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Executive summary  
The primary objective of WP3 was to assess and analyse the links between biodiversity, 
ecosystem functions, and ecosystem services in the European Seas. This was achieved through 
a combination of conceptual modelling and quantitative analyses.  

First, expert input was used to evaluate 996 potential links between 51 socio-ecological 
variables, including human activities, pressures, biodiversity indicators, and ecosystem 
services. The resulting conceptual network revealed relationships between group of elements 
with comparatively high agreement on the direction, such as the relationships between 
human activities and pressures/drivers, as well as poorly agreed relationships, such as 
between pressures/drivers and ecosystem structure and functions, that require further 
investigation. This analysis highlighted critical biodiversity indicators that appears central in 
the system (i.e. highly linked to the other elements), such as biomass indicators, which may 
confer robustness to the socio-ecological system, as well as identifying knowledge gaps that 
point to further research needs. 

Building on this foundation, a quantitative analysis focused on the biodiversity-ecosystem 
function (B-EF) relationship, specifically the link between biodiversity and fish biomass 
(productivity). Using structural equation modelling (SEM), six case studies conducted across 
the northern Mediterranean and Northeast Atlantic assessed the consistency of biodiversity-
fish biomass relationships across regions and compared the effects of taxonomic versus 
functional biodiversity indicators. We found that across case-studies, taxonomic evenness 
consistently add a negative effect on fish biomass whereas taxonomic richness had a 
consistently positive effect. In general, taxonomic indicators seems as good or better at 
predicting fish biomass than functional indicators, and biodiversity indicators could explain 
more of the biomass variability than any environmental indicators. Complementary studies 
further explored the drivers of fish biomass using varied methods and geographical scales. 
Temperature and biomass dominance were key determinants of total community biomass in 
the Barents Sea, while species richness (niche complementarity) played a larger role for non-
dominant taxa. Large-scale analyses confirmed that temperature is a dominant driver of fish 
biomass, with lower biomass observed in warmer regions likely due to reduced trophic 
efficiency and higher biomass turnover rates, but regional variation in the effects of 
temperature and primary productivity on biomass are apparent. 

Ecosystem multifunctionality was also investigated in the Mediterranean Sea, where spatio-
temporal patterns in five functional rates representing major carbon and nutrient flux 
pathways in fish communities were quantified and mapped. Multifunctionality emerged from 
complementary species roles, with no single taxon dominating biogeochemical functions. 
Additionally, studies on community stability revealed that environmental gradients such as 
salinity, depth, and productivity were key drivers of spatial variation in stability. Biodiversity, 
particularly species richness and evenness, played a critical role in enhancing community 
stability. Communities with asynchronous species dynamics (low synchrony) were more 
stable, but anthropogenic pressures, such as bottom trawling, negatively impacted stability 
by reducing species evenness. 

These findings emphasize the importance of biodiversity, environmental heterogeneity, and 
functional diversity in maintaining ecosystem functions and services in European Seas. They 
also highlight the need to assess the effects of anthropogenic pressures and prioritize the 
conservation of key biodiversity indicators.   



 

5 

 

Index 

Version History ........................................................................................................................ 3 

Executive summary ........................................................................................................... 4 

Index ................................................................................................................................ 5 

The role of this deliverable................................................................................................ 7 

Participants............................................................................................................................. 8 

Acronyms and abbreviations .................................................................................................. 9 

1. Introduction ............................................................................................................ 10 

1.1. Biodiversity-Ecosystem functions relationships ....................................................... 11 

1.2. Links between biodiversity and ecosystem services ................................................. 14 

1.3. This deliverable ......................................................................................................... 16 

2. Expert modelling of the relationships between biodiversity and ecosystem functions 
and services. ................................................................................................................... 18 

2.1. Compilation of expert knowledge and modelling of the network: ........................... 18 

2.2. Analysis of the conceptual network ......................................................................... 23 

2.3. Key take-away messages: ........................................................................................ 30 

3. Quantifying the biodiversity-EF/ES relationships ...................................................... 32 

3.1. Assessing the main drivers of fish biomass across regions using SEMs ................... 32 

3.1.1. Calculating the biodiversity and environmental variables ............................... 35 

3.1.2. General method employed for the “fish biomass” SEM .................................. 39 

3.1.3. Mediterranean Sea ........................................................................................... 40 

3.1.4. North Sea .......................................................................................................... 50 

3.1.5. Bay of Biscay and south of Celtic Sea ............................................................... 56 

3.1.6. Barents Sea ....................................................................................................... 63 

3.1.7. North-East Atlantic – the effects of scale ......................................................... 68 

3.2. Linking community diversity and environmental drivers to total fish biomass in the 
Barents Sea ........................................................................................................................... 72 

3.2.1. Material and Methods ...................................................................................... 73 

3.2.2. Results and discussion ...................................................................................... 75 

3.2.3. Summary and conclusion ................................................................................. 79 

3.3. Drivers and stressors of demersal fish biomass across the North Atlantic and 
Northeast Pacific .................................................................................................................. 80 

3.3.1. Materials and Methods .................................................................................... 80 



 

6 

 

3.3.2. Results and Discussion ..................................................................................... 84 

3.3.3. Summary and Conclusions ............................................................................... 88 

3.4. Demersal fish biomass declines with temperature across productive shelf seas .... 88 

3.4.1. Materials and Methods .................................................................................... 88 

3.4.2. Results and Discussion ..................................................................................... 89 

3.4.3. Summary and Conclusions ............................................................................... 91 

3.5. Synthesis on the drivers of fish biomass in European Seas ...................................... 92 

4. Spatio-temporal patterns and drivers of ecosystem functions and services .............. 96 

4.1. Two decades of fish community change reshape biogeochemical functioning in the 
Mediterranean Sea ............................................................................................................... 96 

4.1.1. Objective and research questions .................................................................... 96 

4.1.2. Materials and Methods .................................................................................... 97 

4.1.3. Results and Discussion ..................................................................................... 98 

4.1.4. Summary and Conclusions ............................................................................. 101 

4.2. Biodiversity and stability of Northeast Atlantic fish communities across scales ... 102 

4.2.1. Material and Method ..................................................................................... 103 

4.2.2. Results ............................................................................................................ 104 

4.2.3. Discussion ....................................................................................................... 107 

4.2.4. Summary and conclusions .............................................................................. 108 

4.3. Diversity and stability relationships across marine fish communities facing 
contrasting environmental and anthropogenic pressures ................................................. 108 

4.3.1. Material and methods .................................................................................... 109 

4.3.2. Results ............................................................................................................ 113 

4.3.3. Discussion ....................................................................................................... 114 

4.3.4. Summary and conclusions .............................................................................. 116 

5. Synthesis and discussion........................................................................................ 117 

Appendices ................................................................................................................... 121 

APPENDIX 1: GUIDELINES FOR EXPERT INPUT ON ECOSYSTEM SERVICE NETWORK. ........ 122 

APPENDIX 2: Spreadsheet for the collection of expert input. ............................................. 124 

References .................................................................................................................... 125 

 

  



 

7 

 

The role of this deliverable 
This deliverable (D3.3) is the third of three reports in WP3 that together assess the 
“Biodiversity status and cumulative impacts” of European marine ecoregions. Mapping and 
understanding the links between biodiversity indicators and ecosystem functions and 
services, and their relations to key environmental and anthropogenic pressures will support 
the overarching aim of B-USEFUL to develop “user-oriented tools and solutions to conserve 
and protect marine biodiversity”.  

The deliverable is built around two main axes of research: 

- Expert-based conceptual modeling of causal relationships between Human Activities, 

Drivers and Pressures, Ecosystem Structure and Function and Ecosystem Services. 

- Quantification of the biodiversity-ecosystem functions relationships, with a focus on 

explaining spatio-temporal patterns in fish biomass and stability across regions using 

different methods, such as structural equation models (SEMs) or spatio-temporal 

models. 

We found that biodiversity plays a critical role in shaping ecosystem functions and services, 
with species richness, evenness, and functional diversity emerging as key drivers of fish 
biomass and ecosystem stability. Generally, temperature and depth were identified as 
dominant environmental factors influencing regional and large-scale patterns in fish biomass, 
while anthropogenic pressures, such as fishing, negatively impacted biomass, although the 
relationships do not appear universal and regional variations were apparent. Additionally, 
ecosystem multifunctionality in the Mediterranean Sea highlighted the importance of 
biodiversity with multifunctionality emerging from complementary species roles, with no 
single taxon dominating biogeochemical functions. These findings highlight the 
interconnectedness of biodiversity, environmental gradients, and anthropogenic pressures in 
shaping ecosystem dynamics. 

Integrating expert-based conceptual modeling with quantitative modeling can provide a 
powerful framework for understanding the links between biodiversity, ecosystem functions, 
and services in European Seas. This approach not only identifies key biodiversity indicators 
and environmental drivers of ecosystem functions and services but also highlights the 
sometimes-hidden impacts of human activities and drivers on the health of the ecosystem. 
The insights gained from this deliverable can inform targeted conservation strategies and 
support sustainable marine resource management. 

Next steps (T5.3) will analyze future predictions of ecosystem functions and services in the 
European Sea based on scenarios co-designed with end-users (T1.3). Notably, we will use the 
expert-based conceptual model built in task T3.3 and presented in this deliverable to perform 
some qualitative network-based scenarios. This will give insights into potential effects on 
biodiversity and ecosystem functions and services of, for example removing key variables in 
the European Seas socio-ecological system, such as human activities or environmental drivers. 
We will also use a size-based model to quantitively predict and compare fish biomass and 
potential harvests according to scenarios following varied shared socio-economic pathways. 
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1. Introduction 
Direct resource exploitation, climate change and land/sea use change are recognised as the 

main direct drivers of biodiversity loss in the world’s ocean (IPBES 2019). As human activities 

keep increasing and diversifying in the ocean, a phenomenon also referred as the blue 

acceleration (Jouffray et al., 2020), these direct drivers are expected to intensify. Institutions 

and governance systems play a key role in shaping these interactions (Figure 1-1). The direct 

drivers of biodiversity changes (i.e. human activities) are themselves caused by indirect drivers 

that are in turn driven by social values and behaviours (IPBES, 2019, 2024). The root causes of 

the direct anthropogenic drivers that affect nature are institutions, governance systems, and 

other indirect drivers. These include the ways societies organize themselves and interact with 

nature, as well as the resulting influences on other components (IPBES, 2019; 2024). Economic 

incentives, such as subsidies, and regimes governing property rights and access to resources, 

can either mitigate or reinforce pressures on ecosystems. For instance, poorly managed 

fisheries may lead to overexploitation, while well-enforced regulations can promote 

sustainability. But also, focus on blue growth, as well as lifestyle choices, can increase the 

demand for marine resources which can have significant impacts on the social and ecological 

systems (Ehlers, 2016; Leposa, 2020). For example, if changes in consumption patterns would 

occur, such as an increase in the amount of fish in one’s diet, this would lead to a higher 

demand and thus a higher fish resource exploitation and pressure on the marine ecosystems. 

But the benefits that human societies obtain from nature, such as seafood and climate 

regulation, are themselves dependent on healthy and well-functioning ecosystems (Figure 

1-1). Indeed, biodiversity loss or changes can have important impacts on ocean ecosystem 

functions and services (Worm et al., 2006), including supporting and regulating services as 

well as the provisioning of sustainable seafood (Díaz et al., 2019a).   

 

Figure 1-1. A conceptual framework of a marine socio-ecological system, displaying relationships between nature 
and humans. It links human well-being to governance and human activities and pressures on marine biodiversity 
and their direct, or indirect effects on multiple ecosystem functions and services. The figure was in part inspired 
and redrawn from IPBES (2019) conceptual framework of nature-human relationships (Díaz et al., 2015). 

Ecosystem functions refer to the natural processes and interactions that maintain 
ecosystems, such as nutrient cycling, primary production, and habitat provision. In the ocean, 
for example, coral reefs play a critical role in supporting marine biodiversity (Brandl et al., 
2019), while phytoplankton contribute to carbon cycling and oxygen production (Falkowski, 
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1994). Ecosystem services are the supporting, regulating, cultural and provisioning services 
that human benefit from nature (Millenium ecosystem assessment, 2005). Nature’s 
contributions to people is also a widely used term that encompasses a broader and more 
inclusive view of the benefits human obtain from natures, including the material, non-material 
and regulating benefits (IPBES, 2019). Although the term can be criticised due to its utilitarian 
view of nature, in this deliverable, we will generally use the term ecosystem service. The ocean 
provides countless and varied benefits to humanity, from food and livelihoods to cultural and 
recreational value (Figure 1-2). Importantly, most of these benefits, like the provisioning and 
cultural services, are the result of interactions between nature and societies, i.e. the 
interaction of human with nature is the needed condition for ecosystem services to arise, 
emphasizing the interconnectedness of ecological and social systems. 

 

Figure 1-2. Example of some provisioning, regulating and cultural ecosystem services that can be derived from 
the ocean. 

1.1. Biodiversity-Ecosystem functions relationships 

The question on whether there exists a relationship between biodiversity and ecosystem 
functioning, and if so what shape and strength it follows (Figure 1-3), has been a passionate 
research subject for many decades (Ali, 2023). These potential relations are often referred to 
in the literature as the “B-EF” relationships and have some extensive theoretical background.  

Biodiversity is defined by the Convention on Biological Diversity (CBD) as: “the variability 
among living organisms from all sources including, inter alia, terrestrial, marine and other 
aquatic ecosystems and the ecological complexes of which they are part; this includes 
diversity within species, between species and of ecosystems”. Within B-EF research, 
biodiversity is often described in terms of taxonomic and/or functional richness and 
abundances variability and equity within communities (e.g. evenness) (Ali, 2023; Loreau et al., 
2001; Tilman et al., 2014). Whereas in earlier years of the B-EF research the focus was 
especially on species richness as the drivers of ecosystem stability and functions, in more 
recent years, the focus has shifted towards more trait-based diversity measures. Observed 
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diversity effects of taxonomic richness on ecosystem functions are often interpreted as arising 
from the positive effect of increasing species on trait diversity (Tilman et al., 2014). Traits 
might be better than taxonomic measures to explain ecosystem functions as it is hypothesised 
that it is the species-specific traits and functions in the ecosystem that impact ecosystem 
functions, e.g. in simpler words more “what are the species doing in the system” rather than 
“who they are”. This is especially important within the niche complementarity hypothesis, 
which states that diverse functional species within a community will occupy different 
ecological niches which would lead to more efficient utilization of available resources through 
niche differentiation and facilitation, and thus increasing ecosystem functioning (Ali, 2023; 
Loreau et al., 2001).  

As stated earlier, ecosystem functions refer to the physical, chemical or biological processes 
that take place within and sustain the ecosystem. The creation, transformation or recycling of 
energy and biomass, such as carbon and nutrient fluxes, or biomass productivity, are examples 
of biological functions of the ecosystem. In B-EF research, biomass is widely used as a metric 
of ecosystem functioning and as a proxy of productivity (Ali, 2023; Tilman et al., 2014). In this 
deliverable, we will notably follow this line of research by analyzing the drivers of fish biomass 
across European seas and using various statistical and modeling methods. We will therefore 
present and focus on a specific sub-theme of the B-EF theories: the biodiversity-productivity 
relationship. 

 

Figure 1-3. The “B-EF” research aims to assess and understand whether a relationship exists between 
ecosystem functioning and biodiversity. The relationship is hypothesised to follow different directions (e.g. 
positive or negative) or shapes (e.g. linear or asymptotic) according to different ecological theories. 

The biodiversity-productivity theory:  

The diversity-productivity hypothesis suggests that biodiversity enhances ecosystem 
productivity, and therefore that more diverse communities, often in terms of species or 
functional richness, are generally more efficient at utilizing resources and producing biomass. 
There exist multiple competing and complementary frameworks using mathematical models 
that tend to explain why more diverse communities would lead to higher productivity.  

Among them is the confounding effect of biodiversity on productivity, which states that just 
by random, the more species are present in a community, the higher the chances of having a 
high-productivity species that will drive the biomass higher. This hypothesis is often referred 
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to as the sampling or selection probability hypothesis. For example, (Tilman et al., 1997) 
provided a foundational theoretical framework for this hypothesis, contrasting two primary 
models of biodiversity effects on ecosystem function. In their equilibrium competition model, 
where species compete for a single limiting resource, primary productivity is predicted to 
increase with species richness due to the likelihood of including highly productive species at 
higher diversity levels. However, this model also predicts that the most diverse communities 
would not exceed the productivity of the single best-performing species in monoculture. So, 
while under this hypothesis higher biodiversity, especially in terms of species richness, would 
lead to higher productivity, this higher productivity would mainly be due to random chance.  

An alternative hypothesis is the mass-ratio or dominance hypothesis that asserts that the most 
dominant species and their trait are the driving factor of community productivity (Grime, 
1998). Thus, it is expected that it’s the dominant species’ biomass and not the species richness 
that drives ecosystem functions. In other words, communities highly dominated by one to few 
species, so with low biomass evenness, will have higher productivity. Such relationships have 
been observed widely in natural systems such as in forests where the abundance and traits of 
the most dominant species, and not taxonomic or trait-based richness, appear to drive forest 
understorey biomass (Wasof et al., 2018), or in grassland experiments where the dominance 
of species appears to predict grassland biomass (Zhang et al., 2025). In the marine 
environment as well, marine fish biomass has been shown to be higher in uneven communities 
(Eger et al., 2021; Maureaud et al., 2019). 

In contrast, niche trade-off models predict that productivity will increase with diversity. 
Indeed, the niche complementarity hypothesis suggests that diverse coexisting species, with 
variable traits, will follow different ecological niches and therefore would lead to more 
efficient utilization of available resources in the ecosystem, thereby getting more out of the 
same pool of resources and therefore increasing ecosystem functioning (Loreau et al., 2001; 
Tilman et al., 1997). This suggests that certain combinations of species at higher diversity 
levels can outperform any single more productive species, owing to complementary resource 
use or facilitation among species (Tilman et al., 2014). Early studies on B-EF relationship using 
grassland experiments showed notably that plant functional (i.e. trait-based) diversity was an 
important driver of grassland productivity (Loreau & Hector, 2001; Tilman et al., 1997). Other 
studies showed the importance of the combination of several plant strategies within a 
community, such as combination of legumes and c4 grasses, to increase productivity (Fargione 
et al., 2007). The importance of diverse community composition on ecosystem functions 
might also be enhanced under stressed or disturbed environment (Ratcliffe et al., 2017), which 
points to the importance of preserving biodiversity under the current increasing 
environmental pressures 

However, the relationship between biodiversity and productivity is not universal and can 
follow several of the hypotheses described earlier. It exists complex and varying relationships 
between biodiversity, ecosystem functioning, and environmental context. Increasingly, 
studies are attempting to model or assess the various biodiversity-productivity hypothesis in 
combination rather than isolation. For example, (Loreau & Hector, 2001) theoretical concept 
integrates multiple ecological hypothesis with the different mechanisms interacting together 
to shape community biomass (Ali, 2023), such as the dominance effect and the 
complementarity effect through a dynamic interaction of species traits, species interactions, 
and environmental factors.  
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The B-EF relationship in the marine environment has intensified in the last decade, and have 
notably done so the studies attempting to explain the variation in primary and secondary 
productivity. Among them, several recent studies analyzed the drivers of fish biomass at 
regional scale such as in the North Sea (Maureaud et al., 2019), by comparing responses across 
coastal ecosystems (Mouillot et al., 2025), in seagrass fish communities (Eger et al., 2021) or 
for global reef fish communities (Yan et al., 2025). Whereas the different studies aims and 
methods differ, some general conclusion and further research questions can be drawn from 
them. From these previous studies, we learned that species richness, while important in 
enhancing biomass in many regions (e.g. Mouillot et al. 2025), usually seems less important 
than abundance distribution in the communities (Eger et al., 2021; Maureaud et al., 2019; Yan 
et al., 2025), but these findings appear to vary geographically (Yan et al. 2025; Mouillot et al. 
2025). Environmental stressors, and notably temperature might have as strong an effect on 
fish productivity as diversity indicators (van Denderen et al., 2023; Yan et al., 2025), with 
biomass usually higher in colder waters due to metabolic constraints on growth in warmer 
waters (van Denderen et al. 2023; Yan et al. 2025). In addition, other factors might be 
important in driving fish biomass such as environmental seasonality (Maureaud et al., 2019), 
sea habitat characteristics and human pressures .  

In this deliverable, we aim to address unresolved questions surrounding the drivers of fish 
biomass and marine ecosystem functions based on the outcomes of the previously mentioned 
studies. Notably, our research was driven by the following questions: 

- How universal is the diversity-biomass relationship? We aimed to assess the 

relationship between total fish biomass, diversity, and environmental indicators across 

multiple ecoregions and at various scales, to evaluate the universality of the 

relationship.  

- How are the environment and human pressures impacting or modulating the B-EF 

relationship? We analyzed jointly the direct effect of biodiversity, and the direct and 

indirect effects of abiotic variables (e.g. depth, temperature and fishing) on the 

biomass of fish communities, to assess the contribution of each of these drivers on 

productivity, and whether biodiversity or other drivers seems to have more effect. 

- Is trait-based diversity more important than simpler taxonomic diversity indicators in 

explaining fish biomass? Whereas the theory tends to postulate that trait composition 

and diversity is a better explainer of ecosystem productivity and function, there have 

been some contradictory results in marine literature. As taxonomic diversity is often 

easier to calculate and interpret, it could be beneficial to use taxonomic instead of 

functional indicators, if they appeared to be as good in explaining B-EF relationships. 

This can have important implications for management and communication with end-

users. 

1.2. Links between biodiversity and ecosystem services 

While marine scientific studies on B-EF relationships, particularly biodiversity-productivity 
dynamics, have grown significantly over the past decades, research on the influence of 
biodiversity on ecosystem services has comparatively generally lagged behind. This is 
especially true for studies that quantitatively analyse ecosystem services and their drivers. In 
contrast, the links between biodiversity and ecosystem services have been more extensively 
explored through qualitative approaches, often relying on expert-based knowledge (Figure 
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1-4). Notable examples of such qualitative frameworks include the ecosystem services 
cascade model (e.g. (Potschin-Young et al., 2018a), the ODEMM (Options for Delivering 
Ecosystem-Based Marine Management) framework (e.g. (Aarflot et al., 2024), and the DPSIR 
(Drivers-Pressure-State-Impact-Response) framework (Elliott et al., 2017; Gari et al., 2015). 
These qualitative models can provide valuable insights into the drivers of ecosystem services 
(Broszeit et al., 2019).  

For instance, (Armoškaitė et al., 2020) introduced an expert-based assessment tool that 
combines a matrix following the ecosystem services cascade structure with a linkage diagram 
to visualize the interactions between ecosystem components, functions, and services. This 
tool was for example applied in Latvian marine waters to assess the relative contribution of 
selected ecosystem components (e.g. biodiversity) on the supply of ecosystem services, and 
permitted to highlight the impacts of environmental degradation on ecosystem services.  

Similarly, the D(A)PSI(W)R(M) framework, as expanded by Elliott et al. (2017), builds on the 
simpler DPSIR model by incorporating in addition human Activities, Welfare and Management 
measures into the framework. It provided a holistic approach to understanding the 
interactions between human activities, pressures, and their impacts on marine ecosystems 
and the services they provide. Its nested structure allows for the integration of multiple scales 
and ecosystems, making it particularly useful for addressing the complexity of marine 
environmental management. For example, (Bryhn et al., 2020) applied a DAPSIR-based model 
to Swedish marine waters, using a consensus assessment based on evaluation of available 
literature and data. The model was used to evaluate the dependencies and impacts of human 
activities on ecosystem services. This approach could notably demonstrate discrepancies 
among economic sectors in terms of their reliance on and impact on ecosystem services. 

 

Figure 1-4. Selected examples of different types of conceptual models used to establish links between drivers, 
biodiversity and ecosystem services. A) Schematic representation of an ecosystem service cascade model 
(simplified and redrawn from Potschin-Young et al. (2018b). B) a network representing different type of variables 
(dots) and their relations (lines) to each other. C) a Sankey diagram displaying links among human activities, their 
associated drivers/pressures and their impact on biodiversity/ecological components, the links are weighted 
based on the impact risk (i.e. exposure and severity of an interaction), as use for example in ODEMM risk 
assessment (e.g. Skein et al., 2022). 

These conceptual models can be useful tools for environmental management due to their 
often-simple qualitative structure, and their ability to bridge the gap between ecological 
science and policymaking. By providing structured frameworks and tools, these models 
facilitate the integration of ecological, social, and economic dimensions, enabling a more 
comprehensive understanding of ecosystem services. Their analysis, either qualitative or 
semi-quantitative, can also help identify trade-offs between different services and support 
evidence-based decision-making for sustainable resource management (Broszeit et al., 2019). 
For example, an integrated modelling approach in the Gulf of Cadiz (southern Spain) 
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demonstrated how anthropogenic pressures and biodiversity loss can affect the delivery of 
provisioning, regulating, and cultural ecosystem services (Alcorlo et al., 2023). 

Each conceptual modelling exercise is tailored to specific research questions; here, we aimed 
to focus on the specific question “Which are the drivers, and ecosystem functions and services 
linked to the biodiversity of bentho-demersal communities in the European Seas?”. While 
some variations around this question might have been investigated earlier, this specific 
question has not. As an exercise in this deliverable, we gathered expert knowledge on the 
bentho-demersal communities (i.e. invertebrates and fish associated to the sea bottom), their 
drivers, and their importance in ecosystem processes and services, and used it to build a 
conceptual model which could act as a robust overview of the associated ecological system. 

1.3.  This deliverable 

The primary aim of WP3 is to assess and analysed the links between biodiversity and 
ecosystem functions and services in the European Seas. First, the potential links within the 
socio-ecological system of the European Seas were addressed through expert knowledge on 
the relationship between human activities, pressures, biodiversity and ecosystem function 
and services. This was done by compiling the judgement of more than 15 experts on marine 
biodiversity on the potential links between a selected set of 51 variables. For each of a total 
of 996 potential links, the experts had to evaluate the presence/absence of the link, its 
direction and strength, and their confidence on each given input. This exercise led to the 
construction of a conceptual network of the hypothesized links within the European Sea socio-
ecological system, with a specific focus on the links between biodiversity indicators and the 
ecosystem functions and services. The analysis of the network permitted to pinpoint variables 
and groups of variables whose effects or drivers appears to still be very little known and thus 
deserve more research attention. In addition, we identified variables that appear central in 
the network due to their high connectance (i.e. linked with many variables), such as 
taxonomic-group biomass indicators. Such network analysis can permit to identify key 
biodiversity indicators that might confer robustness to the system. 

The expert-based conceptual network building and analysis was followed by a quantitative 
analysis of the biodiversity-ecosystem function relationship by focusing on the relationship 
between biodiversity and fish biomass (i.e. productivity). Knowledge drawn from the expert 
network was used to establish hypotheses about the potential relationships in this specific 
fish biomass case-study. We used statistical equation models (SEMs) to assess and quantify 
the relationships and repeated the same method in 7 case studies (4 in North Mediterranean 
Sea and 3 in the Northeast Atlantic). The aims of this study was to (i) assess whether the 
relationships are similar across different regions and (ii) compare the effects of taxonomic vs 
functional indicators on fish biomass. We found that across case-studies, taxonomic evenness 
consistently add a negative effect on fish biomass whereas taxonomic richness had a 
consistently positive effect. In general, taxonomic indicators seems as good or better at 
predicting fish biomass than functional indicators, and biodiversity indicators could explain 
more of the biomass variability than any environmental indicators. 

Complementary studies to evaluate the drivers of fish biomass in the European Seas were 
done. A study focusing on the drivers of fish biomass in the Barents Sea showed that 
temperature and biomass dominance drives total community biomass, irrespective of time-
periods or subregions, while niche complementarity, through species richness, becomes more 
important for explaining the biomass of non-dominant taxa. Two large scale studies focused 
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on the environmental drivers of fish biomass with one study focusing on the comparison of 
environmental-biomass relations across regiones, whereas the other focused on whether fish 
community biomass decline with temperature as expected based on trophic and metabolic 
theories. In accordance with the other studies, it was found that temperature is a dominant 
driver of large-scale variation in demersal fish biomass, and that lower biomass in warm 
regions is due to reduced trophic efficiency and higher turnover rates of biomass. It was also 
found that biomass peaks at intermediate depths (100–300 m) across all shelf’s regions, 
whereas temperature and primary productivity effects vary between regions. 

Whereas B-EF often focus on single ecosystem function (e.g. productivity), it is important to 
attempt to integrate and analyse functions together to get a more realistic understanding of 
the system. Ecosystem multi-functions in the Mediterranean Sea were investigated by 
quantifying and mapping spatio-temporal patterns in five functional rates representing major 
carbon and nutrient flux pathways and assessing their main drivers. Multifunctionality 
emerged from complementary species roles as fish’ role in biogeochemical functioning was 
not dominated by specific taxon but instead displayed important functional trade-offs. Fish-
mediated biogeochemical multi-functionality was especially high in the western 
Mediterranean and was positively driven by functional divergence and primary productivity 
but reduced by depth. Fishing pressure likely played a role in ecosystem multifunctionality by 
suppressing biogeochemical fluxes. 

Finally, two studies investigated spatial and temporal patterns in community stability and how 
biodiversity affects the systems’ stability. Stability was represented as the inverse of the 
variation in species abundance or biomass. The studies found that community stability 
displayed large-scale variation, and that environmental gradients, such as salinity, depth, and 
productivity, were key drivers of spatial variation in fish community stability. Additionally, 
biodiversity, particularly species richness and evenness, appeared to play an important role in 
enhancing stability. For example, fish communities with more asynchronous species dynamics 
(low synchrony) appeared to be more stable. Anthropogenic pressures, such as fishing effort 
(e.g. bottom trawling), seemed to negatively impact stability through its mediated negative 
impact on species evenness. The two studies emphasize the importance of biodiversity, 
environmental heterogeneity, and context-specific factors in shaping community stability. 

Based on the findings of this deliverable, we made some recommendation for biodiversity 
management and current knowledge gaps and uncertainty. 
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2. Expert modelling of the relationships between 
biodiversity and ecosystem functions and services.  

Lead contributor: Julia Polo (UiT) 

In the pursuit of establishing links between biodiversity and ecosystem functions and their 
associated services, in the context of B-USEFUL task 3.3 we estimated key ecosystem-level 
indicators and studied their interdependencies through the development of an expert 
knowledge-based conceptual model (Figure 2-1). A conceptual model would act here as a 
cognitive network, i.e., a qualitative model of how a system operates, through the depiction 
of a number of selected components and the relations between them, often shown in the 
form of a graph (Özesmi & Özesmi, 2004). The methodologies used for its development and 
the resulting “global conceptual network linking ecosystem services, structure and function, 
and drivers and pressures of the benthic and demersal marine communities of European seas” 
are described in this section.  

Figure 2-1. Summary of the steps taken to conceptualize the biodiversity-ecosystem function 
and services network. In step 6, for the empirical validation of the expert-based model, the 
expert-elicited relationships in the network were validated against field data (for the 
components for which data was available), in regional Structural Equation Models (SEMs; 
chapter 3 in this deliverable). 

2.1.  Compilation of expert knowledge and modelling of the network:  

As an introduction to the compilation of expert knowledge on which the conceptual network 
was to be based, two workshops were held in the 2023 and 2024 (B-USEFUL) project meetings 
in Palma (Spain) and Lowestoft (UK), respectively.  

At the first workshop, the meeting participants, who collectively authored hundreds of papers 

and technical reports relevant to the subject matter, were invited to group around four 

regions of study (two for the Mediterranean, western and eastern, and two for the Atlantic, 

northeastern and southeastern) to design together a simplified conceptual overview of the 

benthic and demersal ecosystems’ functions-services linkages in each region. All conceptual 

models included at least 2 indicators for functioning, 4 for biodiversity, and the most relevant 
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drivers and pressures agreed by the participants (Figure 2-2). This first workshop inspired the 

posterior list of indicators to be used as nodes in the global conceptual network. 

Figure 2-2. Regional conceptual models developed by the experts at a first workshop, held at 

B-USEFUL's annual 2023 meeting. In this workshop the nodes and relationships of the models 

were defined in group discussions, differently to the final approach taken to design the global 

conceptual network, for which experts were asked to work individually, in order to avoid 

group bias. 

At the second workshop, participants of the project annual meeting engaged in a more 

detailed development of the regional conceptual models (Figure 2-3). For this, divided in 7 

groups that corresponded to given ecological/geographical study regions, they selected the 

components they considered relevant within their study regions, among a set of variables and 

indicators that had been pre-defined and co-developed with end-users under Task 1.3 (Table 

2-1). Then, making use of a virtual board, they represented the direction and magnitude of 

the links between the components based on their knowledge. To decide on the connections 

among ecosystem functions, services and drivers in their regions, they engaged in group 

discussions. 

Figure 2-3. Resulting regional networks developed at the second workshop, held at B-USEFUL's 

annual 2024 meeting. Three groups worked on different aspects of the North-East Atlantic 

region, focusing on “provisioning of seafood” and “climate regulation” as centres of their 

network. Two groups worked separately on the Mediterranean Sea ecosystems, with focus on 

the “provisioning of seafood” as an ecosystem service on the eastern and the western 

subregions. Another group worked on the North Sea, with focus on the “offshore windfarms” 
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impacts on the ecosystems. Online attendants to the workshop worked on a conceptual 

network around the ecosystem service “bioturbation”, as centre of their network. 

Both workshops aimed to define the approach for the compilation of expert input that would 

support the development of the final global network, as well as to train and educate B-USEFUL 

researchers in this methodology.  

After the second workshop was held, experts interested in contributing to the development 

of the conceptual network were invited individually to formally give their input on a set of 996 

potential links between pairs of ecosystem components. They would rate whether there 

existed a direct causal connection (link, from here on) among the component pairs, and if so, 

which direction it typically takes in European seas. For this, they were given a document with 

guidelines to follow to register their knowledge (Appendix 1), as well as an annex spreadsheet, 

containing the actual list of links (Appendix 2). Additional online training sessions were also 

held. The spreadsheet contained: 

• A sheet with the definitions of the ecosystem components/indicators (Table 2-1) and 

the interpretation of the possible values to be assigned to the “Direction” and 

“Strength” of the link, and the “Confidence” of the expert on their response (Table 2-2 

and Table 2-3).  

• A sheet with the list of 996 pairs of components whose links to rate. 

Experts who took on the activity were commanded to take a light, low-key approach in the 
filling of the spreadsheet. They assessed the links’ nature (existence, direction and magnitude) 
by selecting an option from a drop-down list for each pair of components (see Appendix 2). 
An emphasis was made to only rate causal direct links (from one element to the other). If they 
considered there was no causal link among the components, or if there was a link but they 
considered it not to be direct (i.e., dependant on a third variable or process) experts would 
choose “None” in the “Direction” column. As for the temporal and spatial scale aspects of the 
relationships assessed, the experts were encouraged to rate the links between the 
components at European level, thinking of the relationship between components widely, from 
Mediterranean to North-East Atlantic (excluding the Baltic Sea due to its very contrasting 
environmental conditions), and to think rather spatially than temporally. 

The expert responses were both blind and mutually independent, so potential group 
confirmation bias was avoided and therefore responses from all experts were given equal 
weight for the construction of the conceptual network. 

Table 2-1. List of indicators of ecosystem components to be included as nodes in the expert knowledge-based 
conceptual network. 

  Element  Abbreviation  Definition 

Ec
o
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u
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u

n
ct
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Primary production 
(ChlA)  

PP   concentration of ChlA as proxy for phytoplankton biomass (ChlA 
concentration)  

Zooplankton biomass  Zooplankton_biomass   total mass of living zooplankton (biomass from survey/CPR data)  

Benthic invertebrate 
biomass  

Benthos_biomass   total mass of living benthic invertebrates (biomass from survey and/or 
model)  

Fish biomass  Fish_biomass   total mass of living bentho-demersal fish (biomass from survey and/or 
model)  

Species richness  SRic   number of different species represented in an ecological community or 
region. Here, we focus on the species richness of the fish and benthic 
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invertebrates (bentho-demersal communities) (local species richness 
form survey)  

Species evenness  SEve   similarity in abundances of each species in an ecological community or 
region. Here, we focus on the species evenness of the fish and benthic 

invertebrates (bentho-demersal communities) (Shannon index, Simpson 
index)  

Functional richness  FRic   number of functionally unique entities based on species traits 
represented in an ecological community or region. Here, we focus on 
the functional richness of the fish and benthic invertebrates (bentho-

demersal communities) (functional richness: trait-based richness using 
convex hull area based on species presence-only)  

Functional redundancy  Fredund   overlap in functional traits across species (multiple species sharing the 
same traits/functions). Here, we focus on the functional redundancy of 

the fish and benthic invertebrates (bentho-demersal communities) 
(functional redundancy/ functional uniqueness, presence and/or 

biomass weighted)  

Functional evenness  FEve   similarity in abundances of functionally unique entities in a community 
or region. Here, we focus on the functional evenness of the fish and 
benthic invertebrates (bentho-demersal communities) (functional 

evenness: trait-based evenness accounting for biomass/abundance 
distribution)  

Size structure (LFI)  Size_structure   the size distribution within the fish community. (Large-fish indicator =  
proportion of large fish (usually >40-50cm) biomass relative to the total 

fish community biomass)  

Bentho-pelagic coupling  BP_coupling   level of connection between the benthic and pelagic communities 
through the exchange of energy, mass, or nutrients. When the coupling 
is high, the pelagic biomass level is similar to the benthic biomass level, 

when it is low, the biomasses are disconnected (i.e., high pelagic 
biomass but low benthic biomass) (proxys:  demersal to pelagic biomass 

ratio, ratio pelagic biomass/benthic biomass)  

Benthivorous to 
piscivorous ratio  

Benthiv-pisciv_ratio   biomass ratio of benthivorous species versus the biomass of piscivorous 
species, here, focusing on fish communities. (benthivorous 

biomass/piscivorous biomass; feeding group biomass).   

Benthivorous to 
planktivorous ratio  

Benthiv-planktiv_ratio   biomass ratio of benthivorous species versus the biomass of 
planktivorous species, here, focusing on fish communities (benthivorous 

biomass/planktivorous biomass; feeding group biomass).  

CWM trophic level  CWM_TL   the mean trophic level of the species in a community or region 
weighted by their biomass. Here, focusing on fish and benthic 

invertebrate communities (proxy: fish CWM trophic level based on 
survey and trait dataset)  

Nursery areas, spawning 
grounds  

Life_cycle_maintenance  Essential fish habitats (EFH), critical habitats providing conditions that 
favour the reproduction and the juvenile stages (after hatching) of 

certain bentho-demersal species (presence/absence or nursery and/or 
spawning grounds of commercial fish)  

Ec
o

sy
st

e
m

 s
e

rv
ic

e
s 

Provisionning - seafood 
landings  

seafood_landings_ES   harvest of fish and invertebrates for food (total landings, commercial 
sps biomass)  

Provisionning - energy oil 
& gas  

oil_gas_ES   extraction of fossil fuels from the marine seabed to provide energy 
(total oil barrel, gas m3)  

Provisionning - energy 
windfarm  

energy_windfarm_ES   transforming wind into (renewable) energy using offshore wind farms 
(total kW)  

Regulating  - climate 
regulation (bioturbation)  

climate_regulation_biotu
rbation_ES  

 disturbance of sediments by benthic invertebrates, helping with 
nutrient (re)cycling and mitigating GHG emissions. (bioturbation index 

from benthos survey)  

Regulating  - climate 
regulation (blue carbon)  

climate_regulation_bluec
arbon_ES  

 sequestration of carbon in marine life (e.g. benthos, whales) and 
sediments, mitigating GHG emissions. (proxy: blue carbon estimation 
based on benthic composition; storage potential based on sediment 

composition)  

Regulating  - waste 
recycling  

waste_recycling_ES   breakdown and filtration of pollutants by marine organisms, 
maintaining water quality. (proxy: total biomass of filter feeders)  

Cultural - tourism, 
recreation  

tourism_recreation_ES   activities like diving, fishing, and coastal tourism, enhancing coastal 
well-being and economy (Number of tourists, hotels, recreational 

licences, income from tourism)  

Cultural - science, 
education  

science_education_ES   research and learning opportunities from the marine ecosystem 
(research production)  
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Cultural - well being, 
heritage, spiritual, art  

wellbeing_art_ES   providing inspiration, cultural identity, and a sense of connection to 
marine life and coastal environments (Number of people in coastal 

areas, existence of specific sea habitats/species)  
H

u
m

an
 a

ct
iv

it
ie
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Fishing-active bottom 
dwelling gears  

Trawling   commercial harvesting of wild seafood through active bottom trawling 
gears  

Fishing-other gears  Other_gears   commercial harvesting of wild seafood through pelagic and passive 
bottom gears  

Offshore aquaculture  Offshore_aquaculture   farming fish and shellfish in marine offshore environments 
(presence/number of farms)  

Greenhouse gas 
emissions  

GHG   release of gases, such as CO₂, methane, nitrous oxide, and fluorinated 
gases, into the atmosphere, derived from the burning of fossil fuels, 

industrial processes, deforestation and intensive agriculture and farming 
(GHG or Co2 atmospheric concentrations)  

Shipping  Shipping   transportation of goods and passengers by sea (shipping intensity)  

Oil & gas  Oil_gas   exploration and extraction of fossil fuels from seabeds (area with 
infrastructure)  

Pipelines & cables (incl. 
Offshore wind farm)  

Pipelines_cables   underwater infrastructure for energy, communication, and resource 
transport (area with infrastructure)  

Offshore renewable 
energy  

Offshore_renewable_ene
rgy  

 generating clean energy from wind, waves, and tides. Here focusing 
especially on offshore wind farm (presence/number of windfarm)  

Military  Military   naval and defense operations at sea (military operations – but difficult 
to obtain data, military reserved area)  

Tourism and recreation  Tourism_recreation   activities related to leisure such as boating, diving, recreational fishing, 
and enjoying the beach and coast (number of hotels, number of leisure 

boats/harbours, tourist companies)  

Land based activities 
(Agriculture, forestry, 
urban and industry)  

Land_activities   terrestrial activities contributing runoff and pollution to marine 
environments  

D
ri

ve
rs

 a
n

d
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s 
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Sea temperature  Temperature   e.g., SST, SBT, seasonality  

Sea salinity  Salinity   concentration of salt in seawater (SSS, SBS, seasonality)  

Acidification (pH)  Acidification   increase in ocean acidity (decrease in pH)  

Depth  Depth   distance from the ocean surface to the seafloor (seabed depth)  

Wind  Wind  natural movement of air, typically caused by differences in atmospheric 
pressure  

Oxygen  O2  dissolved oxygen in seawater, crucial for the survival of marine 
organims. Oxygen enters seawater from the atmosphere and through 

photosynthesis, and conditions of low dissolved oxygen can lead to 
hypoxic conditions  

Nutrients (P, N, S)  Nutrients  essential chemical elements and compounds dissolved in seawater, such 
as nitrogen, phosphorus, and silicates. When imbalanced can lead to 

harmful blooms  

Type of sediment  Sediment_finetocoarse   the seafloor composition of materials, here, we focus on a gradient 
from fine grain (sand/mud) to coarse grain (pebbles, rocks) (seabed type 

Emodnet)  

Extreme events (MHW)  MHW   abnomally high sea temperatures during at least 5 days (MHWs metrics 
based on SST anomaly:  duration, intensity, frequency)  

Seafloor abrasion and 
habitat loss  

Seafloor_abrasion_habit
al_loss  

 physical damage to the seabed from human activity (seafloor abrasion 
from fisheries)  

Siltation/smothering  Siltation_smothering   accumulation of fine sediments on the seafloor  

Invasive and non-
indigenous species  

Invasive_NIS_species   species that are new to an area, introduced or naturally spreading. 
(number of recorded new/invasive species)  

Coastal discharges and 
pollution  

Discharge_pollution   entry of contaminants from land-based sources as well as general 
pollution in the ocean such as plastic (nutrient concentrations nitrate, 

phosphate, plastic pollution, non-organic bycatch)  

(Selective) Species 
extraction  

Species_extraction   targeted removal of specific species (e.g. through fishing) (total catches)  

Underwater noise  Underwater_noise   sound pollution in the marine environment. It can affect marine 
ecosystems by disturbing or disorienting aquatic species, particularly 
those that rely on sound for communication, navigation, and hunting.  
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Sediment (carbon) 
(re)suspension  

Carbon_resuspension   release of sediment and stored carbon into the water column  

 

Table 2-2. Interpretation of the possible directions that the links between ecosystem components could take, as 
given to the experts. 

Positive Element A has a linear positive causal effect on Element B 

Negative Element A has a linear negative causal effect on Element B 

Non linear There is a causal link going from Element A to Element B but the 
relationship is either U- or Ո-shaped 

Not clear There is a causal link among the elements, but its direction is context 
dependent or not universal (different responses depending on the 

species or on the region) 

None There is no causal link among the elements, or it is indirect 

 

Table 2-3. Interpretation of the possible values the experts could assign to the strength of the link and the 
confidence level on their response. 

Strength of link 

1 Weak link 

2 Intermediate strength link 

3 Strong link 

Confidence level 

1 Low confidence in the direction value 
assigned by the expert 

2 Medium confidence 

3 High confidence 

 

2.2.  Analysis of the conceptual network 

The compilation of input from 14 experts allowed for the summarization of the information 
provided in the form of a graphical conceptual network (
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Figure 2-4). 

The network has 49 components and 558 links between them. This results on a network 
connectance of 0.23, which means that 23% of all possible interactions between the 
components was considered as existing. This is quite high and demonstrates that this marine 
socio-ecological system is highly connected, and thus changes in one component could have 
repercussions on many others.  

Figure 2-4. A graphical representation of the global conceptual network based on experts’ 
knowledge. In the case of the network represented in this figure, experts’ input was not 
filtered for a high level of confidence. The network is a schematic, out of temporal scale, 
diagram linking ecosystem functioning and structure, ecosystem services, human activities, 
drivers and pressures, in European Seas. 

Inter-rater agreement: 
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The conceptual network was analysed for inter-rater agreement. The coherence in ratings 
across experts, whose background knowledge come from different fields of expertise and 
marine regions, would indicate that: 

(1) there is a common view of the main hazards to, and functioning of, marine ecosystems. 

(2) expert elicitation provides a robust basis for the modelling of the human footprint on 
marine ecosystems (Kallio et al, 2025).  

As indices of the inter-rater level of agreement, we explored the following: 

• Fleiss' kappa (Gwet, 2021), which measured the level of agreement among the experts 

beyond what would be expected by chance. Kappa values generally range from -1 to 

1, with the following interpretation: <0 less than random chance agreement, 0 - 0.20 

slight agreement, 0.21 - 0.40 Fair agreement, 0.41 - 0.60 Moderate agreement, 0.61 - 

0.80 strong agreement, 0.81 - 1.00 very strong agreement.  

• Kendall's coefficient of concordance (W) (Legendre, 2005), was computed to explore 

the experts’ agreement on the strength of the relationships between ecosystem 

components. 

The calculation of Fleiss kappa also produced a z-score, indicating how many standard 
deviations away from the mean the Kappa value is under the null hypothesis of “no agreement 
beyond chance”, and a p-value, the probability of observing the data if the null hypothesis of 
“no agreement beyond chance” was true. 

Overall agreement across the 14 experts and 996 links was fair (Table 2-4)., with Fleiss’ kappa 
values of 0.28 for link direction and Kendall’s W values of 0.24 for link strength, both highly 
significant. Agreement on expert confidence was lower (W = 0.23), indicating a great 
variability in how certain experts felt about their judgments. When simplifying responses to 
link vs. no-link, agreement increased slightly (kappa = 0.35), still within the fair range.  

Table 2-4. Summary of inter-expert agreement across 14 raters and 996 assessed links. Agreement on direction 
of the link was quantified using Fleiss’ kappa, a statistic measuring consistency among multiple raters for 
categorical judgments. Agreement on link strength and expert confidence was evaluated using Kendall’s W, a 
concordance measure for ordinal ratings. Kappa values indicated for both link direction and the simplified 
link/no-link classification (in which the 4 possible directions for the links, other than “None”, were summarized 
as “Link”, so, existence of link).  

AGREEMENT 5 DIRECTION CHOICES 

  Kappa/W:  Z-score  P-value  Agreement  

Direction of 
link  

0.28  143  0  Fair  

Strength  0.24    2.12e-213  Fair  

Confidence  0.23    3.57e-215  High variability  

AGREEMENT LINK/NO LINK  

  0.35  106  0  Fair 
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Exploring the agreement and disagreement of the experts’ input, Figure 2-5 and Figure 2-6 
illustrate the distribution of expert agreement on the direction of the ecosystem links. For 
the entire list of 996 links (Figure 2-5), most links show a low consensus, with only a few 
cases where all or nearly all experts agreed on the direction of the response. When filtering 
the links to only high-confidence assessments (confidence = 3) (Figure 2-6), the agreement 
peaked at moderate levels (three to four experts) and declined sharply for complete 
consensus. Overall, these two figures highlight that while full agreement among experts is 
rare, confidence-filtered responses tend to cluster around more consistent agreement. 

 

 

Figure 2-5. Frequency distribution of the experts’ agreement on the direction (other than “None”) of the links 
between ecosystem components, drivers and human activities. E.g., for 12 links the 14 experts agreed on the 
direction of the response; for 10 links there was almost an absolute agreement (13 experts), etc. 

When the data was filtered to only keep the rated links with ‘high confidence’ (confidence = 
3), then the Fleiss kappa rose to 0.542, a moderate agreement. 

Across link categories, as shown in Table 2-5, expert agreement showed a consistent pattern: 

agreement on the direction of the links was highest for the category linking Human activities 

to Pressures/Drivers (Fleiss’ kappa = 0.349), indicating a relatively strong consensus on how 

human actions influence pressures in the system. Agreement on the links’ direction was 

slightly lower for relationships between components of Ecosystem structure and function, and 

the provisioning of Ecosystem Services (Fleiss’ kappa = 0.278), and declined further for 

interactions within or between Pressures and Ecosystem Structure and Function components. 

When assessing the strength of the system links the highest concordance appeared for links 

between Ecosystem structure and function components and the provisioning of Ecosystem 

Services (Kendall’s W = 0.285), followed closely by Human activities – Pressures/Drivers 

(Kendall’s W = 0.255), suggesting experts were more aligned when judging the magnitude of 

these cross-system relationships. Finally, expert confidence showed the lowest overall 
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agreement, with Kendall’s W values ranging from 0.270 to 0.073, indicating substantial 

variability in how certain experts felt about their own assessments.  

 

Figure 2-6. Frequency distribution of the experts’ agreement, only for the links (between ecosystem 
components, drivers and human activities) in which the experts showed high confidence (confidence = 3). E.g., 
for 0 links the 14 experts agreed on the direction of the response; for 2 links there was almost an absolute 
agreement (13 experts), etc. 

 

Table 2-5. Agreement per group or category of links, from categories with higher agreement (first row) to lower 
(fifth row). Fleiss kappa was used as a coefficient of the inter-rater (experts) agreement on the direction of the 
link, given it is well suited for categorical inputs. Kendall's W, well suited for ordinal data, was computed per 
category of links to explore agreement on the strength of the model’s links, as well as the variance of experts’ 
confidence on their responses. 

Link category 
Direction 

of link 
(kappa) 

  Link category 
Strength of 

link 
(kendall) 

  Link category 
Expert 

confidence 
(kendall) 

Human activities - 
Pressures/Drivers 0.349   

Ecosystem 
structure and 

function - 
Ecosystem Services 

0.285   

Ecosystem 
structure and 

function - 
Ecosystem Services 

0.270 

Ecosystem 
structure and 

function - 
Ecosystem Services 

0.278   
Human activities - 
Pressures/Drivers 0.255   

Pressures/Drivers - 
Ecosystem 

structure and 
function 

0.185 

Within 
Pressures/Drivers 0.249   

Pressures/Drivers - 
Ecosystem 

structure and 
function 

0.254   
Human activities - 
Pressures/Drivers 0.098 

Pressures/Drivers - 
Ecosystem 

structure and 
function 

0.158   
Within Ecosystem 

structure and 
function 

0.170   
Within Ecosystem 

structure and 
function 

0.085 

Within Ecosystem 
structure and 

function 
0.087   

Within 
Pressures/Drivers 0.118   

Within 
Pressures/Drivers 0.073 
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Table 2-6. The 10 links for which expert input showed a higher variance. PP = Primary productivity. 

Links with highest variance in the rating of the direction 

A (cause) B (effect) variance  

Temperature Size structure 2.989011 

Zooplankton biomass 
Benthivorous-planktivorous 

ratio 
2.989011 

Discharge pollution PP 2.708791 

Seafloor abrasion (habitat 

loss) 
Sediment (fine to coarse) 2.686813 

Depth Nutrients 2.571429 

Benthos biomass PP 2.527473 

Offshore renewable 

energy 
Underwater noise 2.439560 

PP Bentho-pelagic coupling 2.417582 

Salinity 
Life cycle maintenance 

(spawning grounds) 
2.417582 

Benthivorous-piscivorous 

ratio 
Benthos biomass 2.335165 

 

The 10 links with the highest variance in expert ratings (Table 2-6) reflect relationships for 
which the assessment of the link’s direction was particularly inconsistent. These cases 
generally involve processes that are complex, context-dependent, or weakly supported by 
empirical evidence, which could lead experts to diverge in how they interpret causal effects. 
In the same line of Table 2-5, the high-variance links span interactions between physical 
drivers (e.g., temperature, salinity, depth) and biological or biogeochemical responses, as well 
as links involving habitat alteration or trophic structure. As an example of this, the interaction 
between Temperature (Te) and Size structure, represented in the Large Fish Indicator (LFI), an 
indicator of the proportion of large fish biomass relative to the total fish-community biomass 
(Table 2-9). In this case, 6 out of 14 experts evaluated this relationship as ‘negative’, implying 
an increase in sea temperature directly causes a decrease in the relative abundance of large 
fish in the community. Conversely, 3 out of 14 experts considered this relationship ‘not clear’, 
i.e., context-dependent. Table 2-7 shows 10 of the 124 links (including those rated as “None”), 
for which there was an absolute agreement (14 out of 14 experts). 
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Table 2-7. An example set of 10 links for which expert input showed no variance, i.e., full agreement. GHG = 
Greenhouse emissions. 

10 links with no variance in the rating of the direction (full agreement)  

A (cause)  B (effect)  
Direction agreed 

upon 

Trawling  Seafloor abrassion (habitat loss) Positive  

Trawling  Carbon resuspension Positive 

Shipping Underwater noise Positive  

Seafloor abrasion (habitat loss)  Taxonomic richness  Negative 

Seafloor abrasion (habitat loss)  Functional richness  Negative 

Seafloor abrasion (habitat loss)  Fish biomass  Negative 

Taxonomic richness  Tourism and recreation (ES) Positive  

Oil and gas Underwater noise Positive  

Land activities Discharge and pollution  Positive  

GHG  Temperature  Positive 

 

Table 2-8. An example of the input given by the experts to a specific link, between Temperature (Te) and Size 
structure. 

Link category:  
Element 
A (cause)  

Element B 
(effect)  

Expert 1  Expert 2  Expert 3  Expert 4  Expert 5  Expert 6  Expert 7  

Pressures/Drivers 
- Ecosystem 

structure and 
function  

Te 
Size 

structure 
(LFI) 

Not clear Negative Not clear Negative Non-linear Negative Negative 

Expert 8  
Expert 

9  
Expert 

10  
Expert 

11  
Expert 12  Expert 13  

Expert 
14  

Positive 
Not 

clear 
None Positive Negative Negative Positive 

 

The ranking of the network components by connectedness degree, betweenness, and 

closeness (Table 2-9) highlights which components act as the most influential, central, or 

well-connected nodes within the conceptual network. Across categories, elements such as 

Land activities, Discharge and pollution, and Benthos biomass consistently emerged in at least 

one centrality metric, which would indicate certain structural importance in linking different 
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parts of the system. High-connected elements are those most directly connected to others, 

while high-betweenness elements function as key intermediaries along shortest paths, and 

high-closeness elements are efficiently positioned to influence or respond to changes across 

the network. In the biodiversity domain, Benthos biomass, Fish biomass, and Zooplankton 

biomass form a tightly connected core, which could be reflecting their relevant role in 

ecosystem functioning. Within ecosystem services, Seafood landings and Education and 

science appeared as the most structurally influential, linking ecological processes with human 

benefits. Together, these metrics aim to reveal the components that play strong roles in 

shaping the information flow and potential impact propagation within this marine 

socio-ecological system, but these results should be interpreted with caution. As noted by 

Crielaard et al. (2023), commonly used centrality metrics can be sensitive to small changes in 

diagram structure and rest on assumptions that do not fully align with how causal diagrams 

represent system behaviour. This means they could point to misleading central points and 

should not be used as definitive guidance for management or policy. Instead, centrality 

patterns are best treated as exploratory signals that can prompt further investigation rather 

than firm conclusions. 

Table 2-9. Top 3 components within each category with the highest ‘connectedness’ degree (e.g. number of 
direct links), highest ‘betweenness’ (i.e. number of times it is on the shortest path between pairs of elements), 
and highest ‘closeness’ (i.e. how well it is connected both directly and indirectly to the other variables, based on 
the shortest path). 

 Degree (“connected”) Betweenness (“hub”) Closeness (“efficient”) 

Human 
activities 

Land activities Renewable energy Land activities 

Offshore aquaculture Land activities Offshore aquaculture 

Renewable energy Offshore aquaculture Oil and gas 

Drivers and 
pressures 

Discharge, pollution Discharge, pollution Depth 

Invasive species Sediment resuspension Discharge, pollution 

Depth Underwater noise Invasive species 

Biodiversity Benthos biomass Benthos biomass Benthos biomass 

Fish biomass Fish biomass Zooplankton biomass 

Zooplankton biomass Functional richness Primary productivity 

Ecosystem 
services 

Seafood landing Education and science Education and science 

Education and science Seafood landing Seafood landing 

Wellbeing, art Bioturbation (climate reg.) Bioturbation (climate reg.) 

 

2.3.  Key take-away messages: 

• This study contributes to the broader effort to build community-shared conceptual 

models that unify fragmented ecological perspectives in European Seas. By 

synthesizing input from 14 experts, the resulting network provides a structured 

representation of how ecosystem functioning, ecosystem services, human activities, 

and pressures interact. This aligns with calls in the literature for shared theories and 

integrative frameworks (Wassmann et al., 2020). 
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• The network contains 49 components and 558 links, and yields a connectance of 0.23, 

which is high for a system of this size. This indicates that European demersal 

ecosystems are tightly intertwined, and that changes in one component can propagate 

widely through multiple pathways (Levin, 1998). Such connectivity reinforces the need 

for integrated, cross-sectoral management, rather than isolated, sector-specific 

approaches. 

• Inter-rater agreement was fair for link direction (kappa = 0.28) and link strength (W = 

0.24). Agreement increased to moderate (kappa = 0.542) when only high-confidence 

links were considered.  

• Areas of the network with a low confidence and low agreement between experts can 

help highlight knowledge gaps, or potential areas of needed further study. Here, we 

found that components within the categories “Within Ecosystem structure and 

function” and "Within Pressures/drivers” were areas with special low agreement 

across the experts. This elevated variance indicates substantial uncertainty and 

heterogeneity in expert judgement for certain relationships, highlighting them as 

potential priority areas where additional data, clarification of mechanisms, or targeted 

expert elicitation may be needed. 

• The biodiversity elements which appeared to play a central role in the system due to 

their high linkages were Benthos biomass, Fish biomass, and Zooplankton biomass, 

over the various diversity metrics explored. This could point at a slight higher difficulty 

for experts to assess the relevance and inter-connectedness of the more abstract, 

diversity metrics, over those more tangible indicators of the ecosystem’s structure. 

• In Ecology studies, expert elicitation comes in handy when empirical data are 

incomplete, but its constraints need to be recognized and addressed. Expert 

judgments can be shaped by knowledge background or regional experience, and some 

relationships may be simplified, not fully capturing ecological complexity. Agreement 

among experts reflects a shared perception rather than ecological truth, and 

conceptual networks themselves are static representations of systems that are 

constantly changing. For these reasons, conceptual models should be treated as living 

hypotheses, to be tested, challenged, and refined as new evidence emerges.  

• Understanding European Seas robustly requires revisiting entrenched assumptions 

and moving beyond narrow, sector-based development of marine management 

actions. Conceptual modelling, in this sense, can help make explicit implicit 

assumptions , enabling the scientific community to identify which older, confined ideas 

need revision in light of contemporary ecological understanding and cross-disciplinary 

evidence. 
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3. Quantifying the biodiversity-EF/ES relationships 
 

3.1.  Assessing the main drivers of fish biomass across regions using SEMs 

From the expert-based conceptual network to a “fish biomass” conceptual model 

The conceptual networks built out of expert knowledge (ch.2 p18) served as the basis for the 
quantitative study of the dependencies between biodiversity and marine ecosystems’ 
ecological functioning and service provisioning. To approach the assessment and 
quantification of such a complex system of causal linkages that includes indirect effects, non-
linear relations and non-normal distributions, which is typical in nature, we applied the 
Structural Equation Modelling (SEM) framework. This is a statistical tool that allows testing 
multiple hypotheses about various causal relationships simultaneously and provides statistical 
support on causal paths connecting variables. 

We decided to focus on a conceptual model which aims at explaining the main drivers of total 
fish biomass and their main pathways. Total fish biomass is treated here as a proxy for 
ecosystem functions and, when retaining the biomass of desirable/commercial fish, is also a 
proxy for the ecosystem service “seafood production”. To build the “total fish biomass” 
conceptual model, we therefore focused on the subpart of the expert-based conceptual 
network that was linked to the node “fish biomass”, focusing on the indicators related to the 
categories “main drivers and pressures” and “ecosystem structure and function” (Figure 3-1).  

 

Figure 3-1. Subset of the expert conceptual network with a focus on the ecosystem structure and function and 
drivers and pressures that are connected to the element "Fish_biomass" 

The next step was to simplify the “fish biomass” network to be able to test it across regions 
using SEMs. To do so, we kept only the variables that we hypothesised to have a clear impact 
on fish biomass during the current study period and area, as well as pragmatically removed 
variables that were either hard to measure or for which data was not available. 
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Defining a common conceptual model to be tested across the different regions. 

We defined a simple conceptual model linking fish biomass to key fish community indicators 
and main environmental drivers to be performed commonly in different ecoregions across the 
European shelves. In doing so, the main aim was to test which were the main drivers of fish 
community biomass and whether the observed relationships between the environment, the 
biodiversity indicators and ecosystem functions were similar or varying across regions. SEMs 
are a useful framework to test such research objective as the strength of the relationships 
across the variables can be compared across regions based on standardised coefficients. More 
specifically, we want to answer the questions: 

(i) What are the main drivers of fish community biomass in European Seas? 

(ii) Are the taxonomic and/or the trait-based indicators best at explaining the 

variation in the biomass? 

(iii) Is there some variation in the diversity-biomass relationships between 

European regional seas? 

(iv) What is the importance of spatial scales in shaping relationships? (single 

study) 

Based on the pre-selection of variables and a-priori hypotheses on the relationship between 
them, we build a conceptual model based on 3 layers: the environmental layer, the fish 
community diversity indicators, and the main response variable: fish biomass (Figure 3-2). We 
hypothesized that the fish community’ taxonomic/functional richness, taxonomic/functional 
evenness and the community weighted mean (CWM) are influencing total fish biomass. 
Indeed, one of the most hypothesised and tested B-EF relationship is the relation between 
taxonomic/functional richness and biomass, with the expectation that higher richness leads 
to higher biomass (Loreau & Hector, 2001; Tilman et al., 1997). In contrast, in some previous 
studies, biomass evenness has been shown to be an important negative driver of fish biomass, 
i.e. communities with more dominant species have a higher total biomass (Maureaud et al., 
2019). Whereas the size structure in the fish communities is hypothesised to impact fish 
biomass as larger fish have a higher body weight. In addition, CWM length is also usually highly 
correlated with the variation in length in the community, as length is a proxy of trophic 
position in the fish food web (Barnes et al., 2008), we thus expect that a community with high 
CWM length will have a higher trophic chain length and thus potentially productivity (i.e. fish 
biomass in the present study). The environmental variables were selected based on previous 
study in the European Seas that showed they were important drivers of fish community 
composition (Beukhof, Dencker, Pecuchet, et al., 2019; Maureaud et al., 2019; McKeon et al., 
2024; Receveur et al., 2024). They were also important drivers of fish species distribution 
identified in previous B-Useful studies (see previous B-Useful deliverable D3.1, D3.2). Annual 
mean sea surface temperature (SST) and bottom temperature (SBT) have been positively 
linked to taxonomic/functional richness (Dencker et al., 2017; Receveur et al., 2024) and CWM 
size (Beukhof, Frelat, et al., 2019), and the variability (i.e. seasonality) in SST/SBT has also been 
shown to influence fish community composition (Beukhof, Dencker, Pecuchet, et al., 2019; 
Dencker et al., 2017). The variable “Chla” is the annual average concentration of chlorophyll 
production based on satellite data and is a proxy for primary production. While the impact of 
primary production on fish communities is likely indirect, as it is not a trophic level directly 
linked to fish through food web (i.e. very few fish are herbivores), it is a proxy for ecosystem 
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productivity and used in the absence of more precise data such as zooplankton biomass. 
Primary productivity is expected to influence total fish biomass through food web cascading 
effects (Chassot et al., 2010; Friedland et al., 2012), but potentially also community richness 
and size structure through the enabling of more food resources and ecological niche.  

Functional diversity indicators aim to capture the diversity of species' characteristics, rather 
than focusing solely on their taxonomic identity. By doing so, they provide a deeper 
understanding of the ecological roles and niches species occupy within an ecosystem (Tilman, 
2001). For instance, two flatfish species of similar size and shape may be considered to play a 
comparable role in the ecosystem. Although functional diversity indicators can be more 
complex to interpret and communicate to non-ecologists, they are often regarded as the most 
effective lens for exploring biodiversity-ecosystem functioning relationships. In this study, we 
choose to retain both taxonomic and functional diversity indicators to assess whether 
functional diversity better explains total fish biomass compared to taxonomic diversity. 
Alternatively, if simpler taxonomic indicators perform equally well, they may be prioritized 
due to their ease of communication and broader accessibility. 

 

Figure 3-2. Conceptual model of the potential pathways through which biodiversity and environmental and 
fishing variables might impact total fish biomass. The first layer represents the environment and fishing variables, 
which can directly affect biodiversity indicators and directly and indirectly (through biodiversity) affect total fish 
biomass. The second layer is composed of the biodiversity indicators which can directly affect total fish biomass. 
Fish biomass is the main response variable and focus of the structural equation model analysis. 

This simple model was tested across different regions, but, in some regions, some variables 
were added and/or omitted to better fit the local ecological context and data availability 
(Table 3-1). More detailed information is available in each case study description. 

Table 3-1. Case-studies included in this deliverable for which a structural equation model explaining fish 
biomass was performed. 

Ecoregions B-EF SEMs case-study included in the deliverable and characteristics 

Barents Sea Common conceptual model explaining fish biomass. Period 2004-2021. 
Observations at haul levels, with n= 3055. No fishing effort included 

North Sea Common conceptual model explaining fish biomass. Period 1998-2020. 
Observations at haul levels, with n= 5947. No fishing effort included 
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Bay of Biscay and Celtic 
Sea 

Common conceptual model explaining fish biomass. Period 1998-2020. 
Observations at haul levels, with n= 5911. No fishing effort included 

Mediterranean Sea -  Common conceptual model explaining fish biomass. Period 1999-2021. 
Observations at haul levels, with n= 10, 031. Fishing effort from Maina 
et al. (2026). 

North-East Atlantic Common conceptual model explaining fish biomass. Period 2000-2020. 
Testing the influence of spatial observation scales on the relationships. 
Observations at different scales: resolution ~ 95km (n=8), 55km (n=9) 
and 25km (n=10). Fishing effort from Global Fishing Watch. 

 

3.1.1. Calculating the biodiversity and environmental variables 

For the models to be comparable across the different ecoregions, we calculated the diversity 
and environmental indicators using a common approach. First, we decided that the main 
response is total fish biomass per haul standardised per swept area (kg/km2). The diversity 
indicators are then also calculated at the haul-level and the environment associated with the 
haul location. Before calculating the diversity indicators, some datasets had to be cleaned (e.g. 
removing too long/short hauls, hauls deeper than the coastal shelves, removing some gear 
type, selecting specific months, etc.). Rare species, the ones with less than 1% occurrence 
during the study period (i.e. occurs in less than 1% of all the hauls each case-study), were also 
excluded from the analysis. An exception was made for the Mediterranean Sea that decided 
to include all species as the 1% criteria was eliminating too many species in this species-rich 
system, whereas it was removing fewer species in the North-East Atlantic. 

Three taxonomic diversity indicators (taxonomic richness, taxonomic diversity, and taxonomic 
evenness), three functional diversity indicators (functional richness, functional evenness, and 
functional dispersion) and CWM length were calculated (Table 3-2). The taxonomic indicators 
were calculated using the ‘vegan’ R-package (Oksanen et al. 2013). Functional diversity 
indicators were calculated based on a set of nine traits broadly characterizing the functions 
and ecological role of adult individual of a species. Six traits were continuous: trophic level 
(the average trophic level of a species diet), offspring size (the size of eggs or live-young), 
fecundity (the average number of eggs/offspring produced in a year), growth coefficient (K, 
the growth speed in early years), max length (total maximum body size), max age (the 
expected maximum age an individual of the species could reach). Three traits were 
categorical: feeding mode (benthivorous, generalist, piscivorous, planktivorous), body shape 
(eel-like, elongated, flat, fusiform, short and/or deep), fin shape (forked, pointed, rounded, 
truncated). The traits were compiled from multiple sources (e.g. (Beukhof, Dencker, 
Palomares, et al., 2019; Froese & Pauly, 2010) and some of them were inferred for the 
Mediterranean Sea based on taxonomic relationships and correlations. The functional 
diversity indicators were calculated using the mFD R-package (Magneville et al., 2022). To 
calculate the indicators, first, the species’ traits matrix was transformed into a dissimilarity 
matrix using the ’gawdis’ function in R (de Bello et al., 2021). This function permit to calculate 
the dissimilarity between each pair of species based on their traits by balancing the 
contribution of each trait to the dissimilarity (de Bello et al., 2021). Then, a PCoA was used to 
estimate a limited number of axes of variation that best describe the traits variability within 
the species pool and hence build up the trait space. The best number of axes retained was 
estimated based on how much they contributed to the quality of the functional space and 
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varied between 3 or 4 across the studies. All weighted-diversity indicators were weighted 
using the species biomass. 

After some preliminary analysis, it became apparent that functional evenness was not the best 
trait-based indicator to estimate trait evenness in communities. Functional evenness 
measures the regularity of biomass distributions in the trait space (based on the shortest 
minimum spanning tree linking all the species in the local pool, (Villéger et al., 2008). 
Functional evenness appears less sensitive to high unevenness (e.g. one very dominant 
species) but instead is also influenced by the distribution of “low” biomass species. So, if a 
community is composed of many species with low biomass and one very dominant species, if 
the species with low biomass are connected to each other in the trait-based shortest minimum 
spanning tree, it appears that functional evenness can be very high (example of the 
community , Figure 3-3B). In contrast, if a community has several species with medium 
biomass, but that the path between these species in the minimum spanning tree are passing 
through species with low biomass, the functional evenness becomes low (example of 
community , Figure 3-3A). Therefore, functional evenness does not appear to be the mere 
“functional” equivalent of taxonomic evenness. Instead, or in complement, functional 
dispersion appears to have high correlation with taxonomic evenness. In the Barents Sea 
dataset, for example, taxonomic evenness and functional dispersion were positively 
correlated (pearson r, 0.77), whereas taxonomic evenness and functional evenness were not 
correlated (pearson r, -0.01). Therefore, we decided to also include functional dispersion in 
the trait SEM. As a result, some SEMs case-study added functional dispersion in addition to 
functional evenness in their analysis. 

 

Figure 3-3. Example of two Barents Sea fish communities (haul level) for which the values of functional and 
taxonomic evenness are highly different. A) A community with high taxonomic evenness (Teve) but low 
functional evenness (Feve) and B) a community with low Teve but high Feve. Note that the total biomass is log 
transformed. C) a representation of the calculation of Feve in the trait space for the two community. 
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Table 3-2. List of the calculated input variables and their definition and calculation method. NA is used when an 
indicator was not selected in the final conceptual network due to a high variance among expert ratings. 

Variable Definition Calculation Expected link to fish 
biomass based on the 
expert-based network 
(majority response) 

Fish 
biomass 

Total fish biomass per haul 
standardised per swept area 
(kg/km2) 

Sum of all species biomass 
caught in the haul 

  

Not relevant 

Taxonomic 
richness  

Number of unique species Total number of unique taxa per 
haul 

Positive (9/14 experts 
agreed on this direction). 

Taxonomic 
diversity 

Account for both species 
richness and evenness. 
Increases with both higher 
species richness and more 
even distribution of 
individuals across species 

Shannon-Wiener index H', where 
𝑝𝑖  where is the biomass 
proportion of a species i in the 
community 

 

NA 

Taxonomic 
evenness 

Focus on evenness only, 
where 1 represents complete 
evenness (all species have 
equal abundance) and values 
closer to 0 indicate 
communities dominated by 
few species 

Pielou's index: H'/log(tric) Not clear/Positive (both 
directions were equally 
considered in expert 
ratings.; 5/14). 

 

Functional 
richness 

An indication of the trait-
based richness of a 
community 

The volume of the trait space 
occupied by the species present 
in the community. Based on 
presence-only and calculated 
using a convex Hull. 

Positive (6/14 experts 
agreed on this direction). 

 

Functional 
evenness 

How regular is the distribution 
of species biomass in the trait 
space. 

Calculated based on the 
minimum spanning tree linking 
all the species in the community 
in the functional space and then 
estimate how evenly the branch 
lengths are distributed, weighted 
by species abundances 

Not clear (6/14 experts 
agreed on this direction). 

 

Functional 
dispersion 

How spread are the species in 
the trait space, weighted by 
their biomass  

The average distance of 
individual species to the centroid 
of all species in the trait space 
(i.e. the abundance-weighted 
mean position of specie) 
weighted by the species biomass 

NA 

CWM length An indication of the size 
structure in the community 
based on the average length 
of an individual in the 
community 

Biomass-weighted mean 
maximum length of the species in 
the community 

 

Positive (8/14 experts 
agreed on this direction). 
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We included environmental variables that were shown to be important drivers of fish 
community composition in the European Seas. We decided to start with a constrained list of 
environmental variables to keep the model simple (Table 3-3). The environmental variables 
SST and SBT were obtained from Copernicus Global Ocean Physics Reanalysis data product 
based on the 0.083 degree and monthly model (“cmems_mod_glo_phy_my_0.083deg_P1M-
m”), chlorophyll a concentration was obtained from Global Ocean Colour (cmems_obs-
oc_glo_bgc-plankton_my_l4-multi-4km_P1M). For each haul, monthly values of each variable 
were extracted for the year (i.e. 12 values) preceding the sampling date and integrated over 
a radius of 2km around the haul. For example, a mean annual SST for a haul sampled in 
November 2012 is calculated based on the 12-monthly averages from November 2011 to 
October 2012. Depth was the actual measured depth of the trawl during the survey. Proxy for 
fishing effort varied across the different studies as no single dataset was considered the best 
data sources for fishing effort in all the areas. The source of some environmental variables 
might differ across studies, and if so, this is specified in each study report. 

Table 3-3 Environmental variables included in the model, their calculations, and their expected relationships with 
the different biodiversity and biomass indicators according to the expert-based conceptual network. In 
parenthesis represent the number of experts that agree on the direction out of 14 experts. NS is used when an 
indicator was not selected in the final conceptual network due to a high variance among expert ratings (no 
majority response), NA indicate that the specific relationship was not assessed in the conceptual network. 

Variable Calculation Expected link to biodiversity based on 
the expert-based network (majority 

response) 

SST/SBT - mean One year average of sea surface/bottom 
temperature, based on monthly values, and 
calculated the 12 months preceding the 
sampling time 

Fric/Tric:  Not clear/Positive (5/6) 
Feve/Teve: Not clear/NS (6/6) 
CWM Length: Negative (6)  
Total biomass: Non-linear (6) 

SST/SBT - 
variability 

Seasonality of sea surface/bottom 
temperature, calculated as the standard 
deviation of the 12 months values preceding 
the sampling time 

Fric/Tric: NA 
Feve/Teve: NA  
CWM Length: NA 
Total biomass: NA 

Depth Depth of the sample location based on trawl 
depth 

Fric/Tric: Negative/Negative (8/8)  
Feve/Teve: Not clear/Not clear (6/7)  
CWM Length: Not clear (5)  
Total biomass:  Negative (8) 

Chla - mean One year average of chlorophyll a 
concentration, based on monthly values, and 
calculated the 12 months preceding the 
sampling time 

Fric/Tric: Not clear/NS (5/NA)  
Feve/Teve: None/None (6/5)  
CWM Length: None (6) 
Total biomass: Positive (7) 

Chla – variability Seasonality of chlorophyll a concentration, 
calculated as the standard deviation of the 12 
months values preceding the sampling time 

Fric/Tric: NA 
Feve/Teve: NA 
CWM Length: NA 
Total biomass: NA 

Fishing pressure Varying across studies, but a proxy for the 
fishing intensity in the vicinity of the samples. 
Can be based on AIS data. 

Fric/Tric: Negative/Negative (10/12)  
Feve/Teve: Negative/Negative (12/13)  
CWM Length: Negative (12)  
Total biomass: Negative (12) 
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3.1.2. General method employed for the “fish biomass” SEM 

To evaluate the relationships between biomass as a proxy for seafood provisioning, functional 
and taxonomic diversity and the set of environmental variables, we fitted a Structural 
Equation Model (SEM) based on several linear mixed models. The SEM blends process-driven 
and data-driven approaches, using mechanistic principles to define the model structure and 
empirical principles to calibrate and refine the model (Lomax, 2004). We used the piecewise 
SEM R package (Lefcheck, 2016). In a piecewise SEM, each relationship is tested on its own 
(e.g., via regression), and the results are combined to evaluate the overall causal structure. 
Model fit is then assessed by checking whether the set of linked regressions is consistent with 
the proposed network of relationships.  

Different types of models were tested, from simpler to more complex, accounting for spatial 

and temporal autocorrelation as well as potentially confounding factors (e.g. haul duration, 

gear). For each sub-model, we first fitted simple linear models, for which the best structure 

was selected using Akaike Information Criteria (AIC) and the dredge method using the MuMIn 

R package (Barton et al. 2015). We also tested for multiple collinearities of the explanatory 

variables based on Pearson correlation and variation inflation factor. Temporal 

autocorrelation was tested by adding year as a random effect in a linear mixed effect model 

(lme) using the R-package nlme (Pinheiro et al. 2017). Spatial autocorrelation was tested by 

adding a correlation structure, we tested four different types of spatial autocorrelation 

structure (gaussian, spherical, exponential, ratio). In addition, we assessed potential non-

linear relationships between the log(biomass) response variables and the predictors by using 

generalised additive models (gam). When there was clear non-linearity between a driver and 

biomass, this was accounted for by adding a second term for the predictor variable that 

reflected the quadratic effect: (x – mean (x))2 (similar to what was done in Maureaud et al. 

2019). This quadratic term was only retained in the final SEM if both the quadratic and non-

quadratic term were significant. The variables selected in the “best” final models were chosen 

based on the dredge method and AIC values, whereas the best structure for the model was 

selected based on AICs of the different competing model structure (temporal and spatial 

autocorrelation). The residuals of the “best models” were checked for random distribution, 

heteroscedasticity and hidden patterns. 

Once the “best models” for the biodiversity indicators and the biomass were obtained, they 

were added to the sem R function to estimate and compute the best fitting SEM and obtain 

the estimated direct and indirect effects of drivers and biodiversity on the total fish biomass. 

This was done iteratively, as correlations (but not especially causation) between the different 

biodiversity indicators were added when suggested by the SEM as significant, this was done 

by adding them as correlated errors (or covariances) between the indicators, and not directly 

in the models. Doing so accounts for shared unmeasured causes or dependencies between 

two response variables without assuming a direct causal pathway. We aimed at having final 

SEMs that had a general good overall model fit, this is indicated by a non-significant p-value 

(p>0.05) of the global test of significance which tests whether any paths are missing from the 

models. Through this process, the SEM sometimes suggested to add variables into the “best 

models”. These additions were done until we obtained a non-significant p-value for the global 

test. 
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3.1.3. Mediterranean Sea  

Lead contributor: Fabien Moullec and Bastien Mérigot (UM) 

The Mediterranean Sea is one of the world’s most distinctive and vulnerable marine socio-
ecological systems. Although it represents only about 0.82% of the global ocean surface, it 
hosts more than 17,000 marine species, with over 20% considered endemic (Coll et al., 2012). 
This exceptional biodiversity results from the basin’s unique biogeographic position between 
temperate and subtropical climatic regimes, its complex geological history and the strong 
environmental gradients generated by regional oceanographic circulation (Coll et al., 2010; 
D’Ortenzio & Ribera d’Alcalà, 2009). The Mediterranean is characterized by marked west-to-
east and north-to-south gradients in temperature, salinity and productivity, with generally 
oligotrophic conditions that become increasingly pronounced toward the eastern basin 
(Huertas et al., 2012). The coexistence of temperate and subtropical species, combined with 
highly heterogeneous habitats and oceanographic features, creates a complex seascape 
supporting diverse fish assemblages and ecosystem functions. At the same time, the 
Mediterranean Sea is recognized as a hotspot of cumulative anthropogenic pressures and 
climate change (Cramer et al., 2018; Halpern et al., 2025). The region is warming two to three 
times faster than the global ocean average, with important consequences for marine 
biodiversity, species distributions, community structure and ecosystem functioning (Aurelle 
et al., 2022; Cramer et al., 2018; Hidalgo et al., 2022). Climate-driven changes interact with 
other major stressors, including intensive fishing, habitat degradation, pollution, biological 
invasions and emerging diseases. Together, these pressures have contributed to biodiversity 
loss, changes in fish community composition and declines in ecosystem productivity across 
several Mediterranean subregions (Azzurro et al., 2019; Bensebaini et al., 2025; Piroddi et al., 
2017). Fishing has historically been one of the dominant drivers of ecological change in the 
Mediterranean (Colloca et al., 2017; Piroddi et al., 2017). Demersal and small pelagic 
communities support economically and culturally important fisheries, yet many fish stocks 
remain exploited beyond sustainable levels despite recent management improvements (FAO, 
2025). The ecosystem functions provided by Mediterranean fish communities are closely 
linked to biomass production, trophic regulation, nutrient cycling and energy transfer within 
marine food webs (Liquete et al., 2016). These functions underpin key ecosystem services, 
including food provision, fisheries livelihoods, cultural values and regional economic activities 
associated with coastal communities (Liquete et al., 2016). Given the ecological and socio-
economic importance of fish biomass in the Mediterranean Sea, understanding the 
relationship between biodiversity and ecosystem functioning is particularly relevant for 
supporting ecosystem-based fisheries management and achieving European policy objectives 
under the Common Fisheries Policy, the Marine Strategy Framework Directive and the EU 
Biodiversity Strategy for 2030. This case study aimed to assess how taxonomic diversity, 
functional diversity and trait composition influence fish biomass across Mediterranean 
demersal communities, and whether these B-EF relationships vary among Mediterranean 
subregions. 

 

Materials and Methods 

 This case study focused on Mediterranean demersal and shelf-associated fish communities, 

including species-level records of Teleostei and Elasmobranchii. Fish community data were 
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obtained from the Mediterranean International Trawl Survey (MEDITS), a long-term 

standardized fishery-independent monitoring programme conducted annually across the 

Mediterranean Sea (Spedicato et al., 2019). The study encompassed six Geographical Sub-

Areas (GSAs 6, 7, 17, 18, 22 and 23) distributed across the northern Mediterranean basin and 

covered the period 1999-2021 (Figure 1). 

 

Figure 3-4. Trawling positions in each GSA in the Mediterranean Sea from 1999 to 2021 (A) and number of 
hauls in each GSA and year (B). The number of hauls is based on the hauls selected for the analysis, which were 
conducted from May to August (months 5, 6, 7 and 8). No hauls were conducted in GSA 7 in 2020 because the 
survey was conducted in month 10 (October) 

Sampling was carried out using a standardized GOC-73 bottom trawl equipped with a 20 mm 

stretched-mesh codend, following harmonized MEDITS protocols consistently applied among 

years and participating countries (Spedicato et al., 2019). Surveys were conducted during late 

spring-early summer across continental shelf and upper slope habitats ranging from 10 to 800 

m depth. Sampling followed a stratified random design based on depth strata (10-50, 51-100, 

101-200, 201-500 and 501-800 m). All hauls were performed during daylight at an average 

towing speed of approximately 3 knots, with a standard duration of 30 minutes on the shelf 

and 60 minutes on the slope. Gear geometry and trawl performance were continuously 

monitored using a SCANMAR acoustic system to ensure consistency in swept area estimates 

and sampling efficiency. 

Only hauls with validated gear performance and complete metadata were retained for 

analyses, resulting in a total of 10,031 hauls. Biomass was standardized as biomass density 

(kg/km²) using the swept area of each haul. To reduce the influence of extreme values, the 
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lowest and highest 0.5% of biomass observations were excluded (<15 kg/km² and >5700 

kg/km²). 

We examined relationships between biodiversity and ecosystem functioning, where fish 

biomass was used as a proxy for ecosystem functioning and productivity. Biodiversity 

indicators included both taxonomic and functional components following the common SEM 

framework developed across case studies. Environmental covariates known to influence fish 

community structure and biomass were included in the analyses, namely bathymetry (depth), 

sea surface temperature (SST), bottom temperature (SBT), sea surface salinity (SSS) and 

chlorophyll-a concentration (chl-a) as a proxy for primary productivity. Environmental data 

were extracted from Copernicus Marine Service reanalysis products (Cossarini et al., 2021; 

Escudier et al., 2021), while bathymetry data were obtained from the EMODnet Digital 

Bathymetry dataset (DTM, 2024). 

To account for anthropogenic pressures, two indicators were included: a Fishing Pressure 

Index (FPI) representing spatial fishing intensity derived from fishing activity and fleet 

information for bottom trawlers (FPI OTB) and small scale fisheries (FPI SSF) (Kavadas et al., 

2015; Maina et al., 2026), and a human gravity index used as a proxy for cumulative coastal 

human pressures (Cinner et al., 2018). Prior to modelling, multicollinearity among predictors 

was evaluated using Pearson correlation coefficients and Variance Inflation Factors (VIF) and 

highly correlated variables were excluded. 

SEM was used to quantify direct and indirect relationships between biodiversity, 
environmental drivers, anthropogenic pressures and fish biomass. In contrast to the common 
SEM framework applied across all regions, the Mediterranean analysis incorporated 
interactions between biodiversity indicators and Geographical Sub-Areas (GSAs). This 
approach allowed the estimation of region-specific biodiversity-ecosystem functioning 
relationships and enabled assessment of whether the strength and direction of biodiversity 
effects on fish biomass varied among Mediterranean subregions characterized by contrasting 
environmental conditions and anthropogenic pressures. 

 

Results and Discussion 

The SEM showed a good overall fit to the data. Global model fit assessed using Fisher’s C 

statistic and tests of directed separation indicated no significant missing pathways (Fisher’s C 

= 16.37, df = 22, p = 0.797), suggesting that the hypothesized causal structure adequately 

captured the main relationships among environmental conditions, anthropogenic pressures, 

biodiversity components and fish biomass across Mediterranean fish communities (see Table 

1 for a complete overview of the sub-models included). 

Table 3-4. The selected models explaining the variation in diversity indicators and biomass models. For all the 
models, after testing multiple models type spatial and temporal autocorrelation structure, an exponential spatial 
autocorrelation structure and year as random factor was used. 

Best models  

Tric ~ chla_mean + depth + FPI_OTB + FPI_SSF + gravity + sbt_mean + so_mean + so_sd + 

sst_mean + sst_sd + GSA 
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Teve ~ chla_mean + depth + FPI_SSF + gravity + sbt_mean + so_mean + so_sd + sst_mean 

+ sst_sd + GSA 

Fric ~ chla_mean + depth + FPI_SSF + gravity + sbt_mean + so_sd + sst_mean + sst_sd + 

(Tric * GSA) 

Feve ~ chla_mean + depth + FPI_SSF + gravity + so_sd + sst_sd + (Teve * GSA) 

CWM_length ~  depth + FPI_SSF + gravity + sbt_mean + so_mean + sst_mean + sst_sd + 

GSA 

log_biomass ~  chla_mean + depth + FPI_OTB + FPI_SSF + gravity + sbt_mean + so_mean 

+ so_sd + sst_mean + sst_sd + (Tric + Teve + Fric + Feve + CWM_length) * GSA 

  

The SEM explained a substantial proportion of variance in fish biomass (marginal R² = 0.53; 

conditional R² = 0.54), indicating that fixed effects alone captured most of the observed 

variability in biomass across hauls and regions.  

In contrast, explanatory power differed markedly among biodiversity components (Figure 

3-5). 

 

Figure 3-5. Total explained variability (R²) of the selected models in decreasing order of R² in the 
Mediterranean Sea. 

Functional richness was comparatively well explained by the model (marginal R² = 0.57), 

largely reflecting its strong dependence on taxonomic richness and environmental gradients. 

Taxonomic richness and the community-weighted mean of maximum body length (CWM 

length) showed moderate explanatory power (marginal R² = 0.21 for both variables), whereas 

taxonomic evenness and functional evenness were only weakly explained by the 

environmental and anthropogenic predictors included in the model (marginal R² = 0.09 and 

0.06, respectively). These contrasting explanatory capacities suggest that richness-based 

biodiversity dimensions are more strongly structured by broad-scale environmental gradients 

and human pressures than evenness-related metrics. The low explanatory power observed 

for taxonomic and functional evenness indicates that additional ecological processes not 

explicitly represented in the SEM, such as species interactions or local habitat complexity, 
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likely contribute substantially to the organization of community biomass distributions in 

Mediterranean fish assemblages. Environmental gradients and anthropogenic pressures 

strongly influenced Mediterranean fish communities and biomass production (Figure 3-6, 

Figure 3-7). Chlorophyll-a concentration positively affected fish biomass, highlighting the 

importance of primary productivity in supporting higher trophic levels and reinforcing the 

bottom-up control of Mediterranean marine food webs (Piroddi et al., 2017). 

Temperature-related variables also played an important role in shaping biodiversity and 

biomass patterns. Sea surface temperature exhibited a direct negative effect on biomass, 

while bottom temperature positively influenced taxonomic evenness but negatively affected 

functional richness and average body size. These contrasting responses suggest that warming 

may promote a more even distribution of species biomass while simultaneously reducing the 

breadth of ecological strategies and favouring smaller-bodied species (Hattab et al., 2021). 

Such patterns are consistent with ongoing thermophilization processes documented 

throughout the Mediterranean Sea, where warming has been associated with shifts toward 

communities dominated by smaller, warm-affinity species and reduced trophic complexity 

(Moullec et al., 2019; Sanz-Martín et al., 2024). 

Anthropogenic pressures also exerted strong and contrasting effects. Bottom trawling 

pressure was negatively associated with both taxonomic richness and biomass, confirming the 

important role of trawl fisheries as a driver of biodiversity erosion and ecosystem degradation 

in Mediterranean demersal systems (Agnetta et al., 2025). In contrast, the small-scale fisheries 

index showed positive relationships with biomass and some diversity metrics, particularly 

taxonomic and functional evenness. This likely reflects the spatial overlap between productive 

coastal habitats and artisanal fisheries rather than the beneficial ecological effect of fishing 

itself. Similarly, the human gravity index negatively influenced biomass, functional richness, 

functional evenness and average body size, supporting previous evidence that cumulative 

coastal human pressures contribute to the simplification of fish communities and reductions 

in ecosystem functioning (Bosch et al., 2022; Cinner et al., 2018). 
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Figure 3-6. Standardized effects of biodiversity on log biomass across GSAs. Panel A shows standardized direct 
effects of biodiversity components (taxonomic richness, taxonomic evenness, functional richness, functional 
evenness and CWM length) on log biomass across GSAs. Significance of effects is indicated by stars (* P < 0.05; 
** P < 0.01; *** P < 0.001; ns = non-significant). Panel B shows standardized indirect effects of predictors on 
log biomass across GSAs, decomposed by pathway group: functional diversity (blue), taxonomic diversity 
(orange), traits (green) and taxonomic diversity → functional diversity (pink). Panel C shows standardized total 
effects of biodiversity components on log biomass across GSAs. Total effects are the sum of standardized direct 
effects (from Panel A) and standardized indirect effects (from Panel B) for each predictor and GSA level. 
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The SEM revealed strong but contrasting relationships between biodiversity dimensions and 

fish biomass, with clear differences among taxonomic, functional and trait-based indicators 

(Figure 3-6, Figure 3-7 and Figure 3-8). Taxonomic richness emerged as the strongest positive 

predictor of biomass across the Mediterranean (standardized effect = 0.52), indicating that 

species-rich communities generally supported higher fish biomass. This result supports 

classical biodiversity-ecosystem functioning theory, whereby increased species richness 

enhances resource use complementarity, trophic diversity and overall ecosystem productivity 

(Balvanera et al., 2006; Cardinale et al., 2006; Duffy et al., 2017; Gamfeldt et al., 2015). 

Functional richness, however, showed an overall negative relationship with biomass.  The 

negative association between functional richness and biomass suggests that, in 

Mediterranean demersal assemblages, high biomass may not necessarily arise from the 

occupation of a broad functional trait space. Instead, productive communities may be 

dominated by a limited number of functionally similar and locally adapted species, while 

broader functional richness may partly reflect the presence of rare or low-biomass species 

contributing little to standing biomass. This pattern may also indicate that, under strong 

environmental filtering and fishing pressure, ecosystem functioning relies more heavily on a 

restricted set of resilient functional strategies than on broad functional complementarity. 

Functional and taxonomic evenness also exhibited contrasting effects. Taxonomic evenness 

showed a strong negative relationship with biomass, indicating that highly productive 

communities were often dominated by a limited subset of abundant species rather than 

characterized by balanced abundance distributions (Maureaud et al., 2019). Such dominance 

patterns are common in exploited marine ecosystems where biomass is concentrated in a few 

highly productive or commercially important taxa (Maureaud et al., 2019). Functional 

evenness also showed an overall negative effect on biomass, although this relationship varied 

substantially among regions. Together, these results suggest that ecosystem functioning in 

Mediterranean fish communities is driven more strongly by species identity, dominance 

structure and richness than by the equitable distribution of abundances among species or 

functional traits. The community-weighted mean of maximum body size had a weak but 

significant negative overall relationship with biomass. This pattern may reflect the long-term 

effects of fishing pressure in Mediterranean ecosystems, where larger-bodied and late-

maturing species have undergone substantial declines, while contemporary biomass is 

increasingly dominated by smaller-bodied and faster-growing species (Coll et al., 2024; 

Vasilakopoulos et al., 2014). However, regional interactions revealed that the influence of 

body size differed among GSAs, highlighting the importance of local ecological and 

exploitation contexts. 
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Figure 3-7. Predicted relationships between log biomass and biodiversity metrics across GSAs. Lines represent 
model predictions from the best-fitting model, with shaded areas indicating 95% confidence intervals. Points 
represent observed data (with some jitter for visibility). Text annotations indicate the slope (β) and significance 
level for each GSA and metric.  
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Figure 3-8. Pairwise comparisons of slopes between GSAs for each biodiversity metric. The heatmap shows the 
estimated slope differences between GSAs for each biodiversity metric, with color indicating the magnitude and 
direction of the difference (red = higher slope in first GSA, blue = higher slope in second GSA). Stars indicate the 
significance of the slope difference (* P < 0.05; ** P < 0.01; *** P < 0.001; ns = non-significant). The comparisons 
are made between the Adriatic Sea, Aegean Sea, Northern Spain and Gulf of Lion. 

Incorporating GSA-specific interactions substantially improved the representation of 

biodiversity-ecosystem functioning relationships across the Mediterranean. Figure 3-6 

highlights that indirect effects on biomass differed among pathway groups and regions, 

revealing marked spatial heterogeneity in the mechanisms linking biodiversity to ecosystem 

functioning. The positive effect of taxonomic richness on biomass remained significant across 

all GSAs but varied in magnitude (Figure 3-7 and Figure 3-8). The Northen Spain exhibited a 

stronger positive richness-biomass relationship relative to the Adriatic reference region, 

whereas the Aegean Sea and Gulf of Lion showed weaker slopes. These differences likely 

reflect contrasting productivity regimes, exploitation histories and community structures 

among Mediterranean subregions (Piroddi et al., 2017, 2020). Regional variability was 

particularly evident for functional evenness and taxonomic evenness. In the Aegean Sea, 

functional evenness showed a positive interaction with biomass, contrasting with the overall 

negative effect observed at the Mediterranean scale. This may indicate that in the 

comparatively oligotrophic and environmentally constrained eastern Mediterranean, a more 

balanced distribution of functional traits enhances ecosystem functioning by promoting 

resource partitioning and stability. Conversely, in the Northern Spain, both taxonomic and 

functional evenness displayed more negative relationships with biomass, suggesting stronger 

dominance by a subset of productive species in this heavily exploited and comparatively 

productive region. Similarly, the effect of functional richness differed among regions. The 

negative relationship between functional richness and biomass was particularly pronounced 

in the Northen Spain, whereas no significant regional deviation was detected in the Aegean 
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Sea or Gulf of Lion. These patterns suggest that the ecological role of functional diversity 

depends strongly on local environmental filtering and fishing regimes. In highly exploited 

systems, ecosystem functioning may rely more heavily on a restricted set of resilient 

functional strategies rather than broad functional complementarity. 

A key result of this case study is that taxonomic richness was the most consistent positive 
biodiversity predictor of biomass, whereas functional diversity metrics showed weaker, or 
region-specific relationships. This indicates that Mediterranean fish biomass appears 
generally more strongly linked to species richness and dominance structure than to broad 
functional trait richness and evenness. More broadly, these results show that biodiversity-
ecosystem functioning relationships in Mediterranean demersal communities are highly 
context dependent and shaped by the interaction between environmental gradients, 
anthropogenic pressures and regional ecological characteristics (Figure 3-7 and Figure 3-8). 
While species richness consistently supported higher fish biomass, the effects of functional 
diversity and community structure varied considerably among Mediterranean subregions. 
These findings emphasize the importance of incorporating regional ecological contexts when 
assessing biodiversity-ecosystem functioning relationships and designing ecosystem-based 
management strategies in Mediterranean marine ecosystems. 

 

Summary and Conclusions 

• Among environmental drivers, primary productivity (chlorophyll-a concentration) 

positively influenced biomass, supporting the importance of bottom-up processes in 

Mediterranean food webs. In contrast, increasing depth and warmer sea surface 

temperatures were associated with lower fish biomass, reflecting the oligotrophic 

nature of deeper and warmer Mediterranean habitats.  

• Anthropogenic pressures also played a major role: bottom trawling pressure and 

cumulative coastal human impacts negatively affected both biodiversity and biomass, 

confirming the strong influence of fishing and human disturbance on Mediterranean 

demersal ecosystems.  

• Taxonomic diversity indicators were overall more effective than trait-based indicators 

at explaining variation in fish biomass. Taxonomic richness emerged as the strongest 

positive predictor of biomass across the Mediterranean Sea, indicating that species-

rich assemblages generally support higher ecosystem functioning and productivity. 

Conversely, several trait-based metrics, including functional richness, functional 

evenness and community-weighted maximum body size, showed either weak or 

negative relationships with biomass. This suggests that Mediterranean fish biomass is 

more strongly linked to species richness and community dominance structure than to 

broad functional trait dispersion.  

• Biodiversity-biomass relationships were not spatially homogeneous across the 

Mediterranean basin. Significant GSA-specific interactions demonstrated that the 

strength and even the direction of some biodiversity effects varied among regions. 

While the positive relationship between taxonomic richness and biomass was 

generally consistent, its magnitude differed between the Northern Spain, Aegean Sea, 

Gulf of Lion and Adriatic reference region. Trait-based relationships were even more 

region dependent, highlighting the importance of local environmental conditions, 
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exploitation histories and community structure in shaping biodiversity-ecosystem 

functioning relationships.  

• Overall, the results demonstrate that Mediterranean biodiversity-ecosystem 

functioning relationships are highly context dependent. Species richness consistently 

supports higher fish biomass, but the role of functional diversity varies according to 

local ecological and anthropogenic conditions. These findings underline the 

importance of incorporating regional heterogeneity into ecosystem-based 

management and conservation strategies in the Mediterranean Sea, particularly under 

ongoing climate change and cumulative human pressures. 

 

3.1.4. North Sea 

Lead contributor: Louise Flensborg (DTU-Aqua) and Laurene Pecuchet (UiT) 

The North Sea is a temperate, semi-enclosed shelf sea located between the United Kingdom 
and continental northwestern Europe. It is characterized by strong environmental gradients 
in depth, temperature, salinity, and productivity, which create highly heterogeneous habitat 
conditions across the basin (Couce et al., 2020; Reiss et al., 2010). The region is among the 
most intensively used marine ecosystems globally, with substantial anthropogenic pressures 
including commercial fisheries, shipping, offshore energy production, eutrophication, and 
climate-driven change (Bowler et al., 2020). 

Fish communities in the North Sea are diverse and structured by both environmental 
variability and human impacts. Earlier studies have documented pronounced long-term 
changes in community composition, including declines in multiple fish stocks and shifts in 
trophic structure linked to fishing pressure and environmental variability (Alheit et al., 2005; 
Beaugrand, 2004; Clausen et al., 2018; Fernandes & Cook, 2013; Lindegren et al., 2018). These 
dynamics highlight strong interactions between climate forcing and exploitation, with 
consequences for ecosystem stability and resilience (Dickey-Collas et al., 2010; Worm et al., 
2009). 

The ecosystem supports a highly productive fishery, with key commercial species including 
Atlantic cod, Atlantic herring, European plaice, Atlantic mackerel, and Haddock, which 
together contribute substantially to regional biomass extraction and food provision (ICES, 
2022, 2024b). In addition to fisheries production, the North Sea provides key ecosystem 
services such as nutrient cycling, carbon processing, and biodiversity support, while also 
sustaining important cultural and recreational values (Piet et al., 2024; Selim et al., 2016). 
Overall, fish community structure and total biomass in the region are jointly shaped by 
environmental gradients, biological diversity, and intense human pressures (Bowler et al., 
2020; Lindegren et al., 2018). 

 

Materials and Methods 

The community fish data was obtained from the North Sea International bottom trawl survey 
(NS-IBTS) conducted each year in quarter 1 and quarter 4 by multiple nations surrounding the 
North Sea. The survey uses a GOV (Grande Overture Verticale) bottom trawl at a mean towing 
speed of 3 knots during 30mn, equivalent to a towing distance of ~2.8 km. Here, we focus on 
the quarter 4 (Oct-Dec) of the survey to be more consistent with the time period of the other 
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European surveys included in this deliverable which are often in Quarter 3. We restricted the 
data analysis to the 1998-2020 period to fit the time-series of the Chlorophyll a satellite data. 
We removed hauls that were extreme, either due to their depth (deeper than 300 m), their 
biomass (less than 10 kg or more than 400 tons), or their haul duration (outside the 20-40mn 
range). A total of 5947 hauls were analysed. 

We followed the general protocol for the SEM described earlier and used the variables 
specified in Figure 3-2. We did not use fishing effort data in this case study. Instead of 
integrating functional and taxonomic indicators into one single analysis we did two separate 
analyses, one with functional and one with taxonomic indicators and then compared the 
model fits of the two. This choice was in part motivated due to a high correlation between 
taxonomic evenness and functional dispersion. 

The environmental variables were also highly correlated, we thus had to remove several of 
them and kept: annual sea bottom temperature (sbt_mean), seasonal variation in sea surface 
temperature (sst_sd), log-transformed annual chlorophyll a concentration (log_chla) and 
depth. 

 

Results and Discussion 

Total biomass in the hauls appears highly variable even in the same area, but still some spatial 
patterns emerge, with biomass tending to be higher in the northern North Sea and generally 
lower in the central North Sea (Figure 3-9 top left). The community weighted maximum length 
showed a distinct spatial pattern, with higher values in the central North Sea and lower values 
in the south and north. Taxonomic richness (tric) and functional richness (fric) displayed 
similar spatial patterns, with higher values in the northern North Sea (Figure 3-9). A noticeable 
difference is that taxonomic richness tends to be relatively high in the southern North Sea, 
near the English Channel, whereas functional richness remains low in this area. Taxonomic 
evenness and functional dispersion displayed similar patterns with generally higher values in 
the central North Sea, albeit with large local variations. From these variables, taxonomic 
richness and functional richness were moderately correlated (Pearson correlation coefficient 
r of 0.46), and taxonomic evenness and CWM length were moderately to highly correlated 
with functional dispersion (respectively, r of 0.8 and 0.66).  
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Figure 3-9. Biodiversity indicators and log-transformed total biomass in the North Sea, calculated for each haul. 

The environmental variables analyzed displayed similar south-north patterns (Figure 3-10). 
SBT mean and variability, SST mean, chlorophyll a concentration mean and variability, were 
all decreasing along a south-north gradient. Mean chlorophyll a concentration also appears to 
decrease following a coast-offshore gradient. Depth increased from the south to the north, 
and with higher depth along the coastal slopes in the east. As many environmental variables 
were highly correlated, we restricted the variables included in the SEM models. 
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Figure 3-10. Spatial patterns of environmental variables in the North Sea, calculated based on the 
average values around the haul (4km diameter). 

Table 3-5. Best diversity indicators and biomass models. For all the models, after testing multiple models type 
spatial and temporal autocorrelation structure, a CorGaus spatial autocorrelation and year as random factor was 
used. Equation in black are common to both taxonomic and trait SEM, in grey for taxonomic SEM, and italics for 
trait SEM. The fit for the taxonomic SEM (Chi-Squared = 0, P-value = 1 and 0 df) was considered problematic and 
was due to all variables being included in the biomass model and must therefore be taken with caution. The fit 
for the trait SEM (Chi-Squared = 2.45, P-value = 0.29 and 2 df; Fisher's C = 5.26, P-value = 0.26 and 4 df) was 
considered adequate. 

Best models 

CWM Length ~  SBT*** + SST_var*** + depth*** + log(Chla)*** 

Tric ~ SBT*** + SST_var*** + depth*** + log(Chla)*** 

Teve ~ SBT*** + SST_var*** + depth*** + log(Chla)** 

Log_biomass  ~ teve*** + tric*** + CWM.Length* + SBT*** + SST_var*** + depth*** + log(Chla)** 

Fric ~ SBT*** + SST_var*** + depth*** + log(Chla) 

Feve ~ SST_var* + depth*** + log(Chla) 

Fdis ~ SBT*** + SST_var*** + depth*** + log(Chla)*** 

Log_biomass ~ fdis*** + feve*** + fric*** + CWM.Length* + SBT*** + SST_var*** + depth** + log(Chla)** 

 

The selected best models explained the response variable with varying degrees (Figure 3-11), 
from very low explanatory power for taxonomic evenness (r2< 0.05) and functional evenness 
and dispersion (r2 ≈ 0.1), to relatively low for the full model total biomass (r2 ≈ 0.2), and 
adequate for taxonomic and functional richness (r2>0.4). The generally low explanatory power 
of some of the diversity indicators and total biomass, as well as the fact that the taxonomic 
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model retained all explanatory variables (Table 3-5), points out that some variables might be 
missing in the model. Extra models were performed (not shown) by adding average salinity 
and fishing pressure, but these didn’t improve significantly the models. Dencker et al. (2017) 
used generalized additive model and a grid cell design to model the drivers of tric, fric, teve 
and feve. They could explain more of the diversity variability (from 36% to 76%), which might 
be due to the different spatial design, and that they included non-linearities in their model. 
The explanatory power of the biodiversity models in Maureaud et al. (2019) was very similar 
with our finding, with taxonomic evenness also very low (5%), whereas it was higher for 
taxonomic richness (29%) and total biomass (50%). Beukhof et al. (2019b) modelled the spatial 
pattern of CWM length using a grid cell design, and also found that sea temperature was the 
main driver, but also that their model explained very little of the total variation (R2 = 0.02). 
Notably, depth seems to drive teve and tric in a non-linear way. Other variables that could be 
included to improve the model could be other community diversity indicators such as 
dissimilarity (Maureaud et al. 2019). Another reason for the relatively poor explanatory power 
could be due to the high noise in the large dataset as we are using “raw” observation (i.e. at 
the haul level). 

 

Figure 3-11. Total explained variability of the selected models for the diversity indicators taxonomic evenness 
(teve), taxonomic richness (tric), functional richness (fric), functional evenness (feve), functional dispersion (fdis), 
and CWM length (length max_CWM), and the total biomass (log_totbio). 

Total fish biomass in the North Sea, as explained by the taxonomic diversity, had a strong 
negative correlation with taxonomic evenness, and negative relationships with seasonality 
and averaged sea temperature (Figure 3-12, top panel). This result is in line with Maureaud et 
al. (2019) who also found, although using somewhat different spatial aggregation and 
calculation of biodiversity indicators, that North Sea fish biomass was first explained by its 
negative relation with SST seasonality, followed by a negative effect of taxonomic evenness 
and averages SST. Here, fish biomass was also positively affected by primary productivity 
(mean chla) and taxonomic richness. This result contrasts with Maureaud et al. (2019) who 
found no effect of taxonomic richness on biomass and a weak negative effect of primary 
productivity. The total effect of environmental variables on total biomass was modified by 
indirect effect through the diversity indicators. This was notably the case for SST variability 
which negative effect was reinforced through its indirect effect on taxonomic richness. 
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Total fish biomass in the North Sea, as explained by the functional diversity, had a strong 
negative correlation with functional dispersion, followed by a negative contribution of 
functional evenness (Figure 3-12, lower panel). Seasonality and average sea temperature were 
also found to negatively impact biomass, and primary productivity and functional richness had 
a positive effect. The total effect of environmental variables on total biomass is influenced by 
indirect effect through the functional diversity indicators, but with similar strength in both 
directions, which render the total effect largely similar than the direct effects. 

 

 

 

Figure 3-12. Direct, indirect, and total effects of the variables included in the final model explaining the 
total fish biomass in the North Sea based on the taxonomic indicators (top panel) and functional 
indicators (lower panel). Indirect effect represents the indirect effects of environmental variables on 
total fish biomass through their effects on diversity indicators. 

Summary and Conclusions  

• Fish biomass in the North Sea appears to be negatively impacted by annual means and 

seasonality in temperature and positively affected by primary production. 

• Biodiversity indicators explained a larger part of the variability in fish biomass than any 

environmental variables. 

• Taxonomic evenness negatively impacted fish biomass, and on its own contributed to 

40% of the total variance explained in fish biomass.  

• Functional dispersion was the strongest and negative drivers of fish biomass (~40% of 

explained variance), closely followed by functional evenness (~30% of explained 
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variance). Both functional richness (~15%) and taxonomic richness (~20%) positively 

impacted fish biomass. 

• Results are to be taken with precaution as the biomass models have relatively low 

explanatory power and thus point out to potentially missing variables. 

• There are some signs that both dominance and niche complementarity processes 

impact on the biomass in the North Sea, with dominance processes being stronger. 

 

3.1.5. Bay of Biscay and south of Celtic Sea 

Lead contributor: Julia Polo (UiT and IEO-CSIC) and Marina Sanz (IEO-CSIC) 

The Bay of Biscay (BoB) and the Celtic Sea are a temperate region of the northeastern Atlantic 
Ocean, situated between northwestern France, south of Irland and United Kingdom and north 
of Spain. The BoB region belongs to the Lusitanian province, and the Celtic Sea belongs to the 
Northern European Seas, both regions located in the Temperate Northern Atlantic province 
(Spalding et al., 2007). The BoB has a wide variety of habitats, resulting in high biological 
richness and diversity within its bentho-demersal communities (Hamel, 2018). These 
communities are predominantly composed of temperate species, although cold-water taxa 
are also common, alongside warm-water species. The latter are particularly abundant in the 
southeastern part of the Bay, where higher summer temperatures favor the presence of 
species of Mediterranean origin (Hamel, 2018). Overall, biodiversity is generally higher and 
more variable in coastal areas, whereas communities on the central continental shelf tend to 
be more stable. This pattern is likely related to the relatively homogeneous geomorphology 
of continental shelf sediments and the stronger influence of trawling activities in these areas 
(Serrano et al., 2003). In recent years, benthic and demersal communities in BoB have 
responded to climate change in several ways. More than 50% of demersal species with 
temperate biogeographical affinities have shown increases in abundance (Punzón et al., 
2016), reflecting a process of meridionalization. In addition, evidence of community 
tropicalization has been reported in the region, characterized by the increasing occurrence of 
warm-affinity species originating from southern and/or tropical areas (Bañón et al., 2024; 
Punzón et al., 2016, 2021). Several important fisheries in the region are already showing 
responses to oceanographic changes associated with climate change, and further alterations 
are projected in the future. Key commercial species in the BoB are anchovy, sardine, hake, 
horse mackerel, anglerfish, and tuna (Punzón et al. 2016).  

The Celtic Sea is a highly productive continental shelf system, historically supported 
substantial demersal fisheries, and since the mid-1990s, management efforts aimed at 
addressing persistently low biomass and poor recruitment in several stocks have contributed 
to an overall reduction in fishing pressure (Sturrock et al., 2026). Both regions, the BoB and 
the Celtic Sea, have experienced significant declines due to overexploitation in several 
commercially important stocks, in some cases resulting in temporary fishing bans. A notable 
example is the collapse of the anchovy stock in the BoB in the early 2000s, followed by a fishing 
ban that ultimately enabled stock recovery (Lazkano et al., 2013).  

However, the implementation of specific management regulations in the BoB reduced 
mortality rates among the main commercial species and promoted the recovery of several 
stocks (Arroyo et al., 2019; Modica et al., 2014). Consequently, by the end of the 2010s, 
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benthic and demersal communities in the BoB were considered in a substantially improved 
ecological state (Fernandes & Cook, 2013; Gascuel, 2016). 

In the Celtic Sea, in 2022, only 31% of assessed benthic and demersal stocks with established 
reference points for fishing pressure were within sustainable limits, indicating that actual 
fishing mortality still exceeds the level required to achieve maximum sustainable yield. 
Nowadays a considerable proportion of stocks in the Celtic Sea remain overexploited (Sturrock 
et al. 2026). 

 

Materials and Methods  

Fish communities’ data was obtained from the EVHOE («Evaluation Halieutique de l’Ouest 
Européen») International bottom trawl survey provide observational data on the continental 
shelves of the Bay of Biscay and the Celtic Sea between 1991-2020 (Laffargue et al., 2025). 
The surveys operate a standardized bottom trawling gear and are conducted from 15 to 600 
m depth, usually in quarter 4 (Oct-Dec), starting at the end of October, consistent with the 
time period of the other European surveys (Quarter 3) included in this deliverable. Their 
primary objective is to monitor 22 commercially important fish stocks and 10 cephalopod 
species in the North-East Atlantic. The dataset also documents regional biodiversity, covering 
250 fish taxa, 45 taxa of cephalopods and other commercially important invertebrates, and—
since 2008—more than 350 additional taxa of benthic invertebrates (Laffargue et al., 2025). 
We removed hauls that were extreme, either due to their depth (deeper than 300 m), their 
biomass (less than 10 kg or more than 400 tons), or their haul duration (outside the 20-40mn 
range). The analysis was restricted to 1998-2020 to fit with the chlorophyll time-series, a total 
of 5911 hauls were analysed. 

 

We followed the general protocol for the SEM described earlier and used the variables 
specified in Figure 3-2. Following previous study cases, we did not use fishing effort data in 
this case study. Instead of integrating functional and taxonomic indicators into one single 
analysis, we did two separate analyses, one with functional and one with taxonomic indicators 
and then compared the model fits of the two. This choice was in part motivated due to a high 
correlation between taxonomic evenness and functional dispersion. 

The environmental variables were also highly correlated, we thus had to remove several of 
them and kept sea bottom temperature (sbt_mean) and standard deviation (sbt_sd) , seasonal 
variation in sea surface temperature (SST_mean), log-transformed annual chlorophyll a 
concentration (log_chla_mean) and depth. As previously described, Structural Equation 
Modelling (SEM) was used to quantify direct and indirect relationships between biodiversity, 
environmental drivers and fish biomass. 

 

Results and Discussion 

Total biomass in the hauls appears to follow a latitudinal gradient with biomass tending to be 
higher in the southern BoB and generally lower in the central Celtic Sea, despite high variability 
(Figure 3-13 top left). The community weighted maximum length showed a clear spatial 
pattern, with higher values in the southern BoB and in deeper areas and lower values in the 
north and Celtic Sea and shallower zones. Taxonomic richness (tric) and functional richness 
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(fric) displayed similar spatial patterns, with consistent patterns of higher values in the north 
BoB and Celtic Sea (Figure 3-13). Functional richness shows lower values despite showing the 
same pattern. Taxonomic evenness is higher in the Celtic Sea than in south of Bob and 
functional dispersion displays similar patterns with generally higher values in the Celtic Sea, 
albeit with large local variations. From these variables, taxonomic richness and functional 
richness were moderately correlated (Pearson correlation coefficient r of 0.58), and given 
taxonomic evenness was highly correlated with functional dispersion (r of 0.88), functional 
dispersion was excluded from further analysis. The same happened with SST and SBT, which 
had a Pearson correlation coefficient r of 0.65. We kept SBT in further analyses considering its 
straightforward link to demersal communities. 

 

 

Figure 3-13. Spatial maps of the main biodiversity indicators in the Bay of Biscay and Celtic Sea. Log_totbio = 
Total fish biomass; length.max_cwm = Community weighted mean maximum body length; tric = Taxonomic 
richness; teve = taxonomic eveness; feve = functional evennes; fric = functional richness. Grey dots at teve 
correspond to NAs. 

The environmental variables analyzed (sbtmean, stb_sd and logchla_mean) displayed similar 
south-north patterns (Figure 3-14). SBT mean and variability and chlorophyll a concentration 
mean were all increasing along a north-south gradient, with consistent high values in the 
French and the northwestern Spain platforms. Mean chlorophyll a concentration also appears 
to decrease following a coast-offshore gradient. Depth increased from the north to the south, 
and with higher depth along the coastal Spanish slopes. As many environmental variables 
were highly correlated, we restricted the variables included in the SEM models. 
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Figure 3-14. Spatial maps of the environmental indicators that were selected in the biomass and biodiversity 
and taxonomic indicators at the Bay of Biscay and Celtic Sea. 

The global goodness-of-fit tests provided mixed results. A significant Chi-squared test (Chi-
squared = 1186.709, p-value = 0, df = 12), together with a non-significant Fisher's C test 
(Fisher's C = 20.726, p-value = 0.189, df = 16), indicate an acceptable fit although not perfectly 
fitting the data. The low Fisher's p-value highlights that some variability in the data remains 
unexplained, pointing towards a need for further refinement or inclusion of additional 
predictors (fishing was not tested in this case study due to a temporal unavailability of fishing 
data). 

In the regional model of the Bay of Biscay, total biomass (log_totbio) seems to be strongly 

negatively influenced by taxonomic evenness (standardized estimate = -0.57, p-value < 0.001), 

positively by taxonomic richness (standardized estimate = 0.23, p-value < 0.001), and 

negatively to the community-weighted length (standardized estimate = -0.25, p-value < 0.001; 

the bigger the mean size of the community, the smaller the productivity in terms of biomass). 

Functional richness and evenness had weaker effects on biomass, with functional richness 
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being non-significant (p-value = 0.253) and functional evenness having a small negative effect 

(standardized estimate = -0.08, p-value < 0.001). These results suggest that total biomass is 

primarily driven by taxonomic evenness and richness, as well as the size of the community. 

The model explained a substantial proportion of the variance in total biomass (Marginal R² = 

0.50, Conditional R² = 0.52) and functional richness (Marginal R² = 0.47, Conditional R² = 0.50) 

Figure 3-15. However, the variance explained for functional evenness (Marginal R² = 0.02, 

Conditional R² = 0.05) and taxonomic evenness (Marginal R² = 0.02, Conditional R² = 0.03) was 

low, indicating that these facets of biodiversity are not well-captured by the current 

predictors. 

Table 3-6. Best diversity indicators and biomass models. For all the models, after testing different model 
structures with and without spatial and temporal autocorrelation structures, year as random factor was used. 

Final models selected for the SEM: 
Spatial 

autocorrelation 
structure 

feve ~ tric + teve + fric + sbt_sd + log_chla_mean, random = ~ 1 | year + correlation = corRatio(form = ~ 
longitude + latitude) 

CorGaus 

fric ~ tric + sbt_mean + sbt_sd + depth + log_chla_mean, random = ~ 1 | year + correlation = corExp(form = ~ 
longitude + latitude) 

corExp 

tric ~ sbt_mean + sbt_sd + depth + log_chla_mean, random = ~ 1 | year + correlation = corSpher(form = ~ 
longitude + latitude) 

corSpher 

teve ~ sbt_mean + sbt_sd + depth + log_chla_mean, random = ~ 1 | year + correlation = corExp(form = ~ 
longitude + latitude) 

corExp 

length.max_cwm ~ sbt_mean + sbt_sd + depth + log_chla_mean, random = ~ 1 | year + correlation = 
corExp(form = ~ longitude + latitude) 

corExp 

log_totbio ~ tric + teve + fric + feve + length.max_cwm + sbt_mean + sbtq + depth + log_chla_mean, random = 
~ 1 | year + correlation = corRatio(form = ~ longitude + latitude) 

corRatio 

 

 

Figure 3-15. Total explained variability (R2) of the selected models in decreasing order of R2 for the total biomass 
(log_totbio), functional richness (fric), taxonomic richness (tric), CWM length (length max_CWM), functional 
evenness (feve) and taxonomic evenness (teve) in the Bay of Biscay and Celtic Sea. 
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The contribution of fixed effects is very strong for all the selected models for the total biomass 
and the biodiversity and taxonomic indicators, except the taxonomic richness (tric) where the 
random effect Year has higher contribution (Figure 3-18). 

Total biomass and functional richness were comparatively well explained by the model 

(marginal R² = 0.51 and 0.50, respectively), largely reflecting its strong dependence on 

taxonomic richness and environmental gradients (Figure 3-16). Taxonomic richness showed 

moderate explanatory power (marginal R² = 0.28), whereas the community-weighted mean 

of maximum body length (CWM length), taxonomic and functional evenness were only weakly 

explained by the environmental predictors included in the model (marginal R² = 0.1, 0.05 and 

0.04 respectively, Figure 3-17). These contrasting explanatory capacities suggest that biomass 

and richness-based biodiversity dimensions are more strongly structured by broad-scale 

environmental gradients than evenness-related metrics. The low explanatory power observed 

for community-weighted mean of maximum body length (CWM length), taxonomic and 

functional evenness indicates that additional ecological processes not explicitly represented 

in the SEM, such as species interactions or local habitat complexity, likely contribute 

substantially to the organization of community biomass distributions in Bob and Celtic fish 

assemblages. 

 

Figure 3-18. Direct, indirect, and total effects of the variables included in the final model explaining the total fish 
biomass in the Bay of Biscay and Celtic Sea. Indirect effect represents the indirect effects of environmental 
variables on total fish biomass through their effects on diversity indicators [final model: log_totbio ~ tric + teve 
+ fric + feve + length.max_cwm + sbt_mean + sbtq + depth + log_chla_mean, random = ~ 1 | year + correlation = 
corRatio(form = ~ longitude + latitude)] 

Environmental gradients did not strongly influence Bob and Celtic Sea fish communities and 

biomass production (Figure 3-19). Depth and chlorophyll a have significant direct positive 

effects on fish biomass, highlighting the importance of bathymetric distributions in fish 

communities of Bob and Celtic Sea and the PP along the food web (Figure 3-20). In the final 

model of the total fish biomass in the Bay of Biscay and Celtic Sea, the highest negative direct 

effect is driven by the taxonomic evenness (teve), followed by the CWM length (length 
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max_CWM) also negative and the taxonomic richness (tric) through a positive effect (Figure 

3-21). 

Fish biomass is directly linked to the Functional and taxonomic richness and negatively linked 

to Functional and taxonomic evenness and CWM length, indicating that richness-based 

biodiversity dimensions are more strongly structured by broad-scale environmental gradients 

than evenness-related metrics (Figure 3-22). 

 

Figure 3-22. Structural equation model structure for fish biomass in the Bay of Biscay, showing its direct and 
indirect links between environmental variables and different diversity metrics. The green box indicates a 
significant quadratic effect of SBT as a predictor.  

 

Summary and Conclusions 

• Among environmental drivers, primary productivity (chlorophyll-a concentration) and 

depth positively influenced biomass, supporting the importance of bottom-up 

processes in Bob and Celtic Sea food webs and the high production of these regions.  

• Taxonomic diversity indicators were overall more effective than trait-based indicators 

at explaining variation in fish biomass.  

• Taxonomic evenness showed the strongest negative relationship with biomass, across 

the Bob and Celtic Sea, indicating that highly productive communities were often 

dominated by a limited subset of abundant species. 

• Taxonomic richness emerged as the second strongest positive predictor of biomass 

across the Bob and Celtic Sea, indicating that species-rich assemblages generally support 

higher ecosystem functioning and productivity. 
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3.1.6. Barents Sea  

Lead contributor: Laurene Pecuchet (UiT) 

The Barents Sea is a high-latitude marine ecosystem characterized by Atlantic-dominated 
waters in the south and Arctic-dominated and seasonally ice-covered waters in the north. The 
fish communities are characterized by a mix of boreal and Arctic fish species. Boreal species 
are dominating fish communities in the southern Barents Sea, but they are also present in the 
northern Barents Sea where they make seasonal migrations, they have also expanded their 
northern distribution due to increased sea temperature in the last decades (Fossheim et al., 
2015). The Arctic fish species are especially distributed in the northern Barents Sea. Boreal 
and Arctic fish species are known to have different traits (Aune et al., 2018; Frainer et al., 
2021), with implications for functional diversity (Wiedmann et al., 2014). Functional richness, 
was shown to be especially high in the central Barents Sea where both boreal and Arctic fish 
communities co-exist (Wiedmann et al., 2014). Fish communities in the Barents Sea are 
especially structured by depth, sea bottom and surface temperature and salinity (Aschan et 
al., 2013; Husson et al., 2020). The Barents Sea harbors a productive fishery industry. The main 
commercial fish species in the area are boreal gadoid fish such as cod (Gadus morhua), 
haddock (Melanogrammus aeglefinus) and saithe (Pollachius virens), as well as some 
invertebrates such as shrimps (Pandalus borealis). Other important human activities in the 
area include oil and gas production and maritime activities (ICES, 2021, 2024a). 

Materials and Methods  

The community fish data was obtained from a scientific bottom trawl survey conducted each 
year since 2004 by IMR in August-September in the Norwegian sector of the Barents Sea 
(Eriksen et al., 2018). The survey uses a Campelen 1800 bottom trawl at a mean towing speed 
of 3 knots during 15mn, equivalent to a towing distance of ~1.4 km. The mean vertical trawl 
opening is 25 meters, and the mesh size is 80 millimeters (stretched) in the front and 
22 millimeters at the codend, and thus also retaining small fish. A total of 3055 hauls covering 
the period 2004-2021 were included in the dataset.  

Chlorophyll a data was extracted from the GlobColour dataset which uses satellite data; 
however, it should be noted that this dataset is not ideal for the Barents Sea data has the 
surface of the ocean is not always adequately visible from satellite due to ice and cloud cover 
at high latitude. We did not use fishing effort data as no long-term dataset was identified, and 
available datasets such as GFW have limited temporal coverage and would have reduced 
greatly the dataset. 

We followed the general protocol for the SEM described earlier and used the variables agreed 
upon. Instead of integrating functional and taxonomic indicators into one single analysis we 
decided to do two separate analyses, one with functional and one with taxonomic indicators 
and then compare the model fits of the two. This choice was in part motivated due to a high 
correlation between taxonomic and functional richness. 

Results and Discussion  

Total biomass in the hauls appears to be higher in the southern and central Barents Sea and 
declined in the northern Barens Sea, with quite some variation in the southeastern area 
(Figure 3-23top left). The mean maximum length in the community is higher in the central 
Barents Sea and west of Svalbard, whereas it is comparatively lower in the southwestern and 
northeastern areas. This is consistent with reported length community patterns that show 
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that fish communities along the polar front in the central Barents Sea, where the Arctic and 
Atlantic water meets, are generally composed of larger fish species (Bernardo et al., in press). 
Taxonomic evenness (teve) and functional evenness (feve) displayed different spatial 
patterns, with teve high in the southern and central Barents Sea whereas feve was higher in 
the northern Barents Sea (Figure 3-23). It has to be noted though that both had considerable 
variation within the same area. From these variables, only taxonomic richness and functional 
richness appears highly correlated (Pearson correlation coefficient r of 0.77). Richness is 
higher around the coast of Svalbard and northern Norway and in some central areas. 

 

Figure 3-23. Biodiversity indicators and log-transformed total biomass in the Barents Sea, calculated for each 
haul. 

The environmental variables displayed much clearer patterns than the diversity variables. 
Depth is higher on the slope of the coastal shelves and in some parts of the central Barents 
Sea (Figure 3-24). Average sea bottom temperature (sbt_mean) and sea surface temperature 
(sst_mean) follow a similar pattern, with warmer waters in the southern Barents Sea and along 
the western coastal shelf. The annual variability in sea bottom temperature (sbt_sd) is higher 
around Svalbard and coastal northern Norway. Average annual chlorophyll concentration 
(log_chla_mean) is especially low in the northern Barents Sea, but it has to be noted that the 
dataset is imprecise in these high latitude areas. The proportion of the year that is covered by 
sea ice (sic_mean) mirrors the pattern sea surface temperature (sst_mean), with the southern 
Barents Sea being ice-free all year round whereas the northern Barents Sea has varying length 
of seasonal ice-cover. As this dataset is highly 0-inflated we did not use it in the analysis, and 
instead included sst_mean. 
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Figure 3-24. Main environmental indicators included in the Barents Sea analysis (not complete), calculated based 
on the average values around the haul (4km diameter). 

In a few cases, and notably for Fdis, variables were added after running the SEM which 
suggested changes in the model to improve the total SEM fit (Table 3-7). In both cases, the 
final SEMs were considered to have an adequate fit (Taxonomic SEM p≈0.7; trait SEM p≈0.7). 

The selected best models explained the response variable with varying degrees (Figure 3-25), 
from very low explanatory power for taxonomic richness and functional dispersion (r2< 0.1) to 
adequate for the full model total biomass (r2 ≈ 0.3). The generally low explanatory power of 
the diversity indicators points out to missing variables that could be missing in the model, such 
as salinity or sediment (Husson et al., 2020). Although, in accordance with this study, earlier 
studies also found that the main drivers of species richness appear to be temperature and 
depth (Table 3-7, Johannesen et al., 2012). Another reason might be due to the high noise in 
the data as we are using “raw” observation (i.e. at the haul level), and hence a high variability 
in the biodiversity values even if the samples are spatially close and thus sharing similar 
environment.  

Total fish biomass in the Barents Sea, as explained by the taxonomic diversity, had a strong 
negative correlation with taxonomic evenness, followed by a positive relationship with 
averaged sea surface temperature (sst_mean) (Figure 3-26, top panel). It also had a positive 
relationship with SST seasonality (sst_sd) and taxonomic richness, and a negative one with 
depth. The total effect of environmental variables on total biomass is slightly modified by 
indirect effect through the diversity indicators, notably some negative indirect effects of SST 
mean and depth through their positive effect on taxonomic evenness. 
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Table 3-7. The selected models explaining the variation in diversity indicators and biomass models. For all the 
models, after testing multiple models type spatial and temporal autocorrelation structure, a gaussian spatial 
autocorrelation structure and year as random factor was used. Equation in black are common to both taxonomic 
and trait SEM, in grey for taxonomic SEM, and italics for trait SEM. The fit for the taxonomic SEM (Chi-Squared = 
6.32, P-value = 0.70 and 9 df; Fisher's C = 14.04, P-value = 0.73 and 18 df) and trait SEM (Chi-Squared = 5.84, P-
value = 0.76 and 9 df; Fisher's C = 13.25, P-value = 0.78 and 18 df) were considered adequate. 

Best models 

CWM Length ~  sbt*** + sst *** + sst2 *** + sst_var*** + sbt_var* + depth* 

Tric ~ depth*** + sbt *** + log(chla)** 

Teve ~ depth*** + sst *** + sst2** + sst_var* + sbt 

Log_biomass  ~ teve*** + tric*** + CWM.Length*** + depth*** + sst *** + sst_var*** + log(chla)* + sbt ** + sbt_var 

Fric ~ depth*** + sbt *** + sbt_var** + sst ** + sst2 * + sst_var 

Feve ~ sbt_var*** + sst *** + sst2*** + sst_var* 

Fdis ~ sbt_var* + log(chla)* + sst2*** + sst + depth + sbt 

Log_biomass ~ fdis*** + feve*** + fric*** + CWM.Length*** + depth*** + sst_var*** + sst *** + sst2+ log(chla)** + sbt 

 

  

Figure 3-25. Total explained variability of the selected models for the diversity indicators taxonomic evenness 
(teve), taxonomic richness (tric), functional richness (fric), functional evenness (feve), functional dispersion (fdis), 
and CWM length (length max_CWM), and the total biomass (log_totbio). 

Total fish biomass in the Barents Sea, as explained by the functional diversity, had a strong 
negative correlation with functional dispersion, albeit at a lower level than the contribution 
of taxonomic evenness in the taxonomic SEM (Figure 3-26, lower panel). Depth and functional 
evenness also have a negative effect on total fish biomass, whereas SST mean and variability 
and functional richness have a positive effect. The total effect of environmental variables on 
total biomass is influenced by indirect effect through the diversity indicators, but often in both 
directions, which make the total effect largely similar than the direct effects. 
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Figure 3-26. Direct, indirect, and total effects of the variables included in the final model explaining the total fish 
biomass. Indirect effect represents the indirect effects of environmental variables on total fish biomass through 
their effects on diversity indicators. The pathway group “Other” represents the variable CWM length. 

Summary and Conclusions 

• Fish biomass in the Barents Sea appears to be positively affected by annual sea surface 

temperature, and negatively affected by depth. 

• Biodiversity indicators explained better the variability in fish biomass than any 

environmental variables. 

• Taxonomic evenness negatively impacted fish biomass, and on its own contributed to 

50% of the total variance explained in fish biomass. The biomass model with taxonomic 

diversity, although including less biodiversity variables than the one with functional 

diversity (3 vs 4), was better at explaining the variability in biomass. 

• Functional dispersion appeared to be the functional equivalent of taxonomic evenness 

at it was also the strongest and negative drivers of fish biomass, ahead of functional 

evenness. 

• Both functional richness and taxonomic richness positively impacted fish biomass 

• There are some signs that both dominance and niche complementarity processes 

impact on the biomass in the Barents Sea, with dominance processes being stronger. 
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3.1.7. North-East Atlantic – the effects of scale 

Lead contributor: Laurene Pecuchet (UiT) 

The fish communities of the Northeast Atlantic have undergone significant changes in recent 
decades, driven by a combination of anthropogenic and environmental pressures. The 
Northeast Atlantic is an important historical and current fishing area, with large fish 
populations such as many small pelagic fish (e.g. mackerel, blue whiting, herring) and large 
demersal fish species (e.g. hake, haddock, cod, saithe). As one of the most heavily impacted 
maritime regions globally (Halpern et al., 2012), this area has experienced shifts in species 
taxonomic and functional composition (e.g. Receveur et al., 2024). These changes are linked 
to high fishing pressure and warming of sea temperature (Beaugrand, 2004; McQuatters-
Gollop et al., 2022).  While reductions in fishing fleets and better fishing managements during 
the 1990s might have alleviated some of the fishing pressures, the legacy of past exploitation 
and the accelerating impacts of climate change continue to shape community dynamics in this 
region (Halpern et al., 2012). 

Analyses of Northeast Atlantic fish communities reveal how environmental and anthropogenic 
pressures influence community composition and functional traits. For example, warming 
temperatures in the North Sea have been linked to reductions in body size for six out of eight 
fish species, reflecting shifts in optimal trait values under changing environmental conditions 
(Baudron et al., 2014). In the North Sea, intense fishing has historically led to the prevalence 
of smaller-bodied species with faster life histories, as larger, slower-growing species were 
disproportionately targeted and removed from the ecosystem (Jennings et al., 1999). 

This case study differs from the previous ones as the main aim is to analyze the impact of the 
spatial scale of the observations on the strength of the drivers-biomass relationship. More 
precisely, we aim to assess whether increasing the spatial area of observation (i.e. grid cell) 
changes which and how much the variables influence total fish biomass. 

Materials and Methods  

We focus the analysis on the region encompassing the Bay of Biscay, Celtic Sea and North Sea. 
This corresponds to seven scientific bottom trawl surveys (EVHOE, FR-CGFS, IE-IGFS, NIGFS, 
NS-IBTS, SP-NORTH, SWC-IBTS). The survey data was obtained from the standardized 
FISHGLOB dataset (Maureaud et al., 2024). Some surveys are occurring in multiple seasons, 
we focused the analysis on the most common season, which was quarter 4 for all surveys at 
the exception of the North Sea for which quarter 3 was kept (due to no survey in quarter 4). 
We restricted the analysis to the period 2000-2020. We focused on 3 different spatial scales, 
based on 3 different equal-sized area grid resolutions, with a diameter of approximately: 25km 
(res 10), 55km (res 9) and 95km (res 8). The grids were built using the dggridR package (Barnes 
et al.2017). For each of the three grid resolutions, each haul was assigned to a grid cell.  

To construct "metacommunities" for each combination of grid resolution and cell, we 
aggregated fish communities from 10 randomly selected hauls. This was achieved by summing 
the total biomass of each species encountered across the selected hauls. For each grid cell 
and resolution, this process was repeated 100 times, resulting in 100 assembled 
"metacommunities" per grid cell and resolution. Taxonomic and functional diversity indicators 
were then calculated for each of the generated metacommunities. Environmental variables 
and fishing pressure data (sourced from Global Fishing Watch) were associated with individual 
hauls and subsequently averaged based on the random selection of 10 hauls. Finally, for each 
grid cell and resolution, we computed the mean diversity and environmental variables by 
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averaging the results across the 100 iterations. This approach ensured a robust estimation of 
diversity metrics and environmental conditions while accounting for variability in the random 
selection process. 

We then followed the general model selection and SEM framework for the three different 
spatial resolutions. We computed a single SEM that included together taxonomic and 
functional diversity, although it should be noted that some variables were slightly correlated, 
notably functional dispersion and taxonomic evenness (Pearson correlation coefficient r of ≈ 
0.65), and taxonomic richness and functional richness (Pearson correlation coefficient r of ≈ 
0.55) 

Results and Discussion 

The general spatial pattern in the selected variables total biomass, taxonomic richness and 
functional dispersion remain largely unchanged across the three different spatial scales 
(Figure 3-27). We would have expected to see more local variation in the variables when 
having more spatially resolved observations (res 10), but this is not apparent here. This might 
be because, for the three resolutions, the variables are averaged based on 10 hauls which 
might smooth the observations. Total biomass in the study area was higher in the eastern 
North Sea (Skaggerak), offshore Bay of Biscay, and the northern North Sea (Figure 3-27). 
Taxonomic richness was comparatively low in the North Sea and high in the Celtic Sea and Bay 
of Biscay near the coast. Functional dispersion was high in central and northern North Sea, 
and comparatively low in the Bay of Biscay (Figure 3-27). 

The spatial variation of most biodiversity indicators was poorly explained by the 
environmental variables, with R2 between 0.1-0.2 (Figure 3-28). From the biodiversity 
indicators, only taxonomic richness variation was adequately explained (R2 ≈ 0.45). 
Generally, the explanatory power was similar across the different spatial resolutions, but 
overall lower for the highest spatial resolution (i.e. local resolution 10). The variation in total 
biomass was relatively well explained (R2 ≈ 0.4).  

The total contribution of the environmental and biodiversity variables in explaining total fish 
biomass displayed both some similarities and differences across the spatial resolutions (Figure 
3-29). Functional dispersion was the dominant negative driver of biomass across the three 
resolutions, but its importance decreased as the resolution increased (i.e. less important at 
the local scale). Interestingly, as the resolution increased towards more local scale, taxonomic 
evenness became more important (also with negative effect) whereas it was non-significant 
at the lowest spatial resolution. It might point out that at large scale it is the trait of the 
dominant species that impact biomass (in accordance with the dominance hypothesis) 
whereas at a more local scale whether a species’ biomass is very high becomes as important 
as the trait dominance. 

Another interesting finding is that fishing pressure had a negative but very weak effect on 
total biomass at the local scale, whereas its negative effect increases at lower spatial 
resolution (Figure 3-29). This finding is in accordance with a study from (McKeon et al., 2024) 
who found that the effect of fishing on fish community composition becomes increasingly 
apparent as the spatial scale of the observation increases. They argued that this might be 
because many fish are moving and thus also experiencing fishing effort at larger scale.  
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Figure 3-27. Biodiversity indicators (taxonomic richness and functional dispersion) and log-transformed total 
biomass in the North-East Atlantic across three different spatial resolutions, from larger resolution (res 8) to 
more local resolution (res 10). The indicators were calculated as the average indicators based on 100 randomly 
assembled communities from 10 hauls. 

 

Figure 3-28. Total explained variability of the selected models for the diversity indicators and total biomass 
based on the different spatial resolution and ranked from least to most variability explained: CWM length 
(CWM.Lmax), functional dispersion (fdis), functional evenness (feve), functional richness (fric), taxonomic 
evenness (teve), the total biomass (TotBio_log) and taxonomic richness (tric). 
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Taxonomic richness had a clear positive effect on total fish biomass and explained on average 
30% of the variance explained. On the other hand, functional richness was not retained (i.e. 
non-significant) in any of the final biomass models. Although the two indicators are correlated, 
it is interesting that taxonomic richness is a better predictor of fish biomass, as this is 
somewhat opposite to the expectation that it should be more the richness of the type of 
species (i.e. species traits) than their number per se that impact ecosystem functions and 
productivity (Loreau & Hector, 2001; Tilman et al., 1997). CWM length was also not retained 
in the final Here, it appears that a combination of functional and taxonomic indicator 
(functional dispersion and taxonomic richness) is best at explaining the biomass variation.  

The biodiversity indicators explained the largest part of the explained variation in biomass, 
whereas environmental and fishing pressure variables explained comparatively little. Average 
sea surface temperature and depth were the environmental variables that comparatively 
affected the most biomass with a negative (≈15%) and positive (≈15%) effect, respectively 
(Figure 3-29). 

 

Figure 3-29. Total contribution of the variables included in the final best model explaining the total fish biomass 
based on the different spatial resolution. CWM length (CWM.Lmax), functional dispersion (fdis), functional 
evenness (feve), taxonomic evenness (teve), the total biomass (TotBio_log) and taxonomic richness (tric), 
averaged sea surface temperature (sst_mean), seasonality in sea surface temperature (sst_sd), total fishing 
effort of demersal gears (logF), averaged chlorophyll concentration (log_chla_mean), and depth variability 
(depth.sd_haul). 

Summary and Conclusions 

• Biodiversity indicators explained better the variability in fish biomass than any 

environmental variables. 

• Functional dispersion and taxonomic evenness negatively impacted fish biomass. 

Functional dispersion had especially a strong effect at large spatial scale, and on its 

own contributed to 45% of the total variance explained in fish biomass, whereas 

taxonomic evenness had no effect on biomass at the large scale but an important 

effect on the local scale (≈25%).  
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• Taxonomic richness positively impacted fish biomass at all spatial resolutions, whereas 

functional richness was not retained in the final biomass models. 

• A mix of taxonomic and trait-based indicators seem the best at explaining total fish 

biomass. 

• There are some signs that both dominance and niche complementarity processes 

impact on the biomass in the Northeast Atlantic, with dominance processes being 

stronger 

• The spatial scale at which the community is defined as an impact on which variable is 

retained in the biomass model and best explains its variability, but overall, no drastic 

changes are apparent, and the direction of impact remains across the different spatial 

scales. Sensitivity analysis such as this one are therefore useful to test the robustness 

of the SEM results. 

 

 

3.2.  Linking community diversity and environmental drivers to total fish 
biomass in the Barents Sea 

Lead contributor: Filippomaria Cassarino (UiT) 

Fishes are the most abundant and diverse vertebrates on Earth and remain a vital food source 
for humanity (Bar-On et al., 2018; Costello et al., 2020; FAO, 2024; Mora et al., 2011). 
However, unsustainable fishing has caused widespread declines in fish biomass (Durant et al., 
2024; Tremblay-Boyer et al., 2011; Watson & Tidd, 2018), while global warming is emerging 
as another major driver of change (Díaz et al., 2019b). Rising temperatures can affect fish 
biomass by increasing metabolic demands and decreasing energy transfer efficiency in food 
webs (Eddy et al., 2021; Gillooly et al., 2001). Arctic areas have been warming nearly four 
times faster than the global average (Rantanen et al., 2022). Consequent changes in high-
latitude fish community biomass have been predicted, but they have not yet been observed 
(Bryndum-Buchholz et al., 2019; van Denderen et al., 2023). What has been noted is instead 
the borealization of Arctic communities - the alteration of high-latitude biodiversity linked to 
the inflow of boreal species and their traits into Arctic assemblages (Husson et al., 2024). 

Biodiversity can shape ecosystem process through dominance and richness-related 
mechanisms, often outweighing the effects of environmental factors (Duffy et al., 2017; 
Loreau et al., 2001). Since diversity also depends on the environment, studies have attempted 
to define the relationships shared by biomass, diversity, and environmental factors at once 
(Danet et al., 2021; Duffy et al., 2016; Maureaud et al., 2019; Woods et al., 2020). This has 
helped to discern the role of different effects of diversity and the environment on fish 
community biomass. 

To our knowledge, no study has yet jointly defined the links between fish biomass, diversity, 
and environmental factors in a high-latitude system, where clarifying the biomass-diversity 
relationship seems a necessary step to fully grasp the potential effects of warming. Here, we 
examine these links in the Barents Sea, a polar sea located at the interface between the boreal 
and Arctic regions, featuring rapid warming and community borealization (Fossheim et al., 
2015; Gerland et al., 2023). The aim is to identify the main drivers of fish community biomass, 
discern the role of different facets of fish diversity, and investigate the presence of diversity-
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mediated environmental effects. By doing so, this study improves our understanding of the 
ongoing ecological change and its consequences for ecosystems and humanity alike. 

 

3.2.1. Material and Methods 

Study area 

The Barents Sea is a shelf sea found between the Norwegian and Russian exclusive economic 
zones (EEZs). The basin features warm Atlantic water flowing in from the southwest and cold 
Arctic water from the north and east (Loeng, 1991). The temperature gradient is followed by 
a biogeographical one, ranging from boreal to Arctic communities (Fossheim et al., 2015). 
Boreal communities are dominated by larger and more abundant taxa, resulting in high total 
biomasses, while Arctic ones harbour fewer and generally smaller species (Bernardo et al., 
2024; Johannesen et al., 2017; Kortsch et al., 2015). In recent decades, the Barents Sea has 
experienced pronounced changes in its physical and biological features, with increasing 
temperatures, decreasing sea-ice, and northward species migrations (Fossheim et al., 2015; 
Frainer et al., 2017; Gerland et al., 2023; Ingvaldsen et al., 2021). Since the early 2000s, three 
different warming phases have been identified: an initial colder period (2005–2011), followed 
by a very warm period (2012–2016), and finally a cooler period (2017–2022) (Eriksen et al., 
2025). The area has also long been a major fishing ground, with demersal species usually 
dominating landings (ICES, 2024a; Nakken, 1998).  

 

Community data 

Data on Barents Sea fish communities was obtained from the Barents Sea Ecosystem Survey 
(Eriksen et al., 2018; Michalsen et al., 2013), which is conducted annually between August and 
September by Norway and Russia. Sampling followed a fixed grid of stations ~65 km apart, 
with each country surveying its EEZ while jointly covering a central area of international 
waters. Fish communities were sampled using a Campelen 1800 bottom trawl equipped with 
22 mm cod-end mesh, towed for ~15 minutes at ~3 knots, resulting in a ~1.4 km towing 
distance. Only the Norwegian share of the data is currently accessible, so this study could only 
focus on the western half of the Barents Sea. Data was sourced from the FISHGLOB_data 
dataset (Maureaud et al., 2019) and filtered to focus on shelf communities by excluding hauls 
deeper than 500 m. To reduce biases from sampling duration, only hauls between 10-20 
minutes were retained. The resulting community dataset comprised 106 taxa from 3452 hauls, 
distributed between 2004–2022, spanning 70–82°N and 8–47°E (~1 million km²).  

Taxon-specific abundance was expressed as individuals and biomass per unit area (km²), and 
total fish biomass as the summed mass of all taxa per unit area. Diversity was measured 
through richness and evenness metrics to discern the respective roles of complementarity and 
dominance in shaping fish community biomass (Hillebrand et al., 2008; Loreau et al., 2001). 
Each of the two diversity dimensions was measured both at the taxonomic and functional 
level. Taxonomic richness (Tric) was computed as the number of species per haul. Taxonomic 
evenness (Teve) was instead derived from the equation E = log(2D)/log(S), where S is the 
number of species and 2D is the Hill’s number equivalent to Simpson’s diversity (Hill, 1973; 
Jost, 2010). Functional diversity was summarized using functional trait information from 
Beukhof et al. (2019) to construct a multidimensional trait space to compute richness and 
evenness metrics. Trait data was explored following Palacio et al. (2022) resulting in the 
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selection of 9 traits: 3 categorical (feeding mode, body shape, fin shape) and 6 continuous 
(trophic level, offspring size, fecundity, growth coefficient, maximum length, age at maturity). 
Then, the data transformations outlined in Mammola et al. (2024) were carried out to enable 
the inclusion of categorical traits and reduce trait space dimensionality. Lastly, the functional 
diversity of each haul was modelled in the trait space using probabilistic hypervolumes 
(Blonder et al., 2014, 2018; Mammola et al., 2021; Mammola & Cardoso, 2020). Two diversity 
measure were extracted for each haul: functional richness (Fric), the total volume of the 
hypervolume, and functional evenness (Feve), the overlap between the observed 
hypervolume and a second, imaginary one where traits and abundances are evenly distributed 
within their possible range.  

 

Environmental variables 

Data on mean monthly sea surface temperature (SST), sea bottom temperature (SBT), sea ice 
concentration (SIC), and chlorophyll a concentration (Chla) spanning from 2003 to 2022 was 
compiled from the E.U. Copernicus Marine Service (Global Ocean Physics Reanalysis, 
https://doi.org/10.48670/moi-00021; Global Ocean Colour, https://doi.org/10.48670/moi-
00281). Fishing effort data was instead obtained from GFW (Kroodsma et al., 2018) as monthly 
sums of trawling hours from 2012 (earliest available year) to 2022. For SIC, SST, SBT, and Chla, 
the mean and standard deviation values of a year before sampling were computed to capture 
mean conditions and seasonality (e.g. SBT mean and SBT SD), while fishing effort was 
converted to the sum of trawling hours of a year before sampling to approach its cumulative 
impact. The values of the processed environmental layers were extracted at each haul location 
in space and time using an 8km resolution, which was selected considering the original data 
resolution and the motility of fish.  

 

Statistical analysis 

All relationships were modelled using spatiotemporal generalised linear mixed models to 
account for spatial and temporal dependencies. Biomass was modelled as a response to 
environmental variables and diversity, fitting a general model excluding fishing to use the 
entire available time series of community data, and a shorter time-series to quantify the 
potential effect of fishing. Additionally, the generality of the relationships found by the general 
model was assessed by fitting models on data subsets reflecting three different climate 
periods (as classified by Eriksen et al., 2025) and biogeographical areas. The latter distinction 
was defined using the quantiles of SBT mean, with the upper 25% of observations classified as 
boreal and the lower 25% as Arctic. To evaluate sensitivity to dominant species, the ten most 
abundant ones were sequentially removed from total biomass, fitting a partial biomass model 
for each new response. A general model and one including fishing were also fitted for all 
diversity metrics including only environmental predictors. 

Prior to modelling, data was investigated following Zuur et al. (2010). Skewed covariates were 
log-transformed, and all predictors standardised (mean = 0, sd = 1). Collinearity was assessed 
using Pearson’s r and VIF, ensuring the detection of potentially weak ecological signals by 
adopting conservative values of r ≥ |0.65| and VIF ≥ 2 to drop variables (Zuur et al., 2010). 
Models were fitted using the sdmTMB package, which enables to efficiently compute complex 
spatial effects using Gaussian Markov random fields (Anderson et al., 2022). The spatial 
structure of the data was simplified with a custom triangular mesh, which was built with a 
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minimum allowed distance between vertices of ~60km, approaching the one between 
stations. Model selection focused only on random effects to better compare fixed effects 
across models, assess weakly supported effects, and reduce computation. Each model was 
fitted with spatial random fields (time-stable spatial correlation), spatiotemporal random 
fields (time-varying spatial correlation), and spatial and spatiotemporal random fields 
assuming anisotropy (directionally dependent spatial correlation). Spatiotemporal random 
fields were estimated both as independent and identically distributed (iid, independent 
between years) and stationary first-order autoregressive (ar1, dependent between years). The 
best random structure was selected based on the lowest Akaike information criterion (AIC), 
considering two models different in quality when showing a ΔAIC > 2.  The 95% confidence 
intervals (CI) of the fixed effects’ coefficients were employed to identify effects that 
significantly differed from 0. Model assumptions were validated using the DHARMa package 
(Hartig, 2017) following Zuur & Ieno (2016). 

 

3.2.2. Results and discussion 

Variables 

Total biomass was dominated by few species, with Atlantic cod (Gadus morhua) accounting 
for 31% of total biomass and the first ten species for 90% (Figure 3-30). Data exploration prior 
to modelling identified several correlated pairs of covariates, which were largely maintained 
within data subsets. Three exclusions allowed to remove almost all excessive correlations: SST 
mean was dropped in favour of SBT mean, given the focus on bottom communities, while SIC 
SD and log chla SD were dropped in favour of their mean counterparts, which are more easily 
interpretable. This resulted in a shared pool of environmental variables for all models: log 
fishing effort, Teve, Tric, Feve, Fric, SBT mean, SIC mean, SBT SD, SST SD, log chla mean, and 
depth. The only exception was the climate period model for 2017-2022, where SIC mean was 
removed due to a VIF of 2.3.   

 

Figure 3-30. Proportion of biomass shared by the ten most dominant species, from the most abundant (top) to 
the least abundant (bottom), compared to the cumulative biomass of all other 96 species. 
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Biomass models  

All biomass models were fitted with a lognormal distribution. Spatiotemporal random field 
with ar1 correlation structure were always selected as the best random component, usually 
with isotropic spatial correlation. Model validation did not reveal patterns indicating the 
violation of model assumptions. 

The general biomass model (Figure 3-31, black) identifies Teve as the main driver of total fish 
biomass along with SBT mean (slopes of -0.32 and 0.33, respectively). Tric displays instead a 
minor positive effect (slope = 0.05), while functional diversity metrics have similar but overall 
weaker effects compared to their taxonomic counterparts (slope of Feve = 0.16; slope of Fric 
= 0.07). This contradicts the notion that function diversity is better suited to approach 
ecosystem processes (Petchey & Gaston, 2006; Tilman, 2001). However, this result likely 
stems from some methodological shortfall, possibly concerning the availability and choice of 
traits, which can greatly influence resulting metrics (Legras et al., 2020; Ohlert et al., 2024). 
Notably, evenness metrics display stable dominant effects across biogeographical areas 
(Figure 3-31– B) and climate periods (Figure 3-31– C), while richness metrics shows a more 
variable yet always secondary effect. Similar effects of Teve and Tric have also been observed 
for fish communities at lower latitudes of the Northeast Atlantic (Maureaud et al., 2019), 
indicating that at various spatial scales over a large area (from the Bay of Biscay to the 
northern Barents Sea), evenness is a leading driver of total biomass while richness plays a 
minor role, if any. However, the partial biomass models (Figure 3-31– D) reveal that this 
hierarchy is sensitive to the inclusion of the most dominant species, because when they are 
progressively removed, the effect of Teve gradually decreases while the one of Tric rapidly 
increases. Richness and evenness respectively relate to two distinct mechanisms by which 
diversity can affect community biomass: niche complementarity and the mass ratio 
hypothesis. Niche complementarity describes how increasing species and traits can broaden 
the resources a community is able to exploit, leading to higher biomass (Danet et al., 2021; 
Duffy et al., 2017; Loreau et al., 2001). The mass ratio hypothesis predicts instead that 
ecosystem processes are mainly driven by the traits of abundant species, so they are mostly a 
result of dominance (Grime, 1998; Lisner et al., 2023; Maureaud et al., 2019). In this case, total 
biomass is mainly determined by dominant species and functions, indicating the prevalence 
of the mass-ratio hypothesis, while niche complementarity appears to be the main driver of 
the biomass attributed to the “rare” species assemblage in the community. For total biomass, 
complementarity effects are likely diluted by some level of independence displayed by the 
most dominant species. Given the strong relationships shared by total biomass and Teve and 
“rare” biomass and Tric, changes in diversity patterns are likely to ultimately influence 
biomass. 

The general model also finds SBT mean as the leading positive driver of total biomass. This 
effect is largely maintained through the climate periods (Figure 3-31– C), but it is lost in boreal 
areas (Figure 3-31– B). Contrary to Teve and Tric, the effect of SBT mean is largely maintained 
when removing the most dominant species, hinting at a community-wide benefit in terms of 
biomass. Generally, higher temperature can result in lower fish biomass due to increasing 
metabolic costs (van Denderen et al., 2023). However, the Barents Sea lays at the interface 
with the Arctic, where communities harbour fewer, smaller, and less abundant species, 
resulting in lower biomasses at lower temperatures (Johannesen et al., 2012). Indeed, the 
positive effect of SBT mean disappears when excluding the communities found in colder 
waters (boreal model; Figure 3-31-B), and it has been found to be negative at lower latitudes 



 

77 

 

of the Northeast Atlantic (Maureaud et al., 2019). In Arctic areas, SBT mean maintains instead 
a positive effect (Arctic model, Figure 3-31-B), likely reflecting both the borealization process 
and the current positive effect of temperature on Arctic species (Eriksen et al., 2025; Husson 
et al., 2024). Consequently, warming may directly support biomass increases in colder areas. 
However, this relationship may be transitory, given the expected eventual decrease of Arctic 
fish biomass under increased warming (Gordó-Vilaseca et al., 2024).  

The model including fishing effort (Figure 3-31-A) supports a positive effect of this driver on 
total fish biomass. Fisheries are a major driver of fish biomass by removing it directly 
(Tremblay-Boyer et al., 2011). This typically translates into a negative relationship between 
them (Durant et al., 2024). Hence, the positive relationship found here does not describe an 
effect of fishing on biomass, but rather the opposite, where fishing activities target biomass-
rich areas. 
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Figure 3-31. Slopes and 95% confidence intervals of the biomass models. Plots compare the general model (black) 
to the model including fishing (A), the Arctic and Boreal models (B), the climate period models (C), and models 
where the 10 most abundant species are progressively removed (D). 

Diversity models  

All diversity models were fitted with a Gaussian distribution. Spatiotemporal random fields 
with an ar1 correlation structure and isotropy were always supported as the favoured random 
component. Model validation did not reveal patterns indicating the violation of model 
assumptions. 

The general models identify few relationships with a confidence interval not including 0 
(Figure 3-32-A). The strongest one is found between Tric and SBT mean (slope: 0.26). Teve 
instead shows a weaker negative relationship with SIC mean (slope: -0.09). Fric also shows a 
positive relationship with SBT mean, but to a lower extent (slope: 0.13), while Feve relates to 
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SBT SD (slope: -0.09). The positive effect of SBT mean on the number of species and functions 
supports previous interpretations of diversity distributions and warming effects (Frainer et al., 
2017, 2021; Gordó-Vilaseca et al., 2023). Rising temperatures may increase richness, resulting 
in a positive indirect effect on biomass, especially of non-dominant taxa. Retreating sea ice 
may instead have a weak negative effect on biomass through Teve.  

The models including fishing show no support for an effect of fishing effort on any diversity 
metric (Figure 3-32-B). Yet, in the Barents Sea, fishing has been involved in commercial species 
declines and collapses (Hjermann et al., 2004; Nakken, 1998; Olsen et al., 2010). The inability 
of the present study to detect the expected negative effect of fishing on both biomass and 
diversity may be attributed to the steady presence of trawling in the Barents Sea for almost 
100 years (Nakken, 1998). Communities exposed to stable pressures can undergo a 
progressive loss of their most sensitive components and appear as more resilient, with fewer 
fluctuations in structure and function (Polo et al., 2025). Another explanation may lay in the 
need for a specific time lag or spatial resolution to detect any fishing signal (McKeon et al., 
2024). 

  

 

Figure 3-32. Slopes and respective 95% confidence intervals of the general diversity models (A) and the diversity 
models including fishing (B) 

3.2.3. Summary and conclusion 

• Barents Sea fish biomass mainly depends on temperature and diversity-mediated 

processes 

• Dominance drives total community biomass, while niche complementarity mainly 

shapes the cumulative biomass of non-dominant taxa. 

• Warming likely leads to an increase in biomass also indirectly through diversity 

• No negative effects from fishing were found, possibly due to prolonged 

exploitation or inappropriate spatial and temporal scales 

• Management should expect important shift in fish community biomass in 

association to warming 
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3.3.  Drivers and stressors of demersal fish biomass across the North Atlantic 
and Northeast Pacific 

Lead contributor: Federico Maioli (DTU-Aqua) 

Marine ecosystems are changing due to climate variability and human activities, affecting 
biodiversity and ecosystem functioning. Fish biomass is a key link to ecosystem services such 
as food provision, but the processes shaping its large-scale distribution are still not well 
resolved. Most existing studies focus on population-level dynamics or rely on spatially 
aggregated data, limiting inference on how community-level biomass patterns emerge across 
environmental gradients (e.g., van Denderen et al., 2023). In particular, the relative roles of 
baseline ecological drivers (e.g., depth, temperature, productivity) versus stressors (e.g., 
fishing, climate variability) remain difficult to disentangle. 

Here, we analyze demersal fish biomass across the North Atlantic and Northeast Pacific, which 
together account for approximately 15% of global fisheries catch (Watson, 2017). Using high-
resolution bottom-trawl survey data linked to environmental and anthropogenic variables, we 
assess how biodiversity-related biomass patterns relate to ecosystem functioning across large 
spatial scales. 

Specifically, we address two questions: 

(i) Can ecological drivers and stressors be detected as significant influences on fish biomass 
using high-resolution spatiotemporal models? 

(ii) Do these effects differ between regions? 

 

3.3.1. Materials and Methods  

Spatiotemporal extent of the analysis 

Our analysis focuses on the continental shelf seas of the Northeast Pacific, Northeast Atlantic 
and West Atlantic (Figure 3-33). Although fish biomass data span several decades, we limited 
our study to the period from 1997 to 2020 (up to 2019 for the Northeast Pacific) to align with 
the availability of environmental covariates and ensure consistency in survey standardization. 

 

Fish data 

Demersal fish biomass data were obtained from FISHGLOB (Maureaud et al., 2024), a 
comprehensive collection of scientific bottom-trawl surveys spanning pronounced latitudinal 
gradients (Figure 3-33). 
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Figure 3-33. Study regions and variables in 2015. Legends in panels B and D use transformed scales to enhance 
spatial contrast. 

Environmental drivers and stressors data 

Environmental data were obtained from the E.U. Copernicus Marine Service Information. 
Monthly sea water potential temperature at sea floor data, with a horizontal resolution of 
0.083° × 0.083°. These data were sourced from the Global Ocean Physics Reanalysis available 
at https://doi.org/10.48670/moi-00021. 

Monthly net primary production (NPP) data at a 0.25° × 0.25° resolution were obtained from 
the Global Ocean Biogeochemistry Hindcast dataset (https://doi.org/10.48670/moi-00019). 
Additionally, higher-resolution NPP data (4 km) were sourced from the Copernicus-
GlobColour Global Ocean Colour dataset (Bio-Geo-Chemical, L4, monthly and interpolated), 
based on satellite observations from 1997 to the present (https://doi.org/10.48670/moi-
00281). 

https://doi.org/10.48670/moi-00021
https://doi.org/10.48670/moi-00019
https://doi.org/10.48670/moi-00281
https://doi.org/10.48670/moi-00281
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Fishing effort data were obtained from GFW. These data are derived from the positions of 
vessels equipped with automatic identification system (AIS) transponders, with up to ~96,000 
active each year globally. Vessel identification is conducted using a combination of machine 
learning models, vessel registry databases, and expert manual review. Fishing effort is 
measured in hours, calculated by assigning each AIS position the time elapsed since the 
vessel’s previous AIS position. A neural network-based fishing detection model determines 
whether the vessel was engaged in fishing activity at each recorded position. Monthly fishing 
effort data are aggregated into grid cells of 0.01° latitude × longitude. Since GFW data do not 
distinguish between pelagic and bottom trawling, we used a global fishing effort dataset 
(Rousseau et al., 2022) to estimate the proportion of bottom-to-pelagic trawling per EEZ and 
adjusted the fishing effort per cell by multiplying effort by this proportion. 

To characterize large-scale environmental conditions and anthropogenic pressures 
influencing fish biomass, we aggregated seafloor temperature, net primary productivity (NPP), 
and fishing effort data at broader spatial and temporal scales than their native resolutions. 
Specifically, we resampled sea temperature and NPP to a spatial resolution of 0.5° × 0.5°, 
averaging values over the period 2000–2010. This time window captures long-term 
environmental variability and is centered within the overall time span of the biomass 
observations. 

Similarly, we quantified fishing pressure by resampling global fishing effort data to a resolution 
of 0.5° × 0.5° aiming to smooth the high spatial heterogeneity. Fishing effort was normalized 
to hours per 10 km² by adjusting for cell area and averaged over the period 2016–2024 to 
reflect the improved reliability and coverage of AIS-based vessel tracking data in recent years. 

To capture local-scale environmental stressors, we quantified anomalies in seafloor 
temperature and net primary production (NPP). For seafloor temperature, we calculated 
standardized anomalies by expressing seasonal deviations—defined as the difference 
between the observed temperature in a given season and the long-term seasonal average 
(2000–2010)—relative to the standard deviation of intraseasonal variability during the same 
baseline period (Williams et al., 2007). This approach identifies periods when bottom 
temperature conditions depart substantially from expected seasonal norms, thereby 
representing potential thermal stress for demersal fish communities. 

We applied a similar approach to NPP, though limited to the summer season (Q3), as this 
period is most representative of peak biological productivity. To align trawl timing with 
ecologically relevant productivity signals we used the Q3 NPP value from the same year for 
biomass observation collected in Q3 or Q4, and the Q3 value from the previous year for 
observations outside these quarters. This ensures that the anomaly reflects productivity 
available to fuel food web prior to or during the survey period. 

Anomalies were computed at the native resolutions of 0.083° × 0.083° for seafloor 
temperature and 4 km for NPP. These anomalies thus provide a measure of ecological 
stressors capturing short term departures from background conditions that may influence fish 
biomass distribution. 
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Statistical modelling 

To evaluate the effects of environmental and anthropogenic drivers on fish biomass, we 
employed spatiotemporal generalized linear mixed models (GLMMs) using the Stochastic 
Partial Differential Equation (SPDE) approach (Lindgren et al., 2011). We tested 16 candidate 
model structures per region, varying key covariates and their forms (Table 3-8). Model 
selection was based on the Akaike information criterion (AIC), with the most parsimonious 
model chosen for each region. When multiple models were within 10 AIC units, we selected 
the final model by evaluating the realism of covariate responses and associated uncertainties. 

Table 3-8. Overview of the fitted generalized linear mixed models (GLMMs) with different specifications of depth 
(raw or log-transformed), primary productivity (log(NPP) or using a breakpoint function breakpt()), and the 
inclusion or exclusion of bottom temperature and NPP anomalies. It also indicates whether a first-order 
interaction between depth and bottom temperature is included. Fishing effort, seafloor temperature, and the 
random effects (Year, Survey, Month) are always included and therefore not reported. The ‘Region’ column 
indicates the region in which a model was selected as the best-fitting GLMM. 

Model Depth 
Variable 

Productivity 
Term 

Seafloor Temp 
Anomaly 

NPP 
Anomaly 

Seafloor 
Temp × 
Depth 
Interaction 

Region 

logdepth_pp_anomaly log(Depth) log(NPP) Yes Yes No  

logdepth_breakpt_anomaly log(Depth) breakpt(log(NPP)) Yes Yes No  

logdepth_pp_noanomaly log(Depth) log(NPP) No No No  

logdepth_breakpt_noanomaly log(Depth) breakpt(log(NPP)) No No No  

depth_pp_anomaly Depth log(NPP) Yes Yes No  

depth_breakpt_anomaly Depth breakpt(log(NPP)) Yes Yes No  

depth_pp_noanomaly Depth log(NPP) No No No  

depth_breakpt_noanomaly Depth breakpt(log(NPP)) No No No  

logdepth_interact_pp_anomaly log(Depth) log(NPP) Yes Yes Yes East Pacific 

logdepth_interact_breakpt_anomaly log(Depth) breakpt(log(NPP)) Yes Yes Yes NE Atlantic 

logdepth_interact_pp_noanomaly log(Depth) log(NPP) No No Yes  

logdepth_interact_breakpt_noanomaly log(Depth) breakpt(log(NPP)) No No Yes  

depth_interact_pp_anomaly Depth log(NPP) Yes Yes Yes West Atlantic 

depth_interact_breakpt_anomaly Depth breakpt(log(NPP)) Yes Yes Yes  

temp_depth_interact_pp_noanomaly Depth log(NPP) No No Yes  

depth_interact_breakpt_noanomaly Depth breakpt(log(NPP)) No No Yes  

 

All models included seafloor temperature, depth, net primary production (NPP), and fishing 
effort as fixed effects, alongside random intercepts for year, survey, and month (except in the 
East Pacific, where month was excluded due to data structure). 

Depth was always included as a second-degree polynomial, either in its original or log-
transformed form, to account for potential nonlinear and scale-dependent relationships. NPP 
was modeled linearly or using a breakpoint function to capture potential nonlinear threshold 
effects (Table 1). A breakpoint function consists of two pieces. For values of x less than 𝑏1, the 
function grows linearly with a slope of 𝑏0, meaning that the output increases proportionally 
with x. Once x reaches 𝑏1 or higher, the function stops increasing and stays constant at the 
value 𝑏1 ⋅ 𝑏0. In other words, 𝑏0 controls how steeply the function rises before the threshold, 
and 𝑏1 ⋅ 𝑏0 is the level it flattens out to after the threshold. There are no restrictions on the 
values of 𝑏0 or 𝑏1, allowing the model to flexibly capture both gradual and abrupt threshold-
like responses in NPP. 
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We further tested the inclusion of quarterly seafloor temperature anomalies and Q3 NPP 
anomalies to account for deviations from long-term seasonal trends. Additionally, we 
incorporated a first-order interaction between temperature and depth in a subset of models 
to examine whether thermal effects varied with depth. Fishing effort was included as a linear 
term in all models. Prior to analysis, all covariates were normalized by subtracting their mean 
and dividing by their standard deviation. 

This approach enabled a structured comparison of alternative ecological hypotheses while 
accounting for spatial structure via a spatial random field and, when applicable, a spatially 
varying coefficient for seafloor temperature and NPP anomalies. 

All the models can generically be written as: 

y𝑠,𝑡 ~ N (𝜇𝑠,𝑡, 𝜎2) 

𝜇𝑠,𝑡 = 𝑋𝑠,𝑡
𝑚𝑎𝑖𝑛 ∗ 𝛽 + 𝛼𝑔 + 𝑋𝑠,𝑡

𝑠𝑣𝑐 ∗ 𝜁𝑠 + 𝜔𝑠 

Where: 

• 𝑦𝑠,𝑡 is the response variable (fish biomass) at location s and time t 

• 𝜇𝑠,𝑡 is the expected value (mean) 

• 𝑋𝑠,𝑡
𝑚𝑎𝑖𝑛 are the main fixed effects 

• β is the vector of fixed-effect coefficients 

• 𝛼𝑔 is a group-level random intercept (𝛼𝑔~𝑁(0, 𝜎𝛼
2)) 

• 𝑋𝑠,𝑡
𝑠𝑣𝑐 ∗ 𝜁𝑠 are spatially varying coefficients (𝜁𝑠~𝑀𝑉𝑁(0, 𝛴𝜁)) 

• 𝜔𝑠 is the spatial random field (𝜔𝑠~𝑀𝑉𝑁(0, 𝛴𝜔)) 

For instance, the model “depth_pp_noanomaly” in Table 1 corresponds to the following fitted 
GLMM:  

𝑙𝑜𝑔(Biomass) = 𝛽0 + 𝛽2 Depth + 𝛽3 Depth2 + 𝛽4𝑙𝑜𝑔(𝑁𝑃𝑃) + 𝛽5𝑆𝑒𝑎𝑓𝑙𝑜𝑜𝑟 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒
+ 𝛽6𝐹𝑖𝑠ℎ𝑖𝑛𝑔 + 𝛼𝑌𝑒𝑎𝑟 + 𝛼𝑆𝑢𝑟𝑣𝑒𝑦 + 𝛼𝑀𝑜𝑛𝑡ℎ + ω𝑠 

We fit the models using R Statistical Software (R Core Team, 2021) version 4.3.3 using the 
package sdmTMB (Anderson et al., 2024) version 0.6.0.9004. We evaluated model 
convergence by confirming that the Hessian matrix was positive definite, and the maximum 
absolute log-likelihood gradient with respect to fixed effects was < 0.001. 

 

3.3.2. Results and Discussion 

Fish biomass across all regions was structured by depth, temperature, and primary production 
(NPP), with additional variation associated with fishing effort and environmental anomalies. 

Depth showed the most consistent relationship with biomass. Although model selection 
differed, favoring log-transformed depth in the East Pacific and Northeast Atlantic and raw 
depth in the West Atlantic (Figure 3-34), both formulations produced similar patterns. 
Biomass peaked at intermediate depths (~100–300 m) across all regions (Figure 3-35), 
consistent with a depth range where environmental conditions and resource availability 
support higher biomass. 
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Figure 3-34. Estimated parameters from the best-fitting models fitted to demersal fish biomass across regions. 
Points represent mean estimates, with horizontal lines indicating 95% confidence intervals. The range parameter 
is expressed in km, while all other parameters are presented as standardized effect sizes. 

The effect of seafloor temperature varied among regions and depended on depth. 
Temperature was positively associated with biomass in the West Atlantic and negatively 
associated in the East Pacific and Northeast Atlantic, although uncertainty was high in the 
latter (Figure 3-34). Interaction terms between temperature and depth were retained in two 
regions, indicating non-uniform effects along the bathymetric gradient. In the West Atlantic, 
temperature effects were positive in shallow waters and negative at greater depths, whereas 
in the East Pacific negative effects intensified with depth (Figure 3-35). These patterns are not 
consistent with a single directional response to warming and instead point to depth-mediated 
responses that vary across systems. 
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Figure 3-35. Effects of covariates on demersal fish biomass, as estimated by spatiotemporal models. (A) Partial 
effects across regions. (B) Interaction effects between depth and seafloor temperature. Lines indicate mean 
predictions; shaded ribbons represent 80% confidence intervals. 

Responses to NPP were generally positive but weak. In the Northeast Atlantic and East Pacific, 
nonlinear relationships were supported, with biomass increasing at low NPP and plateauing 
at higher values. Due to uncertainty in the East Pacific threshold, a linear formulation was 
retained with comparable support (within 10 AIC units). In the Northeast Atlantic, the 
threshold occurred at relatively low productivity (~7 mgC/m³/day), with a steep increase 
below this level (Figure 3-35), suggesting stronger biomass limitation at low productivity. In 
contrast, NPP effects in the West Atlantic and East Pacific were weak and uncertain (Figure 
3-35), consistent with already productive shelf systems where NPP may not be a primary 
limiting factor. 

Fishing effort showed region-specific associations with biomass. Negative relationships in the 
Northeast Atlantic and, to a lesser extent, the West Atlantic align with patterns expected 
under sustained exploitation. The positive association observed in the East Pacific (Figure 
3-34) likely reflects spatial concentration of effort in areas of higher biomass rather than a 
direct positive effect of fishing. 

Environmental anomalies in temperature and NPP were retained in all models. While average 
effects were small, spatially varying coefficients revealed pronounced regional responses. 
Positive associations between temperature anomalies and biomass were observed in the 
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Bering Sea, southern Baltic Sea, and Northeast U.S. Shelf (Figure 3-36), alongside positive 
responses to summer NPP anomalies in the Bering Sea and Northeast U.S. Shelf. In contrast, 
negative associations were identified in the eastern Gulf of Mexico and on the Scotian Shelf, 
where deviations from baseline conditions coincided with reduced biomass. These patterns 
indicate that short-term environmental variability contributes to spatially heterogeneous 
responses that are not captured by mean conditions alone. 

 

Figure 3-36. Standardized spatially varying random slopes by region. Left: slope of seafloor temperature 
anomalies. Right: slope of net primary production (NPP) anomalies. All fields are standardized (mean = 0, SD = 1) 
to enhance visual comparability across regions. 
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The spatial random field accounted for the largest share of variance across all regions, 
exceeding survey, interannual, and seasonal components. This highlights the importance of 
spatially structured processes not explicitly included in the models, such as habitat 
heterogeneity or species interactions. The spatial correlation range was similar across regions 
(70–130 km), suggesting a consistent scale of biomass organization across continental shelf 
systems. 

3.3.3. Summary and Conclusions 

• Fish biomass is mainly driven by depth, temperature, and productivity. 
• Biomass peaks at intermediate depths (100–300 m) across all regions. 
• Temperature and productivity effects vary between regions. 
• Fishing and environmental anomalies modify biomass patterns, but not consistently. 
• Spatial structure explains a large share of variation, indicating missing drivers. 
• Management: Effects of fishing and climate are region-specific, so uniform 

management approaches are unlikely to work. 

 

3.4. Demersal fish biomass declines with temperature across productive shelf 
seas 

Lead contributor: Daniel van Denderen (DTU-Aqua) 

Marine fish community biomass is shaped by environmental conditions, resource productivity, 
trophic interactions and human pressures. This study examined how these drivers influence 
demersal fish community biomass across 21 productive continental shelf regions in the North 
Atlantic and Northeast Pacific. Specifically, we assessed responses of demersal fish biomass 
to spatial and temporal variation in temperature by analysing large-scale patterns in 
community biomass. The overarching objective was to test the hypothesis that fish 
community biomass declines with increasing temperature, driven by higher metabolic 
turnover rates and temperature-induced reductions in trophic transfer efficiency. Specifically, 
the research aimed to: 

• Quantify the cross-regional relationships among temperature, primary production, 

fishing pressure, and demersal fish biomass. 

• Determine whether temperature mediates the link between net primary production 

(NPP) and demersal fish biomass. 

• Evaluate whether recent warming (1980–2015) has resulted in detectable biomass 

changes within regions. 

 

3.4.1. Materials and Methods  

Study Areas and Environmental Context 

The study covered 21 continental shelf regions spanning the North Atlantic and Northeast 
Pacific, encompassing broad gradients in temperature and fishing pressure. These marine 
shelf systems are characterized by high primary production and support diverse demersal fish 
assemblages, comprising both teleosts and elasmobranch species. Ambient temperatures 
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varied substantially among regions, allowing investigation of temperature–biomass 
relationships at a macroecological scale.  

Taxa and Variables Analysed 

We compiled high-resolution bottom trawl survey data of fish biomass containing 166,000 
unique tows and corrected biomass for differences in sampling area and trawl gear 
catchability. We examined whether relationships between net primary production and 
demersal fish community biomass are mediated by temperature, food-web structure and the 
level of fishing exploitation, as well as the choice of spatial scale of the analysis. 

The analysis focused on demersal fish communities, including all species consistently sampled 
in bottom trawl surveys. The response variable was total biomass in tonnes per km2. Variables 
examined included: bottom temperature, net primary production, zooplankton production, 
detrital flux to the seafloor, community weighted trophic level, and fishing exploitation levels 
(estimated as catch/biomass). 

Analytical Approach 

The analysis proceeded in two steps: 

1. Cross-regional analysis: Relationships between demersal fish biomass, temperature, 

productivity, fishing pressure, and food-web structure were quantified using a 

structural equation model that allowed testing whether temperature mediates the 

NPP–biomass relationship. In addition, a trophodynamic model incorporating 

temperature-dependent trophic efficiency was evaluated as an explanatory 

mechanism. 

2. Temporal (within-region) analysis: Time-series models assessed whether biomass 

within each region changed with temperature over the 35-year study period. The goal 

was to determine whether recent temperature changes produced detectable in-situ 

biomass changes. 

 

3.4.2. Results and Discussion 

Cross-regional biomass patterns 

Demersal fish biomass varied 40-fold among regions. Biomass was consistently highest in 
colder shelf seas and in regions experiencing low fishing exploitation, such as the Northeast 
Pacific regions (Figure 3-37).  
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Figure 3-37. Map of mean demersal fish biomass per grid cell (6000 km2) in 1990–2015. 

Temperature and fishing exploitation emerged as the primary drivers of the cross-regional 
differences in fish community biomass (Figure 3-38 and Figure 3-39). NPP mediated 
zooplankton production, which was positively associated with biomass. The effect of 
zooplankton production on biomass was relatively small. This weak effect is likely since all 
studied shelf systems have moderate to high productivity and productivity varies less than a 
factor 4. It is thus expected that prey production could become more important for predicting 
changes in demersal fish biomass along a broader productivity gradient (e.g. from shelf to 
open ocean).  

 

Figure 3-38. Final structural equation model with the direct and indirect effects of predictors on demersal fish 
biomass. The colour and thickness of the arrows shows the sign (blue arrow = positive, red oval = negative). 
The coefficient of determination (R2) is indicated for each response variable. The grey predictor variables and 
pathways are not included in the final SEM as they were not important for explaining fish biomass. 

Average trophic level had a weak effect on biomass, suggesting that communities with larger 
abundance of predators, corrected for temperature and NPP, have less total community 
biomass due to loss of energy each trophic transfer (Figure 3-38 and Figure 3-39).  
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A trophodynamic model incorporating temperature-dependent trophic efficiency best 
captured the observed biomass distributions, supporting the idea that metabolic costs 
increasingly limit biomass at higher temperatures. 

 

Temporal Trends Within Regions 

Despite clear spatial effects, we found no evidence that recent warming (1980–2015) caused 
detectable biomass declines within individual marine regions. Temperature and fisheries 
catch fluctuate in time and fish populations may have lagged responses to both. We expect 
that the observed variations in temperature were too small to reveal a signal on total 
community biomass. 

 

Figure 3-39. Partial effect of temperature (a), exploitation rate (b), mean trophic level (c) and zooplankton 
production (d) on demersal fish biomass as estimated from the SEM (Figure 2). The plots show the change in 
demersal fish biomass along the range of each predictor while keeping the other variables fixed at their mean 
values. The lines represent different spatial scales and time periods. 

3.4.3. Summary and Conclusions 

• Biomass varies 40-fold across regions, reflecting combined influences of temperature, 

prey productivity, and fishing pressure. 

• Temperature is a dominant driver of large-scale variation in demersal fish biomass in 

shelf ecosystem with warm regions supporting substantially less biomass due to 

reduced trophic efficiency and higher turnover rates of biomass. 

• No significant temperature-driven biomass trends were detected within regions 

(1980–2015), likely since the observed variations in temperature were too small to 

reveal a signal. 

• Fisheries and ecosystem management should account for expected long-term biomass 

declines under continued warming. Our empirical findings can serve as an independent 

dataset to validate historic biomass estimates of process-based ecosystem models to 

improve projections of biomass change in the future. 
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3.5.  Synthesis on the drivers of fish biomass in European Seas 

In this chapter, we investigated the main drivers of fish biomass across ecoregions and scales 
using both similar methodology (e.g. SEMs) as well as other methods and design (e.g. large 
scale, GLMMs). Below, we synthesise the results of the different studies (Table 3-9) based on 
the questions we aimed to answer. 

Table 3-9 Summary of the overall effect of the different biodiversity indicators and environmental variables on 
total fish biomass across the various case study. The top 8 case-study are based on similar method and 
framework, whereas the bottom 3 studies use different design and methods. The colours blue and red represent 
positive and negative relationships with biomass, respectively, whereas the colour shade represent how strong 
the relationship was (semi-qualitative based on the total effects of the variable). NS means the variable did not 
clearly impact fish biomass, shaded areas means that the variable was not included in the analysis. N= North, E= 
East, NEA= North-East Atlantic, Atl= Atlantic, Pac= Pacific, Medit= Mediterranean Sea, SEM = Structural equation 
model, GLMMs = generalized linear mixed models, SSF=small-scale fisheries, OTB=bottom trawlers. 

 

(i) What are the main drivers of fish community biomass in European Seas? 

Across the studies, we analyzed multiple type of drivers on fish biomass, including 
environmental variables, fishing effort and biodiversity indicators. Summarizing the main 
effect and direction of the different drivers on fish biomass across these various studies can 
give a robust understanding of the main drivers (Table 3-9). First, in the SEM studies that 
integrated both biodiversity and abiotic variables as explanatory variables of the fish biomass, 
it appears that biodiversity indicators had a strongest total effect on fish biomass than the 
environment or fishing (Table 3-9). From the biodiversity indicators, there is an agreement 
across the different case-studies that taxonomic evenness has a negative impact on fish 
biomass, whereas taxonomic richness has a positive impact. Functional evenness has 
generally a negative impact, but less clear, and taxonomic evenness has a contrasting impact 
between the north-east Atlantic and north Mediterranean case-studies (although this might 
be due to different methods used between the two areas). CWM length has no clear 
directional effect on fish biomass, and when it has it is comparatively weaker. From this cross-
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studies comparison, we can thus conclude that: evenness has a negative impact on fish 
biomass whereas richness has a positive impact. This result reflects the interplay between 
dominance and complementarity mechanisms in biodiversity-ecosystem productivity 
relationships. While increased species richness enhances resource use complementarity and 
overall productivity (Loreau & Hector, 2001; Tilman et al., 1997), dominance effects, as 
indicated by the negative relationship with evenness, suggest that biomass is often 
concentrated in a few highly productive species (Maureaud et al., 2019). These dominant 
species likely drive ecosystem productivity in exploited systems, where community 
composition is shaped by selective pressures favoring commercially valuable or ecologically 
efficient taxa. 

The environmental variables and fishing effort were not consistently assessed across all 
studies, but some patterns do emerge from the comparisons (Table 3-9). Primary productivity, 
included in all studies, is positively linked to fish biomass in all case studies but one, and 
although often with a low effect. Primary productivity most likely have an indirect effect on 
fish biomass (van Denderen et al., 2023), and influence total fish biomass through food web 
cascading effects (Chassot et al., 2010; Friedland et al., 2012). The weak negative effect found 
in the Barents Sea is probably due to primary productivity being highly seasonal in this high-
latitude ecosystem, making annual average less relevant, as well as problematic measure of 
satellite-based chlorophyll a data due to ice and cloud cover in the area. Depth had a negative 
effect on fish biomass in most case-study but was weakly positive in the North Sea and hump-
shaped at large spatial scale (Northeast Atlantic). The differences in direction across the case-
studies might be due to the depth range included in each case-studies, with depth potentially 
peaking at intermediate depths but being lower at shallow or very deep areas, which for most 
coastal shelves included in the SEM comparative case-studies, as the very shallow areas were 
excluded might result to the observed negative relationship. Sea bottom temperature had 
contrasting effects across the different case-studies, it had a weak positive effect in the north 
Mediterranean, Barents Sea, Celtic Sea and Bay of Biscay case-studies, whereas it had a 
negative effect on biomass in the North Sea and at large scale (e.g. North-east Atlantic). 
Warmer temperatures accelerate physiological rates, such as consumption and metabolism, 
leading to higher biomass turnover rates (Brown et al., 2004), due to that colder environments 
are hypothesized to support higher fish community biomass due to lower turnover rates and 
more efficient energy transfer (van Denderen et al. 2023). Seasonality in temperature, when 
included in the studies, generally appears to have a negative effect on fish biomass, apart from 
the Barents Sea where it had a negative impact. Fishing shows contrasting effects on fish 
biomass across the study, at large spatial scale (e.g. Northeast Atlantic and Mediterranean 
Sea) it has a weak negative effect on fish biomass, whereas it had weak negative effects at 
more regional scales (e.g. Barents Sea), or based on different metrics (small scale fisheries in 
Mediterranean Sea). Fishing impact on fish communities and biomass might be more apparent 
at larger observational scales than local scales (e.g. McKeon et al. 2024), and at local scales 
positive relationship might be arising from an effect of “attraction” of fishing vessels to 
productive fishing grounds rather than causal relationship. We can thus conclude that: 
primary productivity was a weak but positive effect, whereas depth has a generally weak 
negative impact on fish biomass (if shallow/coastal areas are excluded). Sea surface and 
bottom temperature effects are region-specific.  
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(ii) Are the taxonomic or the trait-based indicators best at explaining the variation in 

the biomass? 

In the comparative SEM studies, taxonomic richness consistently had a stronger (positive) 
effect on biomass than functional richness, at the exception of the Barents Sea (Table 3-9). 
This result is surprising, as based on ecological theory, we would expect that it is more the 
trait richness that impact ecosystem functions, and thus productivity rather than taxonomic 
richness . This can point out to methodological problems, such as the functional richness 
calculation not adequately representing the richness in terms of traits due to e.g. the selection 
of traits. But, it can also point out that high trait diversity does not necessarily lead to high 
biomass but that instead species-rich communities, simply through the sampling effect, will 
be likely to be composed of productive species. Similarly, taxonomic evenness had a stronger 
negative relationship with fish biomass than functional evenness across all case study.  This 
signals that it is not especially the trait characteristic of the dominant species, but whether 
there is a dominant species in the community, that impact fish biomass. However, when using 
functional dispersion instead of functional evenness, strong negative relationship with fish 
biomass were also apparent, pointing out that functional evenness is maybe not the optimal 
“trait-based” indicator that would be equivalent to taxonomic evenness. This also highlights a 
common problem with functional indicators compare to taxonomic indicator: their calculation 
and interpretation is often not straightforward. In conclusion, functional diversity indicators 
do not appear to be better than taxonomic indicators at predicting fish biomass, here we 
found rather the opposite, there is actually indications that taxonomic indicators are better 
at predicting fish biomass. 

(iii) Is there some variation in the diversity-biomass relationships between European 

regional seas? 

Taxonomic richness and taxonomic evenness relationship with biomass were consistent 
across the different case-studies (Table 3-9). This was also the case for functional dispersion 
and functional evenness, at the exception of some non-significant relationship. For functional 
richness, opposite direction was observed for the Mediterranean and Atlantic case-studies, 
but this might be due to differing methodology. In the Mediterranean Sea case study, it was 
discussed that the role of functional diversity appeared to vary according to local ecological 
and anthropogenic conditions. In contrast, the relationship between the environment and the 
biomass displayed more variation. This highlights that the environmental context of the study 
region (e.g. tropical vs boreal) has an impact on the environment-biomass relationship, but 
that the effect of community composition is similar across the regions. In conclusion, there is 
important variation between the environment-biomass relationships, but rather 
consistency in the diversity-biomass relationships. 

(iv) What is the importance of spatial scales in shaping relationships? 

The effect of spatial scales can be assessed through the North-East Atlantic SEM case-study 
(where the fish community was assembled based on three different spatial scales), but also 
by comparing the regional case-study results to the large-scale results (North Atlantic and 
Pacific studies). First, based on the NEA SEM, we found that the direction of the relationship 
between the indicators and biomass didn’t change with scale, but that the strength of the 
effect did. Second, when increasing the scale of the observation, it appears that the 
relationship might change due to more variability in the ecosystems included in the analysis 
(e.g. addition of warm/cold ecosystems). We conclude that the spatial scale at which the 
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ecological communities are define, as well as the spatial extent of the study, will have an 
impact on the observed indicator-biomass relationship, and that exploratory and/or 
sensitivity analysis should be done to assess the robustness of observed relationships. 
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4. Spatio-temporal patterns and drivers of 
ecosystem functions and services 

 

4.1. Two decades of fish community change reshape biogeochemical 
functioning in the Mediterranean Sea 

Lead contributor: Jérémy Carlot (IEO-CSIC) 

Understanding how biodiversity change influences ecosystem functioning remains a central 

challenge in ecology, particularly under accelerating global pressures. In marine systems, fish 

communities play a pivotal role in carbon (C), nitrogen (N), and phosphorus (P) cycling through 

growth, metabolism, feeding, and excretion, yet the basin-scale functional consequences of 

shifting fish assemblages remain largely unresolved (see Schiettekatte et al., 2020). These 

uncertainties are especially critical in the Mediterranean Sea, a region undergoing rapid 

warming, long-term fishing exploitation, and strong productivity gradients, making it a natural 

laboratory to explore the links between biodiversity change and biogeochemical processes. 

Despite the recognised importance of animals in mediating elemental fluxes, most large-scale 

biogeochemical assessments still focus on microbes, phytoplankton, and abiotic processes 

(Allgeier et al., 2016). As global change reshapes fish communities through redistribution, 

compositional turnover, and altered trait structures, the degree to which these 

reorganisations buffer, enhance, or erode ecosystem functioning remains poorly quantified 

(Schiettekatte et al., 2022). Recent research suggests that functional traits—such as body size, 

growth rate, metabolic demand, and trophic strategy—determine species-specific 

contributions to elemental cycling, and that changes in community trait composition may 

offset or exacerbate functioning losses caused by declining taxa or shifting biomass 

distributions (Mouillot et al., 2011). 

 

4.1.1. Objective and research questions 

This case study evaluates how two decades of fish community change in the Mediterranean 

Sea influence key biogeochemical functions across the C, N, and P cycles. Specifically, we (1) 

quantify five functional rates representing major carbon and nutrient flux pathways, (2) map 

spatial patterns and temporal trends in functioning across the basin, and (3) identify the 

environmental and anthropogenic drivers associated with changes in ecosystem 

multifunctionality. We ask: 

• Do shifts in Mediterranean fish communities lead to functional losses, maintenance, 

or gains? 

• How do functional traits and functional divergence structure spatial and temporal 

patterns of ecosystem functioning? 

• Which environmental and human pressures most strongly modulate changes in 

multifunctionality? 
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4.1.2. Materials and Methods 

Study area and fish community data 

We analysed 23 years of standardised biomass data (1999–2021) from the MEDITS bottom-

trawl survey program, which samples continental shelf and upper-slope habitats (50–800 m 

depth) across the European Mediterranean using harmonised gear and protocols (Spedicato 

et al., 2019). The compilation included 25,863 stations, 402 fish species, and 18 Geographical 

Sub-Areas (GSAs). Biomass was standardised to swept area and expressed as g m⁻² d⁻¹. 

 

Estimating functional rates through the FishFlux framework 

We used the FishFlux (Schiettekatte et al., 2020) Bayesian metabolic–stoichiometric model to 

estimate five ecosystem functions capturing major biogeochemical fluxes: 1) Carbon 

production; 2) Nitrogen excretion; 3) Phosphorus excretion; 4) Carbon ingestion through 

planktivory; and 5) Carbon ingestion through benthivory. Six parameter classes fed into the 

model: metabolic, growth, morphological, trophic, survey-specific, and constants. Species 

traits (e.g., asymptotic length, growth parameters, trophic level, diet composition, fin 

morphology) were assembled primarily from FishBase (Froese and Pauly, 2025), 

complemented by literature values for metabolic rates (Schiettekatte et al., 2022; Vanni et al., 

2017). Missing data were imputed phylogenetically. Metabolic parameters were derived from 

Bayesian power-law fits between metabolic rate and body mass, accounting for temperature 

via activation-energy scaling. Excretion rates used consistent N and P turnover constants from 

previous FishFlux studies. Dietary stoichiometry and assimilation efficiencies were assigned 

from literature sources, and elemental body composition was predicted as Bayesian functions 

of trophic level. Because survey data provide total biomass but not full-size distributions, 

individuals of each species–station combination were assumed to share average mass. While 

this reduces fine-scale individual variation, community-level functional patterns are 

dominated by biomass and species identity. Functional rates were scaled from individual to 

species, station, and regional levels. Planktivory and benthivory were estimated via species 

assignments to trophic guilds, partitioning generalist diets proportionally. 

Functional traits, functional entities, and functional divergence 

Each species was characterised using five functional traits representing ecological strategy: 

maximum length, lifespan, vertical habitat, diet, and thermal preference. These traits were 

combined to form 144 functional entities, representing unique multidimensional trait 

combinations (Maire et al., 2015). A Gower-distance matrix capturing pairwise functional 

dissimilarity was ordinated using PCoA; a 3-dimensional functional space was selected based 

on optimal space quality. 

Functional divergence (FDiv) was quantified as a biomass-weighted measure of how species 

are distributed within trait space. High FDiv indicates dominance by species with extreme trait 
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combinations, reflecting functional complementarity; low FDiv reflects clustering near the 

centre of trait space (Mouillot et al., 2011; Villéger et al., 2008). 

 

Environmental and anthropogenic drivers 

We extracted bottom temperature anomalies and surface chlorophyll-a from Copernicus 

reanalyses (Mediterranean Sea Physics Reanalysis; Teruzzi et al., 2021) and used a multi-

criteria Fishing Pressure Index (FPI) integrating trawling, purse-seining, and small-scale 

fisheries (Kavadas et al., 2015). Depth was included as an abiotic structuring variable. 

 

Temporal trends and modelling ecosystem multifunctionality 

Stations sampled for ≥10 years (n = 20,416) were aggregated to hexagonal spatial units. For 

each hexagon, linear regressions quantified temporal trends for each functional variable. A 

Bayesian GLMM evaluated the probability that multifunctionality increased over time as a 

function of temperature anomaly, depth, chlorophyll-a, fishing pressure, and functional 

divergence, with GSA as a random effect. A Bernoulli response represented increasing (1) or 

decreasing (0) multifunctionality. Posterior distributions and conditional effects were used to 

quantify the direction and strength of each predictor. 

 

4.1.3. Results and Discussion 

Functional trade-offs across taxa 

 
Figure 4-1. Relative contributions of fish families to five key ecosystem functions, expressed as maximum mass-
specific rates (per kg of fish). For each function, the ten families with the highest contributions are shown. 
Functions include carbon production through somatic growth (blue), nitrogen excretion (green), phosphorus 
excretion (yellow), carbon ingestion through planktivory (purple), and carbon ingestion through benthivory 
(orange). Values represent family-level maxima across all species. 
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Across all processes, no fish family maximised all functions simultaneously, demonstrating 

strong functional trade-offs and indicating that ecosystem functioning emerges from 

community-level complementarity rather than dominance by a few taxa (Figure 4-1). Families 

such as Gonostomatidae ranked highly for nutrient excretion and planktivory, while large-

bodied or fast-growing families dominated carbon production. Benthivory was largely driven 

by demersal taxa. This mosaic of specialists illustrates that maintaining high ecosystem 

functioning requires retaining species with contrasting ecological strategies. 

Spatial heterogeneity in ecosystem functioning 

 
Figure 4-2. Spatial distribution of hotspots and coldspots of five key ecosystem functions in the Mediterranean 
Sea. Colored points represent hotspots (upper 5% of all station values), black points represent coldspots (lower 
5%), and grey points represent intermediate values. Each point corresponds to a single sampling station. The 
inset (upper right) shows the lognormal distribution of biomass values across all stations in the dataset. 

Functional rates varied across several orders of magnitude, producing distinct hotspots and 

coldspots for each function (Figure 4-2). Hotspots were most common in the western 

Mediterranean, linked to higher productivity, biomass, and more functionally diverse 

communities. Coldspots were common in deeper or oligotrophic regions. Importantly, hotspot 

locations rarely overlapped across functions, confirming that ecosystem multifunctionality 

rarely peaks in single locations. The multifunctionality index mirrored this spatial pattern: high 

values occurred where complementary functional roles coexist, rather than where any single 

function was maximised. 
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Temporal trajectories of ecosystem functioning 

 
Figure 4-3. Temporal trends in ecosystem functions, including (carbon production via somatic growth; nitrogen 
and phosphorus excretion; and carbon ingestion through planktivory and benthivory) and in the 
multifunctionality index. Blue points denote significant positive trends, whereas red points denote significant 
negative trends. Doughnut plots (upper right of each panel) summarize the proportional distribution of trends 
across the full dataset, with dashed outlines indicating non-significant trends and solid outlines indicating 
significant trends. 

Temporal trends revealed regionally coherent but spatially heterogeneous trajectories (Figure 

4-3). The Adriatic and Aegean Seas exhibited predominantly increasing trends across 

functions, whereas Sicily and Sardinia showed more consistent declines. Yet, only ~15–21% of 

time series showed statistically significant trends, emphasising strong interannual variability 

driven by environmental fluctuations. Basin-wide, positive trends modestly outweighed 

negative ones for all functions, suggesting a slight net increase in fish-mediated 

biogeochemical functioning over the 23-year period. 
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Drivers of multifunctionality change 

 

Figure 4-4. Effect of drivers on the probability of increasing (blue), or decreasing (red) temporal trends in 
multifunctionality. The dashed line at y = 0 represents equal probability of increasing and decreasing trends 
under the binomial model. Shaded ribbons show the 5th–95th credible intervals from the Bayesian model. 

Our Bayesian model identified four key patterns: 1) Chlorophyll-a increased the probability of 

multifunctionality gains, highlighting strong coupling between primary production and fish-

mediated carbon and nutrient fluxes; 2) Functional divergence (FDiv) positively predicted 

functional increases, supporting theory that high functional complementarity enhances 

multifunctionality (Figure 4-4). Communities dominated by species with extreme trait 

combinations were more likely to sustain or enhance functioning despite community turnover 

(Figure 4-4); 3) Depth negatively influenced multifunctionality, reflecting declining biomass 

and a shift toward taxa with limited contributions to benthic and pelagic nutrient pathways; 

and 4) Fishing pressure (FPI) and temperature anomalies showed weaker, more uncertain 

effects, but their directional tendencies were consistent with expectations: higher fishing 

pressure suppressed multifunctionality, while warming (via metabolic acceleration) slightly 

favoured increases. 

 

4.1.4. Summary and Conclusions 

• Fish-mediated biogeochemical functioning in the Mediterranean is shaped by strong 

functional trade-offs, with no taxon dominating all ecosystem processes; 

multifunctionality emerges from complementary species roles. 

• Spatial patterns reveal pronounced heterogeneity, with multifunctionality hotspots 

concentrated in the western Mediterranean where biomass, productivity, and 

functional divergence are higher. 

• Functional divergence and primary productivity are the strongest predictors of 

multifunctionality increases, whereas depth reduces functioning and fishing pressure 

likely suppresses biogeochemical fluxes. 
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4.2. Biodiversity and stability of Northeast Atlantic fish communities across 
scales 

Lead contributor: Louise Flensborg (DTU-Aqua) 

The functional diversity of communities is argued to provide important resilience and stability 
of ecosystems to withstand and buffer against changes (Holling, 1973; Peterson et al., 1998; 
Tilman et al., 2014). While experimental and theoretical studies on functional diversity 
support a positive relationship with the overall stability of the system (Naeem & Li, 1997; 
Tilman et al., 2006; Yachi & Loreau, 1999), the role and relative importance of different 
aspects of functional diversity and resilience remains unclear in natural ecosystems. This 
limitation is especially true in ecosystems with complex trophic interactions, variable 
environmental conditions and vast spatiotemporal scales, such as our oceans. Long-term data 
can help bridge this knowledge gap and uncover the complex effect of biotic and abiotic 
drivers and relationships with community stability and resilience (Magurran et al., 2010; 
Symstad et al., 2003). Furthermore, testing and comparing these relationships against 
predicted theory may yield important insight into the driving mechanisms of resilience and 
stability in ecosystems. In that regard, structural equation modelling (SEM) can provide a 
statistical tool to investigate potential diversity-stability relationships (Eschenbrenner & 
Thébault, 2023), including both direct and indirect links with the environment (Streiner, 2006). 
In this study, we use SEM and long-term monitoring data on demersal (bottom-living) fish 
communities across European shelf Seas to empirically investigate the presence and relative 
importance of direct and indirect relationships between multiple resilience indicators, 
environmental conditions and community stability.  

 

Figure 4-5. A map of the study area, including the position of the surveys (See table S2 for detailed descriptions 
of the surveys). 
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4.2.1. Material and Method  

Survey and trait data 

We compiled data of demersal fish species abundances using available scientific bottom-trawl 
survey including a total of 11.427 unique hauls and 279 species throughout the study area 
(Figure 4-5). All abundances were standardized for swept area accounting for the duration of 
the haul, the speed of the vessel and the opening of the gear (Maureaud et al., 2019). After 
these standardizations, all hauls were assigned to a corresponding grid cell of 1° longitude by 
0.5° latitude grid cells, reflecting the standard spatial subunits considered by ICES. We 
estimated the inverse of the coefficient of variation in total biomass for all grid cells across 
years (calculated as CV = σ/μ, μ being the mean biomass over the time period considered and 
σ the standard deviation). Invariance was estimated as  1/CV and will throughout the text be 
referred to as stability. This proxy for stability, has been widely used as a reliable estimator of 
temporal stability in natural ecosystems (Eschenbrenner & Thébault, 2023). In addition to the 
community data, we extracted available information on 8 traits representing different 
morphological, physiological and behavioral aspects of fish ecology. The trait information was 
used to assign each species into functional groups sharing a similar set of traits. The functional 
grouping was achieved through hierarchical clustering of the provided traits for all species 
included in the analysis following the approach by Flensborg et al. (2023) based on Gower 
distances using the FD function in the “dbFD” package (Gower, 1971; Villéger et al., 2008).  

Environmental data and fishing activity 

We collected environmental data from the NEMO-MEDUSA coupled hydro-geochemical 
model (Yool et al., 2013). This was done to ensure complete and consistent coverage across 
all unique sampled hauls across all included covariates. More specifically, we extracted the 
following environmental data: bottom temperature (ºC), salinity (PSU), chlorophyll a (mmol N 
per m3) and detritus (mmol N per m3). We furthermore estimated seasonality as the 
difference between summer and winter bottom temperature, reflecting the stability of the 
thermal environment. Depth information was obtained from the individual surveys. We 
furthermore included the mean fishing effort per ICES rectangle for both otter and beam 
trawlers based on available records from 2012-2018. The fishing effort was estimated as a 
swept area ratio – the area of a grid cell that is trawled each year divided by the total grid cell 
size.  

Indicators of stability and resilience  

We calculated various resilience indicators reflecting the functional attributes of fish 
communities, including functional group richness, redundancy, evenness and asynchrony 
(Flensborg et al., 2023). Functional group richness (henceforward referred to as richness) was 
estimated as the mean number of functional groups present per grid cell, while the functional 
group redundancy (henceforward referred to as redundancy) was estimated as the mean 
number of species present per functional group. The functional group evenness 
(henceforward referred to as evenness) was represented by the mean of Shannon diversity 
index per functional group, while the functional group response diversity (henceforward 
referred to as asynchrony) was represented by the mean degree of asynchrony in species 
abundance fluctuations within functional groups. To estimate the metrics, we used the R 
packages “vegan” and “synchrony” (Loreau & de Mazancourt, 2008). All indicators were 
estimated for each grid cell and represented as the mean based on 100 random bootstraps of 
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hauls with a sample size given by Species Accumulation Curves (SACs) in order to account for 
differences in sampling effort.  

Structural equation modelling   

We used SEM to investigate the effect and relative importance of links between the resilience 
indicators, environmental variables and stability, while accounting for both direct and indirect 
pathways. We performed the analysis using R and the package “piecewiseSEM” (Lefcheck, 
2016) by fitting five models with linear generalized least squares gls regression to explain 
stability, richness, redundancy, evenness and asynchrony (Table S5). Afterwards, we selected 
the best covariance structure for each model to account for spatial autocorrelation. Lastly, we 
selected the most parsimonious model using the “dredge” function in the “MuMln” R package 
(Barton, 2012). We compared the relative importance of each variable on stability by 
estimating both the direct and indirect effects, the latter only for environmental variables. 
Indirect effects on stability were estimated by multiplying the standardized path coefficients 
from any environmental variable by the path coefficient of any resilience indicator that 
showed a significant link with stability.  

 

4.2.2. Results 

The spatial patterns of resilience indicators show pronounced heterogeneity across the study 
area for functional group richness, redundancy, evenness and asynchrony (Figure 4-6). 
Similarly, stability represented by invariance, showed pronounced variability with generally 
high values (high stability) in the southern and eastern Baltic Sea and central North Sea and 
low values (low stability) in the rest of the region. The individual spatial patterns of each 
indicator are largely confirmed by a PCA analysis (Figure 4-6e) where functional redundancy 
and evenness both load positively on PC1, while the indicator of asynchrony are highly 
correlated with PC2. Since the PC axes are orthogonal to one another, this shows that the 
indicators are representing different and complementary aspects of resilience.  

 The resilience indicators and environmental variables in the final SEM explained a reasonably 
high degree of the observed variation in stability throughout the area (r2 = 49%). The SEM 
identified several significant interactions between resilience indicators and stability (Figure 
4-7). More specifically, we found a significant positive effect between asynchrony and 
stability, but a negative effect between functional redundancy and stability. The SEM further 
indicated there was no significant relationship between richness or evenness on stability. 
Finally, a significant positive effect between fishing intensity and functional redundancy was 
found. In terms of overall importance, the resilience indicators had a weak effect on stability 
compared to the environmental variables (Figure 4-8). More specifically, salinity, depth, and 
chlorophyll a had particularly strong effects on stability (Figure 4-8b), whereas fishing and 
temperature were found to have smaller and solely indirect effects.  
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Figure 4-6. Spatial patterns of demersal fish community resilience indicators and stability across the Northwest 
European seas. All indicators are calculated with the mean standardized number of species representing 50% of 
the estimated asymptotic richness per grid cell a) Functional species richness, b) functional redundancy, c) 
functional evenness (i.e. Simpson’s evenness calculated with species abundances), d) functional response 
diversity (i.e. asynchrony calculated with species abundances), e) Principle component analysis (PCA) of 
resilience indicators in the study area, f) fish community biomass stability reported as invariance.   
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Figure 4-7. The final SEM including significant links between metrics of biodiversity (resilience indicators), 
community stability (invariance), fishing and environmental variables. Red and black lines indicate positive and 
negative relationships, respectively, while the thickness of the lines indicate the relative strength of the effects. 
Transparent arrows represent links (correlations) between metrics. 

 

Figure 4-8. Standardized direct effects of all environmental variables and resilience indicators on stability (A), as 
well as the individual direct effects of the environment on both resilience indicators and stability.   
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4.2.3. Discussion  

We identified potential relationships between stability, resilience indicators and 
environmental conditions using observational data on demersal fish communities covering 
European Shelf seas. Our results demonstrate that environmental factors play an important 
role in explaining large-scale patterns and differences in community stability across the study 
area. This finding aligns with previous research indicating that stability at broader spatial scale 
is more strongly influenced by environmental drivers, whereas at smaller spatial scales 
internal community dynamics tend to have a greater impact (Leibold et al., 2004; Mouillot et 
al., 2007; Wang & Loreau, 2016). A strong environmental driver identified in our study is 
bottom salinity, which had a direct negative effect on stability, i.e. higher stability in areas 
with low salinity. This effect is likely driven by the reported higher stability in the southern and 
eastern parts of the Baltic Sea combined with the pronounced natural gradient and difference 
in salinity between the brackish Baltic Sea and the other regional seas. In addition to salinity, 
we found that depth has both a strong direct and indirect positive effect on stability, 
channelled through redundancy and asynchrony. This finding is in line with previous studies 
showing that demersal fish communities at greater depths are primarily composed of larger, 
long-lived and slow growing species (Beukhof et al., 2019; Pecuchet et al., 2017). 

While temperature is a fundamental driver of many key ecological processes and vital rates of 
organisms (Gillooly et al., 2005; Savage et al., 2004), as well as a  strong determinant of global 
species richness patterns (Hillebrand, 2004; Tittensor et al., 2010), we found a significant 
positive effect of bottom temperature only on redundancy, indicating a higher number of 
species per functional group at higher temperatures. This outcome corroborates previous 
studies on marine fish communities in the area documenting positive effects of temperature 
on species richness (Dencker et al., 2017; Maureaud et al., 2019). However, higher 
temperatures did not lead to a significant increase in the number of functional groups (i.e., 
functional group richness), indicating that the overall trait composition is retained across a 
range of temperatures. Furthermore, the SEM did not show a significant relationship between 
temperature and stability, indicating that higher mean temperatures do not seem to confer a 
direct stabilizing effect on community biomass. Despite the well-documented consequences 
of fishing on stock health and productivity, we only found a significant and positive direct link 
between fishing intensity and redundancy. This observed positive effect of fishing on 
redundancy should be treated with caution since it may simply result from a spatial co-
occurrence between areas of high overall fishing pressure and redundancy (such as the heavily 
fished southern North Sea The absence, or weakness of links to fishing may either result from 
data limitations, or alternatively be due to  historical effects of fishing occurring well before 
the study period which may mask the effects of fishing (Pinnegar & Engelhard, 2008; Soga & 
Gaston, 2018).  

As evident from above it is clear that community stability depends not only on external forcing 
through the environment, but on the internal properties, including the number and 
composition of species, their functional characteristics and the complexity of their population 
dynamics and interactions (Loreau & de Mazancourt, 2013; McCann, 2000). However, among 
the key resilience indicators included in our study, we only found a direct positive effect on 
stability from asynchrony. This finding supports previous studies demonstrating asynchrony 
in species fluctuations as an important driver of overall community stability (Craven et al., 
2018; Lindegren et al., 2016; Schnabel et al., 2021). Although we found no direct link with the 
number of functional groups, the positive effect of redundancy on asynchrony may indicate 



 

108 

 

that functional groups containing more species have a higher likelihood of displaying 
asynchronous dynamics, or at least uncorrelated abundance fluctuations, that both serve to 
increase stability through compensatory dynamics or statistical averaging, respectively (Yachi 
& Loreau, 1999). Furthermore, we found that higher asynchrony is also associated with higher 
evenness, suggesting that communities characterized by more even abundances may 
indirectly serve to increase stability, simply because the overall community biomass will be 
less variable, or sensitive to the fluctuations in one or a few dominant species. Taken together 
this supports a “portfolio effect” (Anderson et al., 2013) contributing to overall stability.  

 

4.2.4. Summary and conclusions 

• Our study highlights a complex network of direct and indirect pathways influencing 

fish community stability, with substantial spatial variation in resilience indicators 

and stability. 

• Key environmental gradients, such as salinity, depth, and productivity, were 

identified as primary drivers of resilience and stability at broad spatial scales. 

• The observed relationships and underlying mechanisms may not be universally 

applicable across different ecosystem types or spatio-temporal scales, 

underscoring the need for further research into context and scale-dependence. 

• These findings can guide targeted management and conservation actions, such as 

biodiversity protection and restoration, tailored to local or regional environmental 

contexts to enhance ecosystem resilience and stability. 

 
 
 

4.3. Diversity and stability relationships across marine fish communities 
facing contrasting environmental and anthropogenic pressures  

Lead contributor: Manuel Hidalgo and Jaime Otero (IEO-CSIC), Martin Lindegren (DTU-Aqua) 

Stability is an emergent property of complex adaptive systems encompassing multiple 
components, including temporal variability, resistance, resilience, persistence and robustness 
(Donohue et al., 2013). Due to its essential role in determining the responses of ecosystems 
to natural or anthropogenic stressors, stability has received long-standing attention within 
ecology (Donohue et al., 2016; Ives & Carpenter, 2007). However, understanding the drivers 
and mechanisms responsible for providing stability, and whether they vary across ecosystems 
subjected to different species composition and environmental conditions, remains a 
considerable challenge (Donohue et al., 2013; Thibaut & Connolly, 2013). 

Theoretical, experimental and observational studies have historically focused on how 
ecosystem characteristics, mainly the number of species, but also food-web structure or the 
strength of species interactions, affect stability (e.g. Arnoldi et al., 2019; Loreau & de 
Mazancourt, 2008; Tilman et al., 2006). The results of this cumulative research have revealed 
that increasing diversity in terms of species richness has a dual effect on stability: it stabilizes 
total community biomass while, at the same time, it destabilizes individual species 
abundances by increasing the variability of species’ responses to environmental fluctuations 
(de Mazancourt et al., 2013; Roscher et al., 2011). These effects make the overall community 
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abundance of highly species-rich communities less sensitive to temporal fluctuations in the 
environment and to anthropogenic impacts (Donohue et al., 2016; Thibaut & Connolly, 2013). 

Typically, studies dealing with stability use the temporal stability metric of an aggregate 
ecosystem property, that is, the invariability, measured as the inverse of the coefficient of 
variation through time. However, several other metrics have been proposed to quantify 
ecological stability (e.g. Bell et al., 2014; Lindegren et al., 2016; Yachi & Loreau, 1999). Among 
them, the portfolio effect (PE) has recently gained much popularity (Loreau et al., 2021). 
Introduced more than two decades ago (Doak et al., 1998; Tilman, 1999), PE denotes how 
independent fluctuations at the population level decrease variability at the community level    
(Schindler et al., 2010; Tilman et al., 1998; Vasseur & Gaedke, 2007). Several interacting 
community properties have been identified to contribute to PE largely representing the 
multidimensional attributes of ecological stability and the complementary mechanisms that 
determine it (e.g. Donohue et al., 2016; Downing et al., 2014; Hillebrand et al., 2018). Among 
them, synchrony in species fluctuations (i.e., reflecting the degree of common sensitivities of 
species within a community to external drivers; Loreau & de Mazancourt, 2008, 2013) and 
evenness (i.e., the distribution of abundances among species) have been denoted as two of 
the main structural properties jointly affecting PE (Thibaut & Connolly, 2013). 

Although numerous human pressures and environmental drivers can directly or indirectly 
influence the effect(s) of biodiversity on ecosystem processes and stability (Donohue et al., 
2016), empirical evidence at large macroecological scales is scarce and mainly originate from 
terrestrial studies (Craven et al., 2018; García-Palacios et al., 2018; Morin et al., 2014). Here, 
we used scientific bottom trawl surveys data from 54 marine ecosystems covering sub-Arctic 
to sub-tropical waters in the North Atlantic Ocean and the Mediterranean Sea to evaluate how 
biodiversity, in terms of richness and evenness, community structure, and environmental and 
anthropogenic factors affect community stability. To do that, we analyzed, at the ecosystem 
scale, the direct and indirect effects of the community properties, environmental conditions 
and anthropogenic pressures on stability measured through two PE metrics, which either 
ignores or accounts for the mean temporal abundance and variance of the species within 
communities (i.e., Taylor’s power law) (Anderson et al., 2013). 

 

4.3.1. Material and methods 

Biological data 

We compiled scientific bottom trawl survey data from 54 continental shelf ecosystems across 
the North Atlantic Ocean and the Mediterranean Sea spanning from 1980 to 2015, for which 
an updated source data and surveys characteristics can be found in Maureaud et al. (2024, 
2021). These surveys cover wide latitudinal and environmental gradients, ranging from sub-
tropical waters in West Africa and the Gulf of Mexico to sub-Arctic seas in Greenland and 
Iceland (Figure 4-9), and have been broadly assigned to five large biogeographic regions: sub-
Arctic, West Atlantic, East Atlantic, Canary Current Upwelling, and Mediterranean Sea. As the 
primary focus of this study is on demersal (bottom-living) fish communities on continental 
shelves, we only selected hauls sampled between 20 to 200 m depth. For each community, 
annual time series of fish species abundances were obtained from standardized catches per 
swept area (number of individuals km−2) for each haul. Species not primarily associated with 
continental shelves and for which abundances are biased due to low catchability in bottom-
trawling gears (e.g., littoral, pelagic and mesopelagic species) were excluded. However, 
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demersal species that are part of this habitat were retained even if they appeared in very low 
abundances or just in specific years. The final dataset resulted in a total of 419 unique species 
included in the analyses. For all fish species three life-history traits providing complementary 
information in terms of survival, reproduction and feeding were selected (Beukhof, Dencker, 
Palomares, et al., 2019; Pecuchet et al., 2017). These life-history traits were somatic growth 
rate (K parameter from the Von Bertalanffy growth equation), length at 50% maturity, and 
trophic level. Traits information was extracted from FishBase (Froese & Pauly, 2025), 
published reviews (Beukhof, Dencker, Palomares, et al., 2019; Tsikliras & Stergiou, 2015) 
available studies (Pecuchet et al., 2017). 

 

 

 

Figure 4-9. Location of the 54 systems from which information on scientific bottom trawl surveys were obtained. 
Systems are presented in five large biogeographical regions: Sub-Arctic, West Atlantic, East Atlantic, Canary 
Current Upwelling and Mediterranean Sea. Rectangles represent the area used to calculate indicators for the 
environmental conditions, anthropogenic impacts and bathymetry. Further information is provided in Table S1. 

Environmental and anthropogenic pressures data 

Environmental variables describing oceanographic conditions in each area were obtained 
from different sources. Chlorophyll-a concentration (Chl a), acting as a proxy for primary 
production, was obtained from the Global Colour Project (http://www.globcolour.info). We 
downloaded monthly Chl a data at a grid resolution of 100 km2 from the MODIS AQUA sensor 
and AV model from January 2003 to December 2015 (Maritorena et al., 2010). Furthermore, 
Sea Surface Temperature (SST) was obtained from the NOAA Earth System Research 
Laboratory (http://www.esrl.noaa.gov/psd/). We used the monthly Optimum interpolation 
SSTv2 product available at 1º grid resolution from a combination of satellite and in situ 
measurements from January 1982 to December 2015 (Reynolds et al., 2002). Additionally, sea 
bottom temperature (SBT) was obtained from the World Ocean Atlas 2013 at 1º grid 
resolution (https://www.ncei.noaa.gov/products/world-ocean-atlas). In order to account for 
a representative range of potential drivers of community structure and dynamics, we 

http://www.esrl.noaa.gov/psd/)
https://www.ncei.noaa.gov/products/world-ocean-atlas
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computed both the mean value and variability of the environmental variables as indicators of 
spatiotemporal heterogeneity. Chl a variability was estimated as the spatial coefficient of 
variation (CV) of the mean spatial pattern calculated over time, while the mean seasonal range 
temperature-related variables were calculated as the difference between mean summer and 
mean winter values. The mean estimates can generally be associated with large-scale impacts 
over the whole system, whereas the range and CVs serve to represent processes and 
mechanisms operating over finer spatial scales (Wedding et al., 2011). Finally, sampling depth 
was also used as a potential driver, where the mean and CV of all sampling stations within 
each community and year were calculated, and subsequently averaged over the entire time 
series as an indication of the potential influence of both the bathymetric mean and 
heterogeneity in a given community. 

In order to have representative indicators of potential human impacts in each ecosystem, 
available estimates, matching with the period of the study, of bottom trawling impact and of 
cumulative impacts of several other human activities were obtained from Halpern et al. 
(2008). Bottom trawling impact (Trawl) was estimated as the tons of catch using demersal 
gear types and standardized by the net primary production, while the total anthropogenic 
impact (TAI) was calculated by normalized additive combinations considering 17 
anthropogenic drivers in all ecosystems (see further details in Halpern et al., 2008). Using this 
spatial database, mean values and CVs were calculated across the different grid cells within 
each of the systems examined. 

Community metrics 

Each community was characterized using the following metrics calculated per year from the 
standardized species abundances by year matrices, and afterwards averaged over time: total 
abundance, calculated as the sum of individual species’ abundance; richness (S), calculated as 
the number of species; Shannon diversity (H), calculated as –Σpj·ln(pj) with pj representing the 
proportion of the entire community made up of species j; and evenness (J), calculated as 
H/ln(S). Furthermore, for each system, we used the life-history traits information to calculate 
community-weighed trait composition. Community weighted-mean (CWMs) traits were 
calculated as the average trait value weighted by the species abundances averaged across the 
whole sampling period of each survey. This was done for the three traits, growth rate (CWMK), 
length at maturity (CWML50) and trophic level (CWMTL), which characterize key life-history 
strategies along the ‘fast vs. slow’ life-history continuum (Beukhof et al., 2019a). 

Communities were also characterized by their synchrony in species fluctuations. Synchrony is 
a community property strongly associated with stability (Anderson et al. 2013; Thibaut & 
Connolly, 2013) and provides information on the degree of common sensitivities of the species 
within a community to fluctuations in external drivers (e.g., environment, human activities). 
Thus, stabilization through asynchronous dynamics requires the existence of differential 
responses of different species in a community to the fluctuations of the external drivers 
(Loreau & de Mazancourt, 2013). To estimate synchrony, we followed the approach 
developed by Loreau & de Mazancourt (2008): 

￼ 

where the superscript c designates community-level quantities, the superscript s designates 
species-level quantities, n is the number of species in the community and v denotes variances 
and covariances. Thus, 𝑣𝑛

𝑠(𝑖, 𝑖) is the variance (over time) of the abundance of species i; 
𝑣𝑛

𝑠(𝑖, 𝑗) is the temporal covariance of the abundances of species i and j; and 𝑣𝑛
𝑐 is the variance 
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of the total community abundance for a community with n species. The denominator is the 
variance of a hypothetical community with the same species-level variances but in the 
presence of perfect covariance. Synchrony varies from zero to one when abundance 
fluctuations are perfectly asynchronous or synchronous across species, respectively. 

Finally, for each community we further calculated the Taylor’s power law z-value, that is, we 
estimated z as the slope of a linear regression of the i species’ mean temporal log abundance 
(μ) and variance (σ2) as follows: 

log(σ2
i) = β0 + z log(μi) + εi        [2] 

where β0 is the intercept and ɛi is the residual error. 

 

Portfolio effect metrics 

We assessed the performance of two stability metrics proposed by Anderson et al. (2013) and 
defined as the average coefficient of variation portfolio effect (hereafter CVPE) and the mean-
variance portfolio effect (hereafter MVPE). On the one hand, the CVPE was computed as the 
ratio of the mean temporal coefficient of variation (CV) of the species abundances to the CV 
of the total abundance of the community. On the other hand, we calculated the MVPE taking 
advantage of the Taylor’s power law outlined above, which is known to vary across 
communities. By using that model, already applied in recent studies at the community level  
(Flensborg et al., 2023; Lázaro et al., 2022), we extrapolated the mean-variance relationship 
to the observed total community mean abundance to obtain the predicted variance value that 
we would expect if the portfolio was composed of a homogeneous community in terms of 
mean-variance relationship. The MVPE was then calculated as the ratio of the observed 
variance in the total community abundance and the predicted variance (Anderson et al., 
2013). Traditional calculations of stability, as the inverse of the coefficient of variation or the 
CVPE, assume that the z-value of the mean-variance scaling equals two. However, previous 
studies have shown that z usually tends to be less than two due to demographic stochasticity 
or competitive interactions (Loreau, 2010). Thus, it is preferable to account for the observed 
mean-variance scaling relationship when quantifying metapopulation or community portfolio 
effects that we have done following the methods proposed by Anderson et al. (2013). 
Confidence intervals for both PE metrics were obtained by recalculating the PE using the 95% 
confidence intervals on the predicted community variance.  

 

Statistical analyses 

The community level metrics based on standardized abundance were analyzed sequentially in 
accordance with the specific objectives outlined in the study. We investigated the contribution 
of intrinsic community properties and external drivers (i.e., environment and anthropogenic 
forcing) either via direct or indirect effects on both PE metrics. To do that, we fitted structural 
equation models (SEM) for which we established a priori the hypotheses on the causal links 
based on Anderson et al. (2013) and Thibaut & Connolly (2013) frameworks. More specifically, 
we hypothesized that PEs could be explained directly by the community metrics and the 
environmental and human stressors. In turn, the community properties would also be 
response variables potentially explained by the environment and anthropogenic impacts 
representing indirect effects. During the model fitting process, non-significant links related to 
the environment and the human pressures were removed. Before fitting the SEMs, Trawl, Chl 
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a and the range of SBT were log-transformed and all variables were standardized to 0 mean 
and 1 standard deviation. Model adequacy was assessed based on a 𝛘2 goodness-of-fit test. 

   

4.3.2. Results 

Portfolio effects 

Across the studied communities, the mean of the z-value of the Taylor’s power law was 1.98 
(± 0.13 sd) ranging from 1.71 to 2.24, and with significant deviations from 2 in numerous 
ecosystems (Figure 4-10A). Regarding the estimated PE metrics, these varied between 
methods due to the mean-variance scaling. While the MVPE ranged from 0.54 to 3.14 with a 
mean value of 1.59 (Figure 2B), the CVPE ranged from 0.75 to 4.89 with a mean value of 1.97 
(Figure 4-10C). No clear geographical pattern was observed across the large macroecological 
area investigated with the exception of the Mediterranean Sea, which showed a slight 
decreasing pattern in the CVPE from east to west (Figure 4-10C). 

 

Figure 4-10. Values and 95% CI for (A) Taylor’s power law z-value, (B) mean-variance portfolio effect, and (C) 
average CV portfolio effect across the 54 demersal fish communities. Communities are grouped into five large 
biogeographical regions: Sub-Arctic, West Atlantic, East Atlantic, Canary Current Upwelling, and Mediterranean 
Sea (Figure 1). Within each biogeographical region systems were sorted according to the mean latitude, except 
in the Mediterranean Sea in which systems were organized according to their mean longitude from east to west. 
Color coding: Arctic (red), Western Atlantic (orange), Eastern Atlantic (blue), Upwelling (purple) and 
Mediterranean (green). 

The SEM fitted to the MVPE (Figure 4-11A) showed that the model was adequate (𝜒2 = 23.7, 
df = 32, p-value = 0.86) and explained a moderate to large proportion of the variability in MVPE 
(63%), z-value (34%), synchrony (37%), evenness (43%) and richness (33%). Two factors 
affected MVPE directly, with a more stabilizing MVPE with increasing z and, especially, when 
species’ abundance was more asynchronous (Figure 4-11B). Regarding biodiversity, richness 
favoured an increase in MVPE through its negative effects on the z-value (Figure 4-11A) and 
on synchrony (Figure 4-11A). On the other hand, the indirect effect of evenness was stronger 
(Figure 4-11B) and also mediated by its positive and negative relationship with the z-value and 
synchrony, respectively. Most of the environmental parameters had a stabilizing indirect 
effect (Figure 4-11B) highlighting the bathymetric heterogeneity through its positive 
association with biodiversity. The exception was the range of SBT, which had a negative effect 
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(Figure 4-11B) mediated by its positive relationship with synchrony and evenness (Figure 
4-11A). The productivity of the ecosystem did not seem to have important net effects on 
stability (Figure 4-11B); however, Chl a concentration was a key parameter for synchrony and 
biodiversity with more productive regions having less rich and more uneven and asynchronous 
assemblages (Figure 4-11B). With respect to the anthropogenic pressures, both bottom 
trawling and TAI had a negative effect on evenness and synchrony (Figure 4-11A), resulting in 
negative and positive net effects of trawling and TAI on MVPE. 

 

Figure 4-11. (A) Results from the structural equation model (SEM) fitted to the MVPE. Black and red arrows 
represent positive and negative causal links, respectively. The thickness of the arrows varies depending on the 
strength of the relationship. Variables were coloured according to their nature: purple for the PE, green for 
community metrics, blue for environmental variables and brown for the anthropogenic stressors. The percentage 
of variance explained by the endogenous factors on each structural component, and MVPE, is also indicated. (B) 
Standardized direct and indirect effects of all intrinsic structural properties and external drivers on MVPE. The 
indirect effects for a given variable were computed by multiplying the standardized coefficients along each path, 
and then summing over all paths connecting that variable and the MVPE. 

4.3.3. Discussion 

Two metrics of the portfolio effect were used here as measures of stability. We found that the 
estimation of a portfolio effect that assumes that the slope of the mean temporal abundance 
and variance relationship equals two (i.e. CVPE), results in an overestimation of the stabilizing 
effect of the species diversity compared to a homogeneous community. Additionally, the 
direct effect of biodiversity on stability only becomes significant when the mean-variance 
scaling is not considered in the calculations. In other words, ignoring that the Taylor’s power 
law z-value differs from two leads to more stabilizing PE at the community level, which is in 
close agreement with the theoretical and empirical work done by Anderson et al. (2013) for 
other terrestrial and aquatic meta-populations. In consequence, the main difference between 
metrics is how they depend on the z-value. As such, our SEM approach showed that while the 
CVPE related negatively to z, the MVPE was positively affected. This implies that for stability 
calculations in terms of temporal variability (i.e. CVPE metric), an increased z-value means that 
all species are more variable but also more deviated from the theoretical value z = 2, triggering 
a destabilizing effect at the community level (Anderson et al., 2013). Less variable species in 
terms of z-value occurred in shallower though cooler waters suggesting that this metric of 
community structure further captures the effects of environmental variability across large 
scales as already shown for regional seas (Cobain et al., 2019). Importantly, the number of 
species and the distribution of their abundance related negatively and positively to the z-value 
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as observed by Anderson et al. (2013), meaning that richness and evenness would exert 
indirect positive effects on PE; however, the importance of biodiversity varied with the 
portfolio metric considered. 

Multiple theoretical and empirical studies have shown that greater biodiversity increases 
stability (e.g. Tilman et al., 2014) with a higher number of species typically reducing the 
variability in ecosystem processes in different realms (e.g. Loreau et al., 2021) and across 
scales (Liang et al., 2022). Furthermore, some of this research also highlights the dual effect 
of species richness on stability, stabilizing total community abundance while, at the same 
time, destabilizing individual species abundances by increasing the species variability (de 
Mazancourt et al., 2013; Roscher et al., 2011), as species-specific dynamics is a major driver 
of stability beyond species interactions (Meng et al., 2025). This is consistent with our results. 
The SEM for CVPE showed the direct negative effect of richness on stability, while the indirect 
positive effect mediated by the z-value is the one persisting when the stability metric 
accounted for the z-value (i.e., MVPE). Besides richness, our findings also support the 
theoretical expectation that evenness has an important dual indirect effect on increasing 
stability (Thibaut & Connolly, 2013). While low dominance increases the variability of the 
species in terms of z-value, more even communities promote asynchronous fluctuations 
meaning that greater dominance reduces the stability of demersal communities (Y. Yan et al., 
2021). Nonetheless, synchrony was the factor that had the largest effect on the PEs, implying 
that fish communities with more asynchronous species would have greater stability as also 
observed in grasslands (Craven et al., 2018), plant (Valencia et al., 2020), or tree (Schnabel et 
al., 2021) communities. Therefore, greater synchrony would be more common in communities 
with low evenness (i.e., high dominance), whose dominant species would also display greater 
fluctuation variability. 

In terms of the environmental drivers, most effects were found to be indirect through the 
community properties. The variability in sampling depth positively affected the PEs through 
effects mediated by biodiversity, suggesting that a fish community that occurs in a habitat 
with more variable depths or variable habitats across depths may promote a higher capacity 
to buffer external impacts and, in turn, enhance stability through its positive effects on 
richness and evenness. Chlorophyll a concentration was an important factor affecting 
community properties, with more productive ecosystems leading to communities with a lower 
number of species, as observed for reef fishes (Duffy et al., 2016). Also, communities with 
higher dominance tended to occur in ecosystems with higher primary production (Maureaud 
et al., 2019), but also with more asynchronous fluctuating dynamics. Nonetheless, the net 
effect of primary producers on stability was negligible when accounting for the mean-variance 
scaling. The extent of the range of bottom temperature causes net negative effects on stability 
mediated by both evenness and synchrony. This is likely because high seasonal changes in 
bottom temperature would expose fish communities to a more seasonally predictable 
environment. In turn, this would lead to more common fluctuating responses of the dominant 
species to the environmental variability (Winemiller & Rose, 1992). By contrast, the positive 
link between mean bottom temperature and z-value could be related to the species 
composition, as bottom temperature scaled positively with communities with a higher 
contribution of fast-growing species (Beukhof et al., 2019) which tend to display more variable 
fluctuations. Nonetheless, the environmental effects mediated by the mean-variance scaling, 
such as mean bottom temperature and depth, showed contrasting effects on both PE metrics 
due to the differing effect of z-value on the PEs.  
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We detected effects of anthropogenic pressures on evenness and synchrony. First, the 
cumulative anthropogenic impact (TAI) had a strong negative effect on synchrony with more 
intense human activities leading to more asynchronous communities. Since human activities 
often lead to a fragmentation of habitats, species and communities (Halpern et al., 2015; 
Hughes et al., 2005), a consequence of such cumulative anthropogenic forcing would be that 
ecosystems become more spatially heterogeneous and, thus, more dependent on and 
exposed to ecological processes and drivers at small spatial scales, resulting in larger diversity 
of species responses to persistent and dynamic environmental variability that ultimately have 
a net positive effect on PE. Second, we observed that systems subjected to more bottom 
trawling impact were characterized by more uneven communities, which could be attributed 
to the preference of the fisheries for areas where a few dominant species are targeted 
(Maureaud et al., 2019).  

 

4.3.4. Summary and conclusions 

• Richness and evenness favored stability in terms of the portfolio effect of the demersal 

communities, though stability was more sensitive to changes in species dominance 

when the mean-variance scaling of the species was considered (MVPE). By contrast, 

richness gained importance in the case of using the average of the coefficient of 

variation of the species (CVPE). Hence, accounting for the Taylor’s power law z-value 

when calculating stability metrics was fundamental.  

• Apart from biodiversity, synchrony was the main property contributing to stability 

irrespective of the PE metric used, with more asynchronous communities showing 

higher stability as observed in numerous aquatic or terrestrial ecosystems.  

• The environmental variability mostly affected stability indirectly through effects 

channeled by the community properties, though their importance was minor with 

exception of the bathymetric heterogeneity which clearly enhanced stability.  

• Finally, anthropogenic disturbances increased stability mediated by synchrony, though 

more trawling decreased the portfolio effect through its negative effect on evenness.  
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5. Synthesis and discussion 

 

Linking biodiversity to ecosystem functions (EF) and ecosystem services (ES) 

The conceptual model developed in this work provides an integrated view of how biodiversity, 
ecosystem functions, and ecosystem services interact within European marine ecosystems (2 
p18). By combining expert knowledge with quantitative network analysis, the models helped 
identify ecological components and environmental drivers most influential in shaping system 
behaviour, particularly benthos, fish, and zooplankton biomass, which consistently emerged 
as central. as well as areas of high uncertainty. At the same time, areas of low agreement 
among experts, especially within internal ecosystem function and structure, and among the 
pressures acting on them, highlighted where understanding remains uncertain or highly 
context dependent. Together, these results point at the strong interdependence between 
biodiversity, and the functions and services ecosystems provide, while also showing where 
current knowledge is incomplete. 

Some biodiversity elements were identified as key drivers across multiple EF and ES. 
Functional divergence, for example, was crucial for ecosystem multifunctionality in the 
Mediterranean Sea (4.1 p96), while evenness was found to play a significant role in stabilizing 
fish communities and enhancing seafood provisioning at large scale (3.3 p80, 4.2 p72). 
However, the links between biodiversity and EF and ES were not universal across all functions 
or services and case studies. For example, while functional divergence supported 
multifunctionality (4.1 p96), species dominance (low evenness) was more closely linked to 
higher fish biomass in some European sea regions (3.1 p32). Although the different studies 
included here are using a variety of methods and testing different predictors (e.g. functional 
divergence vs functional dispersion, SST vs SBT), which challenge the comparison and the 
generalization of the most important drivers of EF and ES. More generally, observed 
differences between the biodiversity-EF/ES relationships points to the need to consider 
regional-specific biodiversity elements relevant to each EF or ES. 

Based on the conceptual network (2 p18), it appeared that the relationships between 
biodiversity and ecosystem functions and services were relatively satisfactorily agreed upon. 
Yet, future research on linking biodiversity to EF and ES could focus on underexplored links, 
which can be indirect links in the network that indirectly influence the relationship with ES 
and EF. For instance, the links within ecosystem structure and functions (i.e. biodiversity), as 
well as the links with their drivers, which had overall the lowest expert agreements. This might 
also be due to these relationships being more likely to be region-specific, pointing out for the 
need to study them across different spatial and temporal scales and extent. Additionally, 
incorporating anthropogenic pressures and environmental variability into biodiversity-EF/ES 
models could provide a more nuanced understanding of these relationships, for example as 
investigated by both Fu et al. (2015) and Selim et al. (2016). These studies illustrate how path 
analysis and similar modeling approaches can help quantify the relative direct and indirect 
effects of fishing pressure and environmental conditions on ecosystem services. 

Tools such as the conceptual models developed here can serve not only to synthesize existing 
knowledge but also to identify where further scientific evidence or re-evaluation of 
assumptions is needed to support robust ecosystem management. This was notably seen 
when confronting the expected relationship between biodiversity and biomass based on 
expert knowledge to empirical quantitative analysis of the relationships. There, we found that 
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for several relationships, like between evenness and biomass, the expected knowledge-based 
relationship didn’t hold when confronted with data. 

What drives fish biomass? 

The SEM studies presented here consistently identify biodiversity as a critical driver of fish 
biomass (2.1 p32). Taxonomic and functional indicators, such as species richness, functional 
richness, and evenness, were shown to influence biomass across various ecosystems. Notably, 
taxonomic evenness and functional dispersion emerged as strong negative drivers, suggesting 
that dominance is a key-process shaping fish biomass. These findings support the 
dominance/mass-ratio hypothesis, where a few dominant species with specific traits drive 
ecosystem productivity (Grime, 1998; Lisner et al., 2023; Loreau et al., 2001). However, 
evidence of niche complementarity is also present, with taxonomic and/or functional richness 
positively impacting fish biomass in all the studies, although to a lower extent than 
unevenness. Additionally, the Barents Sea GLMMs study (3.2 p72), which did several 
sensitivity analyses, pointed out that richness becomes more and more important at 
explaining the biomass of the non-dominant (i.e. rare) species in the communities. This is an 
important finding, as rare species can have an exacerbated role in ecosystem function 
(Mouillot et al. 2013), beyond the single biomass production ecosystem function studied here. 
Rare species can also have substantial impacts on ecosystem services through both direct and 
indirect contributions, notably through species interactions (Dee et al. 2019). This points out 
that richness, either in terms of species or functions, does not have a trivial role on EFs, and 
should thus be monitored closely and conservation effort should also focus on richness. 

Environmental drivers also played a significant role in shaping fish biomass. Temperature, 
depth, and primary productivity were consistently identified as key factors. For example, 
biomass was higher in colder regions (3.3 p80), likely due to reduced metabolic costs and 
higher trophic efficiency, while intermediate depths (100–300 m) supported the highest 
biomass levels across regions (3.2 p72). Primary productivity, as a proxy for food availability, 
positively influenced biomass, although its effects varied across ecosystems. Whereas key 
drivers of biomass, the SEM studies also showed that biodiversity metrics might be better 
predictors of biomass than any environmental variables (2.1 p32). 

Both the dominance and the complementarity processes were supported by the results to be 
shaping fish biomass in the North-East Atlantic. This suggests that management strategies 
should keep on strengthening the current management of key fish populations, which are 
overwhelmingly corresponding to the main commercial species, as these contribute 
disproportionately to biomass while also protecting taxonomic and functional diversity. This 
also supports the need to go from single-species fisheries management towards ecosystem-
based fisheries management, that considers not only the more productive species but also 
biodiversity. Conservation through tools such as MPAs could also help safeguards biodiversity, 
among which rare species, to enhance ecosystem resilience, functions and services (Marcos 
et al. 2021; Villasante et al. 2023). In addition, addressing root causes of ecosystem 
degradation, by mitigating environmental stressors such as warming and habitat loss and 
alleviating human pressures on the marine ecosystems through better marine spatial planning 
and rethinking of the blue economy, such as post-growth, will be key for maintaining fish 
biomass and associated ecosystem services (Hadjimichael, 2018). 

 
 
 



 

119 

 

What drives fish community stability and resilience? 

Fish community stability and resilience are essential for sustaining ecosystem services, such 
as seafood provisioning, under changing environmental conditions. The studies in this 
deliverable identified key drivers of stability, including biodiversity indicators like species 
richness and evenness, as well as environmental factors such as salinity, depth, and 
productivity (4.2 p102 and 4.3 p108). Environmental gradients, such as salinity and depth, 
were found to strongly influence stability at broad spatial scales. For example, stability was 
higher in areas with low salinity and greater depth, likely due to the presence of long-lived, 
slow-growing species that contribute to community resilience (4.2 p102). Anthropogenic 
pressures, such as fishing, negatively impacted stability by reducing species evenness and 
increasing dominance, highlighting the need for sustainable management practices. High 
species richness and asynchrony in species dynamics were consistently associated with 
greater stability, supporting the portfolio effect hypothesis (4.3 p108). Communities with 
asynchronous species fluctuations were better able to buffer environmental variability, 
showing the importance of maintaining diverse communities.  

These findings support the importance of biodiversity conservation to enhance community 
stability and resilience. As stated earlier, this highlights the need to, among others, focus on 
reducing anthropogenic pressures and protecting key species and functional groups to 
maintain ecosystem stability and resilience. MPAs can potentially be a useful tool in preserving 
temporal stability of fish species diversity (Pettersen et al. 2022). Additionally, understanding 
of the drivers on stability is still little known and calls for more research (Donohue et al. 2016), 
in line with the studies included in this deliverable. A greater incorporation of stability metrics 
into ecosystem-based management approaches can help ensure the long-term sustainability 
of marine resources. 

 
Next steps in biodiversity and ecosystem (multi-)functions and services 

Understanding and predicting the links between biodiversity, ecosystem functions, and 
ecosystem services remain a significant challenge due to the complexity of these relationships. 
While this deliverable provides valuable insights into individual EF and ES, and notably the 
drivers of fish biomass and ecosystem stability, future research should aim to integrate 
multiple EF and ES into their analyses to account for potential trade-offs and synergies. For 
example, the drivers of fish biomass may differ from those of carbon sequestration, and 
enhancing one service may come at the expense of another. The inevitable trade-offs between 
ecosystem services also points to the need for prioritization of ecosystem services through 
stakeholders’ management (Custodio et al. 2022). In addition, quantitative multi-functionality 
or -services frameworks, as investigated in 4.1 (p96), which consider multiple EF 
simultaneously, offer a promising approach to addressing these challenges (Byrnes et al. 
2014). 

Future research should also focus on establishing stronger empirical links between 
biodiversity and ES, particularly for under investigated services such as climate regulation and 
waste recycling, or emerging ones such as renewable energy. Offshore wind farms were 
shown to have both positive and negative impacts on biodiversity and ecosystem services, 
depending on the construction and operational phases (Watson et al. 2024), for instance 
construction activities predominantly caused negative effects on fish and bird populations, 
but the study also highlighted significant knowledge gaps of potential ES impacts from 
offshore wind farms. 
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The next steps in this project will involve predicting EF and ES in European Seas under future 
scenarios, incorporating both biodiversity and environmental drivers. These predictions will 
provide valuable insights into the potential impacts of climate change and anthropogenic 
pressures on marine ecosystems and can help inform adaptive management strategies. 

By advancing our understanding of biodiversity-EF/ES relationships and integrating these 
insights into decision-making, we can develop more effective conservation and management 
strategies to protect marine ecosystems and the benefits that they provide to us and the 
future generations to come. 
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Appendices 
 

The Appendices linked to this report comprise annex material regarding the development of 
the Global Conceptual Network of the Ecosystem Services associated to Bentho-demersal Fish 
and Invertebrate Diversity across European Seas. Appendix 1: the guidelines shared with 
experts to provide their input. Appendix 2: the spreadsheet containing the list of links for 
experts to fill and the definitions of the system components. 
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APPENDIX 1: GUIDELINES FOR EXPERT INPUT ON ECOSYSTEM 
SERVICE NETWORK. 

 
Scope of the task:  

CONCEPTUAL NETWORK OF THE ECOSYSTEM SERVICES ASSOCIATED TO BENTHO-

DEMERSAL FISH AND INVERTEBRATE DIVERSITY ACROSS EUROPEAN SEAS 

Dear colleagues, we invite you to help us develop this network (that will feed into a B-USEFUL deliverable 

and derived studies and publications) by filling out the links between ecosystem elements in the attached 

spreadsheet.  

The spreadsheet contains a list that looks like this: 

Element A 

(cause) 
Element B 

(effect) 
Direction of 

the link 
Strength of 

link 
Confidence Comments 

… … … … … … 

… … … … … … 

 

We are interested in your thoughts on how elements under column “Element A” interact with elements in 

column “Element B”, and how the nature of their relationship is, based on your knowledge and experience 

studying marine ecosystems. If you think there is a direct causal link (from A to B) you would specify in the 

column “Direction of the link” whether you think this link is linear and positive, linear and negative, non-

linear or context dependent. If you think there is no causal link among the elements, or if there is a link 

but it is probably not direct (it depends on a third variable or process) you would go for “None” in the 

“Direction” column. 

The task may seem quite detailed, but we encourage you to take a low-key 

approach, focusing on initial impressions rather than overthinking each link. 

Suggested Approach: 

• Daily Target: Aim for ~50 links/day. 

• Scale: think at links between the elements at European level, so from Mediterranean to NE Atlantic 

(excluding the Baltic!), and think rather spatially than temporally. Sometimes, the temporal aspect 

might be much clearer to you, if so and you thought temporally when filling the link make a note in 

the “Comments” column. 

 

Uncertainty and optional research: When you are not sure at all of the existence or direction of a link, 

consider the possibility of it not being clearly positive or negative (Not_clear), or them not being directly 
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causally linked (None). You may suggest supporting info, but do avoid extensive literature searches or the 

task will become too time-consuming. 

Examples and how will your inputs be interpreted: 

To get started, you would consider, for example:  

Is there a direct causal relationship between Temperature and Primary Production? (e.g., does 

higher temperature cause higher primary production?). 

These are four possible combinations of how you could rate the direction, strength, and confidence of the 

link between ecosystem variables, as well as how we will interpret them: 

 

 

Thank you so much for participating in this collective effort! 
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APPENDIX 2: Spreadsheet for the collection of expert input. 
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