to limit processor use, and by terminating 
hanging applications after a user-configurable period of perceived inactivity. A third example relates to 
lack of redundancy, meaning that crashing server or client applications would not be automatically 
restarted. 

Please note that the framework was deliberately built from scratch with minimal extra functionality as 
a proof of concept and to communicate the important core principles of its functionality. Future work 
can focus on bringing in more robustness and safety features, as long as the core usability principles 
remain honoured. Future versions of the framework, at an operational stage, will need to improve on 
robustness and security measures but with sufficient thought to retain the ease of use. 

4.4 An afterthought 

We do surmise that if peer-review had demanded rigorous systematic assessments from the moment 
spatiotemporal MEMs first appeared, the pressure to perform these assessments would have put more 
focus on the technical choices involved in constructing MEMs. It might also have affected a broader 
awareness that academic funding, being by and large the only source of income to continue MEMs, 
should also be used to keep MEMs software-technically relevant. This is, of course, the power of 
hindsight. Perhaps the need to re-engineer existing MEMs will diminish with the emergence of power 
statistical and generative approaches - broadly summarized as Artificial Intelligence, which may 
contribute to parameterize or alter, validate, calibrate and even emulate complex ecosystem dynamics 
in ways that we currently cannot foresee, and integrated in decision environments in ways that we can 
only imagine. In many aspects, we do live in interesting times. 
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4.5 Limitations and future perspectives 

The work presented here is intended as a starting point for the global MEM community to start 
overcoming individual hurdles of specific MEMs to engaging with target audiences under the 
challenges posed by the Ocean Decade. The technical prototypes presented in this dissertation show 
promising advances that the MEM community can build on, especially to address knowledge gaps and 
areas of research that require further exploration. 

In section 2.4 we identified a lack of statistical approaches for validating MEM output against 
observations that could also help identify whether a MEM is producing results for the correct reasons, 
or rather, to help identifying why a MEM is not performing as intended under specific environmental 
and ecological assumptions. This is one of the main challenges that the MEM community will need to 
address now repeated executions of MEMs are becoming a reality and for there to be confidence in 
planning decisions predicated on medium to long term projections. The MEM community is simply not 
ready yet to fully assess their tools, and follow-up research is urgently needed. 

The main limitation to building on the work presented in this dissertation is probably the current 
academic funding model. Acquiring access to the necessary funding is the main bottleneck in sciences, 
as academic funding cannot readily be used to rework and alter the code of a MEM without first and 
foremost producing new scientific insights. In Europe, research funding is occasionally available for 
research and development work, a change in direction stimulated by the technical gaps that need filling 
to develop Digital Twins of the Oceans, and probably fuelled by public consultation processes 
(Directorate-General for Research and Innovation (European Commission), 2022). While some of the 
global MEMs may be drawn into earth system modelling stables with support through funding 
arrangements oriented toward supporting global programs such as IPCC and IPBES, or perhaps 
philanthropic funding, it is likely that regional models will remain in academic funding schemes for the 
foreseeable future, which will limit to what extent MEMs can be partially adapted for the Ocean Decade 
and beyond. 

Although the work presented here has put forth a number of technical solutions, making these solutions 
operational in complex DSTs and especially Digital Twins of the Oceans (DTOs) will require 
substantial further research effort (Calewaert et al., 2024; Chen et al., 2023) that this dissertation has 
barely touched upon. DTOs will require systems with enough flexibility to match users with their 
specific information needs and the way that information is displayed, whilst drawing on the most 
suitable models and data streams. We foresee that machine learning approaches such as artificial 
intelligence will have a significant role in all this, although the exact form is currently unclear. 

Given the constraints presented by limited funding and lack of IT expertise, MEM developers should 
consider devising a roadmap for piecemeal technical developments under research grants to start 
preparing their MEMs for modularity and interoperability, or at least the development of an API to 
make their tools ready for the purposes of the Ocean Decade. Opportunities and funding to completely 
overhaul a MEM are rare, but series of smaller, incremental developments are easier to fund under the 
present-day funding scheme. In many circumstances, with enough patience, multiple small steps can 
travel the same distance as one giant stride. Although this is not always the case if a bottom-up complete 
re-design is needed to make use of new technology (such as parallelisation) or to deal with deprecated 
foundation software (see our visualisation discussion). Furthermore, it is imperative that modelers 
recognize the software-technical limitations in their tools, and start working towards making their tools 
more compatible, transparent and interoperable in order to be able to better deploy their science beyond 
the ivory towers that these tools were conceptualized in. It is this mindset I decided to warp George 
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Box’s famous quote into “Remember that all modellers are wrong; the practical question is how wrong 
do they want to be to not be useful”. May this dissertation be with you. 

On that note, the work presented in this dissertation has already generated significant uptake: 

 The integration of the North Sea and Firth of Clyde Ecospace models into the MSP Challenge 
(section 2.1) was followed up with sessions for the Baltic Sea, the Adriatic Sea (MSP Challenge 
team, 2024), with an edition currently in development for the Eastern Mediterranean under EU-
funded project EcoScope (Ecocentric management for sustainable fisheries and healthy marine 
ecosystems; European Commission’s Horizon 2020 Research and Innovation programme under 
grant agreement No. 101000302). In this project, options to control fisheries dynamics will be 
brought closer into alignment with EU policy and the MSP Challenge system will be prepared 
for deep uncertainty assessments. The author of this dissertation has also been involved in 
scoping the options and consequences of bringing climate change to the MSP Challenge 
simulation platform (Pereira Santos et al., 2020); 

 The EU project EcoScope has taken up the MEM multirun framework to facilitate systematic 
deep uncertainty assessments of Ecospace models to inform policy; 

 The MEM position paper has led to the development of an implementation of a multi-level skill 
assessment framework for spatial-temporal marine ecosystem models under FishMIP. This 
framework aims to operationalise the multilevel model validation as outlined in Hipsey et al 
(2020) over the MEM multirun framework to improve the FishMIP global and regional 
modelling ensembles; 

 While the original OceanViz DST has been shelved for the time being as its format is outdated 
in its limitations, the ideas within the DST and the experience building are valuable for future 
efforts. Fortuitously, the OceanViz 3D visualizations have found uptake in EU-funded projects 
MarinePlan (Improved transdisciplinary science for effective ecosystem-based maritime spatial 
planning and conservation in European Seas; European Union's Horizon Europe research and 
innovation programme HORIZON-CL6-2021-BIODIV-01-12 under grant agreement No. 
101059407) and NECCTON (New Copernicus capabilities for trophic ocean networks; Horizon 
Europe RIA under grant agreement No. 101081273), where the original concepts and features 
are ported over to the Unity game engine under the simplified name “OceanViz”. The eventual 
aim is to release the rebuilt OceanViz as an open source service embedded in the Copernicus 
Marine Services framework; 

 With Iberdrola, Discussions are ongoing to embed Ecospace into a wind-park planning 
environment to account for the ecological impacts and animal collision risks of marine and 
land-based wind parks; 

 Under EU projects MarinePlan and EcoScope. discussions are also ongoing to interconnect 
Marxan and Ecospace approaches, drawing on the strengths of both to bring ecological 
forecasting to one of the worlds most used spatial planning toolboxes. 

Perhaps the most exciting step forward is the launch of the project SURIMI (European Union’s Horizon 
Europe Research and Innovation Programme under Grant Agreement No. 101157456) that started in 
May 2024. SURIMI will pioneer the integration of the Ecospace model into the European Digital Twin 
of the Oceans infrastructure (EDITO-Infra; Kinoshita et al., 2024). Announced at the One Ocean 
Summit in Brest in February 2022, the European Digital Twin of the Ocean (EDITO) has the ambition 
is to make ocean knowledge readily available to citizens, entrepreneurs, scientists and policy-makers 
by providing an innovative set of user-driven, interactive and visualisation tools. Building upon 
European assets such as EMODnet and Copernicus, the EDITO will provide consistent high-resolution, 
multi-dimensional descriptions of the ocean that include physical, chemical, biological, socio-
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ecological and economical dimensions, with forecasting periods ranging from seasons to multi-decades 
(European Commission, 2024). The EDITO infrastructure is analogous to a scientific toolbox to obtain, 
rework and visualize data that can be amalgamated for the construction and cloud-based execution of 
specific DSTs (Bjørkan et al., 2023). The EDITO infrastructure, aligned with the aims of the Ocean 
Decade, opens up all that this dissertation has been pushing for:  

 The integration of MEMs as building blocks for building DSTs and DTOs, which will be 
prototyped with Ecospace as a trailblazer for the wider MEM community; 

 The need for public dissemination tools such as the OceanViz 3D visualizations, which via 
Copernicus will be available as another building block in the EDITO infrastructure; 

 The computational resources to start executing systematic assessments of MEMs; 
 Technical know-how and support to make tools on the EDITO infrastructure work together; 
 Involvement of the Open Geospatial Consortium to provide the needed metadata standards. 

As we demonstrated with the MSP Challenge (section 2.1), integrating MEMs into decision support 
systems and DTOs can actually be quite straight-forward. There are basically two stages to the life span 
of a MEM: i) development and calibration to capture the ecosystem in order to answer the research or 
policy questions at hand, and ii) executing the calibrated MEM to simulate possible future scenarios 
pertinent to the research questions and policy questions. Although this statement anchors the fact that 
every ecosystem model is built to answer only specific questions that the MEM is developed and 
calibrated for, it also underscores that once calibrated, future scenarios can branch off of the calibrated 
base model with relative ease. Whereas the stage of developing and calibrating a MEM is currently 
firmly a scientific endeavour, once calibrated a MEM has a broader utility for society, policy, decision 
making and integration into DTOs.  

4.6 Contribution to the Ocean Decade objectives 

With the prototypes pioneered here, this PhD dissertation contributes to the main Ocean Decade 
objectives: 

 Objective 1. Identify critical ocean knowledge  

MEMs are key tools to explore the functioning of marine ecosystems and how these systems are being 
impacted by human activities and climate change. By overcoming a 30-year old limitation that 
prohibited systematic assessments, this research has provided researchers with the ability to provide 
larger scale, rigorous modelling experiments to attain a deeper understanding of critical ocean 
knowledge, and to explain ecosystem variability and trends with quantified confidence. 

 Objective 2: build capacity and generate knowledge  

The ability to systematically execute MEMs across low-cost hardware and without the need for IT skills 
is a capacity boost for researchers around the world, especially for those without the means to operate 
high-performing computing facilities. The computational capacity unlocked can lead to significant 
knowledge generation around the globe. 

The ability to execute MEMs in non-scientific environments such as the MSP Challenge is the world’s 
first example of bringing ocean science directly to audiences, without the intervention of scientists. This 
development shows that MEMs can be seamlessly integrated into societal processes, digital twins, and 
decision support tools with minimal complexity, which is a key stepping stone towards promoting ocean 
literacy and knowledge generation in non-academic settings. 
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The use of 3D animations to convey complex ecosystem dynamics perhaps does not a directly build 
capacity or generates knowledge, but has the potential to univocally capture the attention and interest 
of audiences as a first stepping stone to wanting to learn more. 

 Objective 3: Increase the use of knowledge  

By facilitating more rigorous science, by providing a more seamless and natural way of obtaining 
ecological feedback, and by conveying complex ecosystem model data via 3D gaming technologies that 
everyone can understand, we sincerely hope that this dissertation will eventually contribute to an 
increased uptake of ocean knowledge throughout sciences, society and decision making. However, this 
will require the global MEM community to join forces towards making all models more operational. 

4.7 An open call to the MEM community 

In order to make Marine Ecosystem Modelling more operational, we urge the global MEM community 
to come together and make this a collective effort, sharing programming capacity and intellectual 
property to work towards the aims outlined in this dissertation. 

For most modelling approaches, it is likely that the ideas presented in this dissertation can be 
implemented piecemeal, incrementally opening up the code frameworks for interoperability and non-
scientific use. Naturally, this dissertation cannot vouch for all MEMs. Some models require run times 
from days to months, and will always be to unyielding and cumbersome to be operated outside 
academia. Some MEMs can only run on HPC infrastructures, for which the run framework holds little 
extra utility. However, we do believe in the merit of the ideas presented here for enabling a wider uptake 
of MEMs.  

Although the academic funding model is not likely to change any time soon, there is change on the 
horizon. Global initiatives such as FishMIP - which not only taught the MEM community to play nice 
but has also facilitated a productive discourse towards standardizing and best practices for model 
execution - and EDITO - which is demanding standardization in how models are worked with - provide 
the ideal incentive towards modelling for the Ocean Decade. FishMIP has gradually become more 
relevant in its ten years of existence, which now provides prestige and incentive for MEMs to participate 
and improve. The global push for Digital Twins of the Oceans has put focus on the need for solid 
software development in addition to good marine data and science. This push is taken up by new 
European Union funding calls such as the one that funded SURIMI, which primarily focus on technical 
developments rather than ground-breaking marine science. And last, by being fair players and good 
ambassadors, the main MEM scientists can rely on a global network of thousands of ecosystem 
modellers who are equally interested in seeing their tools becoming more useful. There is definitely a 
new momentum that we have created for ourselves, and that should be capitalized on. 

Naturally, we have to be careful not to overpromise. The utility of any MEM falls only within the 
objectives that the MEM is parameterized for, and the ability of a MEM to predict situations that have 
not yet been encountered is extensively debated in the literature (e.g., Payne et al. 2016). Yet, indicative 
ecological feedback is better than no ecological feedback, and while the predictive capacity of MEMs 
improves, we urge the MEM community to build upon the ideas launched in this dissertation.  

If anything, this dissertation is a rallying cry to you, the global marine ecosystem modelling community, 
to rethink and reshape how we build, validate, calibrate and deploy our tools, with the aim to reach and 
involve the audiences that need marine science advice but do not have the means to generate it. 
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The main conclusions derived from this Ph.D. dissertation are: 

1\: The uptake of Marine Ecosystem Models in policy and society is hampered by a factor largely 
ignored in the literature: technical issues, institutionalized by the current competitive and 
achievement-driven academic funding model. 

2\: Relatively simple software engineering can make MEMs operational for the aims of the Ocean 
Decade, but this requires that model builders start giving software engineering its own due 
consideration in the MEM construction process. 

3\: The MSP Challenge simulation platform is the world’s first example where a scientific marine 
ecosystem model is operated in a serious game, and where the audiences do not need to be 
ecological experts. 

4\: By translating spatial plans into pressures onto ecology, and by translating ecological feedback 
into information relevant to the planning process, the operational cycle between users, planning 
activities and the MEM was completed.  

5\: Ecospace provided non-linear food web responses and trophic cascades as additional planning 
considerations to the MSP Challenge users, even with simple food web models and a simple 
pressure-response system. Complexity is not always necessary. 

6\: By focusing on the planning process instead of planning results, and by communicating relative 
changes instead of absolute values, the MSP Challenge cleverly creates a safe play space while 
avoiding potentially contentious discussions. 

7\: OceanViz demonstrated that a DST can directly operate on a MEM for scenario exploration. 
However, this requires well-prepared audiences with sufficient ecological know-how, in full 
agreement with the chosen approach, its assumptions and presentation. 

8\: Building “manager interfaces” to existing MEMs seems a logical approach for scientists, but 
risks that scientific literacy can be counterproductive for collaborative participation if a DST 
becomes too complex, contentious or politically sensitive. 

9\: The more contentious or sensitive the topics discussed in a DST, the higher the risk of adverse 
reactions and resistance: scientific literacy only leads to better decision making if audiences are 
fully on board with the chosen methodology. 

10\: The use of 3D animations to convey ecosystem change appeals directly to our built-in 
hedonistic world view, and has the potential to complement more traditional scientific 
communication. 

11\: MEMs lack systematic assessment because the MEM community has no tools to execute these 
assessments; the challenges are too technical because of the computational structure, data needs 
and software capabilities of MEMs.  

12\: As academic funding undervalues technical developments that do not produce new scientific 
findings, this situation is not likely to change anytime soon. 

13\: The MEM community needs simple solutions to scale up desktop-style MEM assessments 
across available hardware, allowing MEMs and statistical tools to run in unaltered form, and 
without the need for IT complexities and extra funding. 

14\: The MEM multirun framework demonstrated that a MEM for the global ocean could be 
executed hundreds of times across mundane computer hardware, supported by simple 
technologies, and directed only by a text file. 
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15\: The framework prototype deliberately used the most basic of technologies (e.g., Dropbox and 
Sync) to demonstrate that MEMs can be systematically executed with minimal means. This is 
so un-sexy that it, in fact, is sexy in its own right. 

16\: The framework case study underscored the importance for a new conceptual statistical 
framework to ensure that MEMs produce correct output for the correct ecological reasons, at 
multiple levels. 
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Figure S31– Small pelagic fish biomass time series as predicted by EcoOcean when driven by 
NorCPM1. The plots show time series for FAO subocean “South Atlantic Ocean” (top row), and for 
the two Atlantic subdivisions of that subocean, the CW Atlantic Ocean (middle row) and the CE 
Atlantic Ocean (bottom row). Time series are shown without fisheries (left column) and with 
historical fisheries (right column).  
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Figure S36– Small demersal fish biomass time series as predicted by EcoOcean when driven by 
NorCPM1. The plots show time series for FAO subocean “South Atlantic Ocean” (top row), and for 
the two Atlantic subdivisions of that subocean, the CW Atlantic Ocean (middle row) and the CE 
Atlantic Ocean (bottom row). Time series are shown without fisheries (left column) and with 
historical fisheries (right column).  
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