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Summary

Life is not distributed randomly on our Ocean planet. Randomness does appear at varying
scales of time and space, but beneath this, life is organized by the environment, by evolutionary
history, and by human-induced disturbances. These effects are multifaceted and often viewed
as scale dependent. But only in recent years have scientific observations touched large expanses
of the oceans and made it possible to test regional- and global-scale drivers which shape
biodiversity in the marine realm. Fish are among the most valuable model taxon for testing
ecological patterns in the oceans due to their high diversity, dispersal capacity, and the
burgeoning availability of data on their distributions, biomass, life-histories, and evolutionary
histories. Understanding how different processes shaped fish communities in the modern ocean
can also generate insight into how anthropogenic impacts may yet reshape the ecological

functioning of the biosphere.

The primary objective of this dissertation is to disentangle patterns of marine fish biomass
(Chapter 2), geographic breakpoints in community composition (Chapter 3), and drivers of trait
compositions which are proxies for species ecological functions (Chapter 4). To do this, I
collated and analyzed scientific bottom trawls which are available throughout continental shelf
seas in the Northern Hemisphere. The first manuscript (Chapter 2) focuses on biomass
distributions of four demersal species which dominate biomass in the Baltic Sea to describe
spatiotemporal biomass shifts and the primary environmental covariates to each species. The
second and third manuscripts (Chapter 3—4) scale outwards to include scientific trawls taken
in the North Atlantic and northeast Pacific oceans. These works focus on community-wide
partitions in species composition (Chapter 3) and large-scale drivers of species traits acting as
proxies for ecological functions (Chapter 4), respectively. Together, I show (i) evidence for
substantial changes in species biomass distributions in the Baltic Sea when modelling biomass
at yearly and seasonal scales, (ii) large-scale biogeographic divides in fish community
networks weighted by differing co-occurrence frequencies, and (iii) that fish traits have been
primarily shaped by environmental filtering, with a unique degree of evolutionary conservatism
in the northeast Pacific. Scaling from a marginal sea to continental-scale ocean shelves, and
from select species to community-wide data, this dissertation offers novel insight into seasonal
and macroecological patterns which explain the distribution of highly diverse fishes in the

modern oceans.



Zusammenfassung

Das Leben ist nicht zuféllig auf unserem Ozeanplaneten verteilt. Der Zufall tritt zwar in
verschiedenen Mafstiben von Zeit und Raum auf, aber darunter ist das Leben durch die
Umwelt, die Evolutionsgeschichte und durch vom Menschen verursachte Stérungen
organisiert. Diese Auswirkungen sind vielfiltig und werden oft als maBstabsabhingig
angesehen. Aber erst in den letzten Jahren haben wissenschaftliche Beobachtungen grof3e Teile
der Ozeane erfasst und es ermoglicht, die regionalen und globalen Einflussfaktoren auf die
biologische Vielfalt im Meer zu untersuchen. Fische gehdren zu den wertvollsten Modelltaxa,
wenn es darum geht, 6kologische Muster in den Ozeanen zu untersuchen, da sie sehr vielfaltig
sind, sich gut ausbreiten kdnnen und immer mehr Daten iiber ihre Verteilung, Biomasse,
lebensgeschichtliche Merkmale und Evolutionsgeschichte zur Verfiigung stehen. Wenn man
versteht, wie verschiedene Prozesse die Fischgemeinschaften im modernen Ozean geformt
haben, kann man auch Erkenntnisse dariiber gewinnen, wie anthropogene Einfliisse die

okologische Funktionsweise der Biosphdre umgestalten konnen.

Das Hauptziel dieser Dissertation besteht darin, Muster der Biomasse von Meeresfischen
(Kapitel 2), geografische Bruchstellen in der Zusammensetzung der Lebensgemeinschaften
(Kapitel 3) und Einflussfaktoren auf die Merkmalszusammensetzung, die stellvertretend fiir
die 6kologischen Funktionen der Arten stehen, zu entschliisseln (Kapitel 4). Zu diesem Zweck
sammelte und analysierte ich wissenschaftliche Grundschleppnetze, die in allen kontinentalen
Schelfmeeren der nérdlichen Hemisphire verfligbar sind. Das erste Manuskript (Kapitel 2)
konzentriert sich auf die Biomasseverteilung von vier Grundfischarten, die die Biomasse in der
Ostsee dominieren, um rdumlich-zeitliche Biomasseverschiebungen und die wichtigsten
Umweltkovariablen fiir jede Art zu beschreiben. Im zweiten und dritten Manuskript (Kapitel
3-4) werden wissenschaftliche Schleppnetzfinge im Nordatlantik und Nordostpazifik
untersucht. Diese Arbeiten konzentrieren sich auf die gemeinschaftsweite Aufteilung der
Artenzusammensetzung (Kapitel 3) bzw. auf die groBmaBstéblichen Triebkrifte von
Artenmerkmalen, die als Stellvertreter fiir 6kologische Funktionen dienen (Kapitel 4).
Gemeinsam zeige ich (i) Beweise fiir erhebliche Verdnderungen in der Verteilung der
Biomasse von Arten in der Ostsee, wenn die Biomasse auf jahrlicher und saisonaler Ebene
modelliert wird, (i1) grofBridumige biogeografische Trennungen in

Fischgemeinschaftsnetzwerken, die durch unterschiedliche Héiufigkeiten des gemeinsamen

vi



Auftretens gewichtet werden, und (iii) dass Fischmerkmale in erster Linie durch
Umweltfilterung geformt wurden, mit einem einzigartigen Grad an evolutionirem
Konservatismus im Nordostpazifik. Durch die Skalierung von einem Randmeer zu
kontinentalen Schelfgebieten und von ausgewéhlten Arten zu gemeinschaftsweiten Daten
bietet diese Dissertation neue Einblicke in saisonale und makrodkologische Muster, die die

Verbreitung hoch diverser Fische in den modernen Ozeanen erkliren.
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1. Introduction

1.1. Spatiotemporal scaling in ecological patterns

Earth is riddled with patterns of natural phenomena. The realization that life is patchy, forming
and aggregating along gradients and across environments, has disproven many assumptions of
19™-century naturalists based on uniformity or randomness (Legendre & Fortin, 1989). Agents
of ecological and evolutionary change occur at varying spatial and temporal scales, each with
some amount of distinctive patterning. No universal scale for observation exists, rather the
mechanisms controlling local and regional patterns stand in hierarchies that are linked (Wiens,
1989); so, we must choose our scale(s) of interest and recognize the observational filter we are
imposing towards understanding patterns and the underlying processes (Levin, 1992). The
evidence for immense spatial heterogeneity in nature challenged conventional approaches in
ecology which had developed in the 20™ century, relying on deductive experimental tools in
relatively small study systems (Ricklefs & Jenkins, 2011). Though valuable, these methods
rarely scaled from small local systems and explained macroecological patterns of ecological
communities in the wild (Lawton, 1999). As bigger, broader datasets have become available,
and especially since plate tectonics became widely accepted in the 1960s as a structuring force
in Earth's natural history, the importance of recovering geographic patterns across populations
and communities has become increasingly clear for explaining past and future ecosystems by
incorporating life-history patterns or evolutionary origins (Briggs, 2007; Ricklefs & Jenkins,
2011).

1.2. The power of biogeography

Biogeography focuses on the large-scale distribution of living and dead organisms. As a field
of study, biogeography has centered on the multiple factors which explain a species preferred
area (abundances), environmental tolerances and dispersal limits (range extents), or the relative
roles of abiotic and biotic drivers, historical contingencies (e.g., mass extinctions, plate
tectonics) or evolutionary histories on their distribution (Brown & Lomolino, 1998). The
expansive spatial domain of biogeographic research means it typically extends beyond the
purview of studies in community ecology and evolution (Ricklefs & Jenkins, 2011).
Biogeography is rooted back to some of the earliest scientific efforts (e.g., Humboldt, 1806),

and although it has been claimed to be distinct from macroecology (Blackburn & Gaston,



2002), biogeography has long focused on analyzing patterns of abundance, diversity,
distribution across continental or global scales including their environmental, phylogenetic,
and functional drivers (Wallace, 1876). Perhaps having developed in relative isolation to
research in ecology or evolution— like marine and terrestrial ecology themselves (Webb,
2012)— biogeography became confined in scope (Wiens & Donoghue, 2004). It is my opinion
that “macroecology” is a neologism that has been given status as a new branch of science but
is fundamentally rooted in biogeography. Although naming disciplines can clarify research
objectives (Lawton, 1999), this should not obscure the overarching goals to reach shared

understandings of the natural world.

1.3. Links between biogeography and ecological theory

Studies of island biogeography have been seminal in developing ecological theory. The classic
equilibrium theory— defining (Melanesian) island richness as a function of species
colonization dynamics and extinction rates affected by isolation and geographic area
(MacArthur & Wilson, 1967)— set biogeography and ecology more broadly on more rigorous,
quantitative footing!. Many more ecological hypotheses grew from these advances,
recognizing that dynamic equilibrium cannot, for example, generally explain community
composition in nature and that many oceanic archipelago fossil records contained more diverse
communities until recent human migrations only centuries ago (Brown & Lomolino, 2000).
Beyond geography, the concept of community assembly rules emerged to explain patchworks
of New Guinea island bird communities, primarily through dispersal and biological interactions
creating competitive exclusion of similar taxa (Diamond, 1975). Though incomplete, this work
contributed to expanding questions about the strength of different processes shaping the
identity and abundance structure of ecological communities. If community assembly is the sum
of these processes, the niche concept has attempted to combine the role of environment and
ecology to explain and predict species distributions, with a “Hutchinsonian” niche formalizing
this combination geometrically in an n-dimensional hypervolume (Hutchinson, 1957). Like
equilibrium theory in island biogeography, niche processes have been transformative in
ecologists thinking of resource availability, competition, and environmental tolerances to

explain biogeographic patterns (Holt, 2009).

Ut is widely unappreciated, and at the time ignored, that a “theory of island biogeography” based on population
equilibrium was independently derived by a PhD student, Eugene G. Monroe, nearly 20 years earlier at Cornell
University (Munroe, 1948; Brown & Lomolino, 1989).



By scaling up observations beyond local experiments, biogeography has generated ecological
hypotheses which even question the role of species interactions. The unified neutral theory of
biodiversity and biogeography stipulates that for trophically similar organisms (e.g.,
herbivores), competitive equivalence reigns such that they’re ecologically identical, and
variations in abundance or distribution are due to random variations in demography through
births, deaths, migration, and speciation— that is, by ecological drift (Hubbell, 2001). This is
a profound assertion as it minimizes the role of interspecific competition and of ecological
fitness, which have been cornerstones of the niche concept and of evolution by natural
selection; it also elevates the explanatory power of chance. As far as it is unifying, most
physicists would be dissatisfied (Abrams, 2001) in that its scope was originally restricted to
explaining species richness and the distribution of relative abundances. But neutrality has
frequently fit biogeographic data of species abundances quite well, and where failing (e.g.,
McGill, 2003), provided useful null models to highlight the potential role of niche processes
(Rosindell et al. 2012). Combinations of niche, neutral, and stochastic processes have also been
proposed (Tilman, 2004). For community assembly, ecological neutrality has become a
powerful framework for testing the strength of ecological, environmental, or evolutionary

influences on biogeography.

1.4. Biogeography in the oceans

These developments in ecological theory have been enormously productive but biased in their
application towards land: the vast ocean realm is less studied than the terrestrial world (Hughes
et al. 2021) and many aspects of marine biogeography remain fundamentally mysterious. A
standard biogeographic example in the oceans (and on land) is the latitudinal diversity gradient,
peaking in the tropics and diminishing towards the poles (Hillebrand, 2004; Tittensor et al.
2010). The proposed causes of this gradients emergence and stability have been multifaceted,
including the older age of tropical seas which describe temperate taxa as merely nested and
dispersal out of the tropics as recent, greater diversification rates, or by increased niche
diversification supported by the larger area of tropical seas and through more biotic interactions
(Mittelbach et al. 2007). By comparison, A relatively simple community model based on
neutral processes of demography, dispersal constraints, and latitudinal gradients in habitat area

with temperature-driven species turnover can produce stable richness gradients (Tittensor &

Worm, 2016).



The more specific regional differences in species richness have also helped resolve
evolutionary histories. For example, although many conceptual models have been proposed to
explain the geography of speciation and dispersal, much support has been given to the centre
of origin conceptual model (Briggs, 2003; Bowen et al. 2016) where most successful speciation
events occur in high diversity areas from which species flow outwards. Major origin centres
have been identified based on biogeographic patterns of species endemism and geological
history, with centres of faunal origins in the modern ocean dominated by the Indo-Pacific and
its “Coral Triangle” linking the Philippines, Indonesia, and New Guinea (Briggs & Bowen,
2013). For cold-adapted biota, the North Pacific has been attributed as the greatest engine of
extant taxa followed by the Antarctic for extant Austral taxa, and lesser importance given to
the western (Caribbean) Tropical Atlantic (Briggs, 2003). Both the continuous biogeographic
patterns in latitudinal richness and binned partitions of the oceans based on faunal endemicity
are biological windows in the potential role of evolutionary history and contemporary
environmental conditions in shaping ecological communities in space and time. Theory aside,
biogeography can also inform our understanding of biological invasions, as species from highly
diverse centres could naturally flow outwards under favorable environmental conditions
(Briggs, 2007) and be accelerated by human-mediated pathways (Seebens et al. 2013). To
understand where and how biodiversity has changed and may yet be altered, focusing our
scientific efforts on the most accessible and well sampled regions in the ocean can help
disentangle the signatures of evolutionary history and the modern drivers of marine

biodiversity.

1.5. Continental shelf seas

The continental shelf seas (Figure 1.1) represent some of the major biologically productive
(Behrenfeld et al. 2006) and diverse (Tittensor et al. 2010) zones in the global ocean, harboring
a substantial magnitude of taxa in relatively small areas and shallow depths. The shelf seas
border continental land masses and are characterized by average depths ~200 m, distinct
oceanographic currents, sea surface temperatures, and primary production that recurs annually
(Sherman, 1991). The ecological communities contained within shelf seas and coastal regions
contain many repeatedly sampled groups, including many sessile groups (e.g., invertebrates,
Alvarez-Noriega et al. 2020; seagrasses, Strydom et al. 2023), but also highly mobile fish
species (Edgar & Stuart-Smith, 2014). The growing data records of shelf sea ecosystems plus

their ecological and economic importance make these valuable regions in the oceans to study



the explanatory power of different assembly mechanisms (environment, phylogeny, traits)
across populations or communities. Broader environmental shifts are already in motion (e.g.,
surface temperature rise, acidification, noise pollution, eutrophication) and portend ecological

changes which could substantially alter these ecosystems (He & Silliman, 2019).
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Figure 1.1 Continental shelves in the Northern Hemisphere (shaded blue) outlined at 1000 m
isobaths using GEBCO gridded bathymetry (Weatherall et al. 2015), covering a majority of the

continental shelves and margins north of the equator (Vion & Menot, 2009).

1.6. Fish as test cases

Continental shelf seas have experienced the greatest proportions of human fishing efforts in
living memory (Rousseau et al. 2024) and through time immemorial owing to the density of
human settlement (Fagan, 2017). This feature is a two-way mirror: through anecdotes,
paleoenvironmental records, written histories, and contemporary scientific sampling, big
datasets have been amassed to characterize broadscale changes in marine communities through
time (Jackson et al. 2011). Probably owing to their iconic natural histories intertwined with

human societies, and their continued economic and nutritional importance as food, fish are a



frequent choice for species distribution models (Melo-Merino et al. 2020). As mobile adults,
marine fishes can expand into diverse environments, colonizing far-flung ecosystems from
their site-of-birth, and appear to have radiated in taxonomically diverse groups (Mora et al.
2008). As such, fish communities are replete with patterns for testing biogeographic hypotheses
and specific aspects of community assembly, for example the striking latitudinal species
richness gradient inverted to speciation rates (Rabosky et al. 2018) or the inverse gradient of

demersal biomass (van Denderen et al. 2023).

Demersal (i.e., bottom-associated) fishes have supported major fisheries globally (van
Denderen et al. 2024), however widespread bottom trawling fisheries have depleted many
targeted demersal fish stocks in shelf seas (Worm et al. 2009; Amoroso et al. 2018). Although
these modern fishery records contain decades— even beyond a century (e.g., Thurstan et al.
2010)— of documented catches, they are biased towards target species and opportunistic
sample sites typically influenced by the proximity to port and market incentives. These aspects
of commercial fishery records limit their applicability in testing for statistical patterns in space
or time, which are fundamentally based on assumptions of observational independence. To
overcome these limitations and provide unbiased abundance estimates, scientific (i.e.,
fisheries-independent) trawl data have been developing for decades (Maureaud et al. 2021),
employing similar gear types and vessels across years, thereby maintaining catchability, and

randomized sampling designs (NRC, 2000).

1.7. Structure of the dissertation

This work builds from regional scientific trawl data outwards to incorporate trawls taken across
the continental shelf seas of the Northern Hemisphere, towards addressing the following three
research questions in chapters:
1. What biomass changes have occurred in the major Baltic Sea demersal fishes within
the past two decades?
2. Where do biogeographic boundaries occur in demersal fish communities across the
Northern Hemisphere's shelf seas?

3. What are the primary drivers of trait biogeography in demersal fish communities?

Each chapter increases in data complexity and broadly aims to explain how fish demersal fish

communities change in time (Chapter 2) and space (Chapter 3—4). The explanatory variables



for each chapter build from spatiotemporal representations of oceanographic conditions and
habitat (Chapter 2) to networks of community composition (Chapter 3), and finally a
combination of environmental, evolutionary, and human-driven factors (Chapter 4). The
position of each chapter can be viewed against the spatiotemporal scaling of other marine
phenomena (Figure 1.2), showing how the role of oceanographic variables unifies each chapter
in theory, while they differ in considering seasonality and yearly variability versus broad

macroecological explanations.
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Figure 1.2 Spatial and temporal scaling of select ecological (green), oceanographic and climatic
(blue) phenomena in the oceans. Spatial and temporal scaling of select ecological (green),
oceanographic and climatic (blue) phenomena in the oceans. As a 2-D simplification, each
polygon displays the assumed primary spatiotemporal variation of each process; however, it
could also be imagined in 3—D, with peaks and troughs of some chosen response variable (e.g.,
probabilities of frequency, duration; Stommel, 1963). The x-axis represents spatial extent
logarithmically spanning meters to millions of kilometers and individual-level variation to
biomes encompassing ocean basins. The y-axis shows time from seconds to one century,
including relatively rapid behavioral acclimation by individuals, longer-term adaptation of
groups through natural selection and ultimately species evolution. The approximate
spatiotemporal coverage for scientific trawl data across continental shelf seas in the Northern
Hemisphere is shown in a black box, with commercial fishing shown in dashed black lines.

The approximate position of each chapter (Chp. 1 — 3) are highlighted in orange.
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2. Spatial change of dominant Baltic Sea demersal fish
across two decades

This chapter is based on a paper which is in review.

MacNeil, L., Madiraca, F., Otto, S., Scotti, M. Spatial change of dominant Baltic Sea

demersal fish across two decades. Authorea. 3" review in Ecology and Evolution.
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2.1. Abstract

The range and biomass distribution of marine fish species offer insights into their underlying
niches. Quantitative data are rare compared to occurrences and remain underused in species
distribution models (SDMs) to explore realized niches— the actual space occupied by a species
shaped by abiotic and biotic factors. Local densities drive differences in species contributions
to ecological processes and ecosystem function rather than through presence alone. If a species
growth rate is strongly controlled by macro-environmental conditions, then predicting
geographical abundance or densities should be possible. We collated twenty years (2001-2020)
of standardized scientific bottom trawl data to fit several versions of hierarchical generalized
additive models using biomass (kg km) of four dominant demersal species (Common dab,
European flounder, European plaice, Atlantic cod) within yearly and seasonal (winter and
autumn) time windows. Covariates were represented with trawl-level geographic information
(position, depth) and high-resolution oceanographic features. This work illustrates species-
specific spatiotemporal biomass patterns across two decades and demonstrates superior
predictive performance with seasonally variable smoothing terms, revealing seasonally
different responses to oceanographic predictors. Firstly, we find relative stasis in Common dab
biomass which is linked to the macro-environmental salinity gradient in the western Baltic Sea
but with different temperature responses across seasons. Secondly, we show both European
flounder and plaice have increased in biomass in the western Baltic Sea with different seasonal
relationships to bottom temperature, and that flounder switches between salinity conditions
based on season during spawning/feeding periods. Lastly, both juvenile and adult Atlantic cod
life stages are shown to have declined most significantly in the Bornholm Deeps and the
Gdansk Deeps. For cod, we conclude that biomass was less reliably predicted in comparison
to the other major Baltic demersals studied here, warranting dynamic fishing covariates as a
formerly major commercially fished group. These models approach more dynamic species
distribution models and are increasingly valuable to constrain uncertainties in biogeographic
forecasting which often rely on annually averaged response curves, occurrence data and
suitability maps which rarely discriminate between areas of high and low biomass areas in

space and time.
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2.2. Introduction

The Baltic Sea is among the world's largest inland brackish seas (Leppéranta and Myrberg,
2009). It exhibits relatively low genetic diversity of species (Johannesson and André, 2006)
and contains a species-poor fish community that has been heavily relied upon and exploited by
humans for centuries, analogous to other intensely exploited marginal seas (Jackson ez al. 2001;
Lotze et al. 2006). This shallow, human-modified ecosystem underwent regime shifts driven
by overfishing and eutrophication in the 1980-1990s (Osterblom et al. 2007; Tomczak et al.
2013) and is pressingly vulnerable to anticipated climate and environmental changes (Reusch
et al. 2018). The collapse of Eastern Baltic cod populations illustrates the ecological
consequences of these complex dynamics, driven by a combination of low oxygen and salinity,
high temperatures, nutrient runoff, and fishing pressure (Mollman et al. 2009). The diminished
role of cod as a Baltic Sea predator has been related to shifts in distribution and abundance in
some flatfish considered as demersal (i.e., bottom associated) competitors (Orio et al. 2020;
Haase et al. 2020). Flatfish represent a diverse assemblage within the Baltic fish community
(Smolinski and Radtke, 2017), are of high economic value (e.g., Hyytidinen et al. 2021) and

play a relevant ecological role linking upper to lower trophic levels (Scotti ef al. 2022).

The contemporary geographic distributions of demersal fish species offer key insights into their
environmental preferences, range limits, and determine the area within which biotic
interactions occur (Guisan et al. 2013). As human-driven environmental and climate changes
are expected to alter these conditions further, understanding the drivers of species distributions
and abundances or biomass is an urgent task (Urban et al. 2016). The controls over species
distributions are related to a multi-dimensional niche concept (Grinnell, 1914; Hutchinson,
1957). The fundamental niche is often conceived as the determining environmental factors in
a species ability to persist under a range of environmental conditions; the realized niche
combines abiotic and biotic factors, which influence species ability to establish and achieve
positive growth rates (Godsoe et al. 2017). The relative importance of abiotic factors and biotic
interactions in structuring species niches and resulting biogeography has been increasingly
debated with larger empirical datasets and more powerful modelling tools (Wiens, 2011; Pigot
and Tobias, 2013; Cadotte and Tucker, 2017; Ovaskainen et al. 2017). Species distribution
models (SDMs; also referred to as ecological niche models, see also Peterson and Soberén,
2012) have been widely adopted in terrestrial and marine ecology to correlate occurrence data

types (presence only, presence-absence) to long-term averaged climate conditions (Guisan and
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Thuiller, 2005). As such, SDMs generally relate abiotic effects to species distributions (i.e.,
fundamental niche; Elith and Leathwick, 2009), which have shown large effects beyond local
scales (Soberon, 2007; Thuiller et al. 2015; King et al. 2021) including across the west-east
gradients of temperature and salinity in the Baltic Sea (Pecuchet et al. 2016). In the marine
realm, SDMs have been used to assess species distributions across broad environmental
gradients, invasion risk from alien species, and searching for effective ways to better inform
conservation strategies (Robinson et al. 2017; Melo-Merino et al. 2020). Accurately
representing the niches and distributions of important fish species will help prioritize
conservation efforts within the Baltic Sea, which displays unique eco-evolutionary constraints
between the North Sea-Baltic Sea transition zone (Johannesson et al. 2020) and is replete with

complex international governance challenges (VanDeveer, 2011).

Quantitative data based on species abundances or biomass are typically less widely available
than occurrences (Hortal er al. 2015) and have remained underused to disentangle niche
relationships (e.g., Howard et al. 2014; Rousseau and Betts, 2022), especially in marine
environments (Young and Carr, 2015; Erauskin-Extramiana et al. 2019; Waldock et al. 2022).
Species make unequal contributions to ecological processes and ecosystem function through
different local densities, rather than through presence alone (Ehrlén and Morris, 2015), and
quantitative-based measures can represent an important signal of population growth or collapse
(e.g., Ceballos et al. 2020). However, abundance patterns do not always appear strongly
correlated to species-environment suitability estimates from occurrence-based SDMs
(VanDerWal et al. 2009; Weber et al. 2017; Dallas and Hastings, 2018). If a species growth
rate is strongly controlled by macro-environmental conditions and affected by steep
environmental gradients, for which there is strong evidence to be acting on the western and
central Baltic Sea demersal fish community composition (Pecuchet et al. 2016; Frelat et al.
2018), then predicting geographical abundance or biomass density patterns should be possible
(Waldock et al. 2022).

In this work we applied three versions of hierarchical generalized additive models (HGAMs)
to predict biomass densities (kg km2) of four demersal fish species (Common dab, European
flounder, European plaice, and Atlantic cod) in the Baltic Sea. Fish biomass densities were
derived from internationally coordinated, bi-annual (first and fourth quarter) fisheries-
independent trawl data covering 2001-2020 and differentiated by ontogenetic size classes for

Atlantic cod. The HGAMs were constructed to fit and predict biomass densities at yearly and
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seasonal (biannual) time windows, with each successive model version incorporating greater
complexity in predictor-response relationships, building from solely geographic predictors to
include seasonal abiotic (sea bottom temperature, salinity, and oxygen) predictors. The HGAM
versions which combined geography and seasonal abiotic predictors offered the highest
performing models, clarifying seasonal differences in species-specific relationships to
environment and predicting spatiotemporal changes in species biomass densities. Accurately
summarizing the changing geographic distribution of species densities across highly mobile
fish groups could help refine predictions of future shifts under environmental and climate

changes.

2.3. Methods

2.3.1. Study Region

The Baltic Sea extends from the northeast Atlantic Ocean shelf into northern Europe and is
characterized by strong gradients of salinity and species diversity (Leppdranta and Myrberg,
2009). The study region includes ICES subdivisions 21-29 covering the majority of the Baltic
Sea, ranging from the marine-brackish transitions zones (Kattegat, Oresund, and western Baltic
Sea) to the Baltic Proper (Arkona Basin, eastern Bornholm Deeps, and eastern Gotland Basin).
Seafloor depth is generally shallow (<50 m); three prominently deep areas include Bornholm
Deeps (>70 m), Gdansk Basin (>100 m), and eastern Gotland Basin (>175 m; Figure 2.1). Each
of these regions represents important spawning and nursery grounds for many demersal fishes

(HELCOM, 2021).
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Figure 2.1 The Baltic Sea study region on the European shelf and linked to the North Sea
sampling points are colored by gear size/type and underlying bathymetry (Weatherall et al.
2015). The labelled ICES subdivisions (21-29) delimit boundary area and deep basins are
annotated including Bornholm Deeps (BD), Gdansk deeps (GD) and Gotland deeps (GoD).

2.3.2. Observational Data

The Baltic International Trawl Survey (BITS) is a multi-decadal program collecting
standardized, fisheries-independent demersal trawls (ICES, 2017). Surveys are regularly bi-
annual, occurring in Q1 (Feb-Mar; winter) and Q4 (Oct-Nov; autumn) using standardized gears
(TVL 930 meshes, TVS 520 meshes) at randomly stratified stations based on ICES
subdivisions (Figure 2.1). Sampling design is described in more detail within ICES protocols
(ICES, 2017). We extracted BITS exchange data (haul and catch information) covering bi-
annual trawls between 2001-2020, chosen as the beginning of international gear
standardization (ICES, 2017) and to match the time window available for our environmental
covariates. Observations corresponding to negative bottom oxygen values— produced to
represent hydrogen sulfide concentrations in the SCOBI model (Eilola et al. 2009)— were
removed as they represented rare (<1.3%) extremes in the oxygen data. All subsequent analyses
were conducted in the R programming language (R Core Team, 2023). From the full exchange
data, hauls were removed which: 1) Did not record haul duration, longitude, or latitude, 2) were
not designated as “valid” (<15 or >90 minutes) or “additional”, 3) did not record species length
class, or 4) did not record catch weight (kg). The four dominant demersal fish species in the
Baltic Sea focused on here include Atlantic cod (Gadus morhua), European plaice

(Pleuronectes platessa), European flounder (Platichthys flesus), and Common dab (Limanda
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limanda). We note however that a distinct flounder species (Platichthys solemdali)
predominates towards the northern Baltic proper (Momigliano et al. 2018), but our limited
trawl coverage in these areas suggests European flounder constitute the largest fraction of our
observations. For all hauls, zeros were imputed where these species were not recorded, creating
a zero-inflated dataset (22.1%) familiar to many ecological studies (Martin et al. 2005). The
final dataset contains 8991 individual trawls, averaging 450 trawls per year (Figures 6.1-6.5).
We standardized catch weight by total swept area (km?) as a measure of effort (Berg ef al.
2019) and the unit for modelling represents a measure of species-specific biomass density (kg

km?; hereafter “biomass”).

2.3.3. Covariates

Environmental layers were collected to represent oceanographic conditions in the Baltic Sea at
bottom depths (Table 2.1). Oceanographic variables derived from high-resolution (~2 nautical
miles) physics and biogeochemistry reanalysis products of the NEMO-Nordic ice-ocean model
coupled to the Swedish Coastal and Ocean Biogeochemical (SCOBI) model (Eilola et al. 2009;
Liu ef al. 2017) available in Copernicus Marine Environmental Service (CMEMS)?. All
oceanographic variables were downloaded as monthly means. To capture seasonal patterns and
better match environmental conditions during trawls, each variable was averaged grid-cellwise
by values within the first (Q1; winter) and fourth (Q4; autumn) quarter of each year, weighted
by the proportion of trawl observations of each month. We selected abiotic variables at the sea
bottom (temperature, oxygen, salinity) from each model as they shape the ecology and
distribution of demersal fishes in the Baltic Sea (e.g., Smolinski and Radtke, 2017; Rau et al.
2019; Orio et al. 2019; Brander, 2022; see also Table 2.1). In preparation of modelling, trawl
data were spatially thinned to covariate resolution (~2 nautical miles) to reduce overfitting due
to sampling bias of repeated observations (Boria et al. 2014). Trawl data were then

geographically matched to covariates.

2 https://marine.copernicus.eu/. Accessed May, 2022.
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Table 2.1 Environmental covariates overview for HGAMs, including their expected impacts

on demersal fish biomass supported with example references.

Variable Unit Source Data Product  Expected Effect
Sea bottom Potential CMEMS physics Somatic growth
temperature temperature reanalysis and recruitment

(°O) rates (Olsson et

al . 2012)
Sea bottom PSU (%o) CMEMS physics Osmoregulation
salinity reanalysis stress  (Kiiltz,
2015); egg

buoyancy and
larval mortality
(Nissling  and
Westin, 1997)

Sea bottom Dissolved O2 CMEMS biogeochemistry Feeding  rates
oxygen concentration reanalysis and somatic
(mg L) growth

(Brander, 2022)

2.3.4. Hierarchical Generalized Additive Models (HGAMs)

We fit hierarchical generalized additive models (HGAMs; Pedersen et al. 2019) onto the
spatiotemporal dataset of demersal fish biomass (kg km) to test the importance of geography
and dynamic, bottom-associated abiotic variables (temperature, oxygen, and salinity) in
predicting different species biomass distributions. We split predictions in hierarchical species
groups, with an ontogenetic divide between adult (>35 cm) and juvenile (<35 cm) cod
(Valentinsson et al. 2019). HGAMs were fit in mgcv (Wood, 2017) with the ham function using
fast restricted maximum likelihood (fREML) with discretized covariates to speed model fitting.
To produce parsimonious model versions, variable selection included null space penalization
for each smoothing term, penalizing non-informative variables towards zero. Model
diagnostics were inspected with mgcv functions gam.check for model residuals (Figure 6.6)
and concurvity as a generalized indication of collinearity in model terms (Dormann et al. 2013),
which remained below 0.8 (e.g., Leonardi et al. 2022; Figure 6.7) and GAMs show robust
performance despite concurvity (Wood, 2008). Due to the zero-inflated nature of the dataset,

biomass values for the i observation for species group j (B;;) were modelled using a Tweedie

distribution with a log-link function. The ;; represents the mean biomass value for species j
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at a particular time (year and season) and location for the /™ observation. The ¢; and p;
represent a dispersion and power parameter, respectively, that modify the mean-variance
relationship for each species j in the Tweedie distribution. An error term was assumed for each
model version (€;).
B;; ~ Tweedie(u;;, ¢, pj) (1)
HGAM version-I (eq. 2) includes a random intercept (Bseqs0n) by season with geographic
predictors for expected mean species biomass, log transformed, combining into a
spatiotemporal term a tensor product factor smooth (bs = “fs”) between spatial position
(longitude, latitude) and year encoded as a factor (e.g., Zabihi-Seissan et al. 2024), with unique
smoothers per species (by = species;). To incorporate variations by depth, we add a tensor
product smooth for the interaction between depth and year (continuous) with species-specific
smoothers.
log(u;j) = Bseason t+ ti(latitude;, longitude;, year;, by = species;) +
te(depth;, year;, by = species;) + €; (2)
HGAM version-1I (eq. 3) builds on version-I, including the primary spatiotemporal term of
position and year varying by species, adding species-specific smoothers between depth and
each abiotic covariate (temperature, oxygen, salinity) — we found repeating the
te(depth;, year;, by = species;) term with abiotic covariates produced almost complete
concurvity (>0.96). The separate smoothers allowed group-level variations to each covariate
using thin plate regression splines (bs = “tp”).
log(Uij) = Bseason t+ ti(latitude;, longitude;, year;, by = species;) +
s(depth;, by = species;) + s(temperature;, by = species;) +
s(oxygen;, by = species;) +s(salinity;, by = species;) + €; (3)
HGAM version-III (eq. 4) extends the relationship to the environment further to permit
seasonally independent responses to covariates and different smoothing penalties by species.
For model versions-II and -I11, we penalize the square second derivative (m = 2) of group-level
smoothers to limit excessive curvature (Pedersen et al. 2019). Note that we exclude seasonal
random smoothers in version-III for the intercept, as these are included in the factor smooths
for depth, temperature, oxygen, and salinity.
log(u;j) = ti(latitude;, longitude;, year;, by = species;) +
s(depth;, season, by = species;) + s(temperature;, season,by = species;) +

s(oxygen;, season, by = species;) + s(salinity;, season, by = species;) (4)
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The default values for the number of basis functions in smoothers (k) was chosen, maximizing
the allowed degrees of freedom (k-1) and for greater variation in individual smoothers. This
was decided as even substantially larger effective degrees of freedom (EDF) compared to &
(e.g., EDFticon, 1at, yeary = 124 versus k£’ = 50) remained indicated as problematically significant,
implying an inadequate number of basis functions in gam.check. Despite this, changing &
values for individual variables left the diagnostic plots and partial dependence curves
unchanged, thus we maintained k& values to a default (Table 6.1). To inspect the apparent issue
of significant basis dimension, we plotted model residuals against each covariate for each
model version (Figure 6.8-6.9) and did not find any clear residual dependence to geographic,
temporal, or environmental structure. We note here that the gam.check output is a heuristic,
and this apparent significance could be due to missing or unmeasured variables to explain
species biomass (e.g., spatially-resolved biotic interactions). Trawl observations are clustered
in time (year and season), leading us to incorporate an AR1 autocorrelation matrix through the
tho parameter in the bam function. The value of tho was determined for each model form

(version [ =0.17, I1=0.21, III = 0.15) using the R package itsadug (Van Rij et al. 2015).

2.3.5. Model Evaluation and Prediction

Models were assessed through k-fold cross validation, with data split into train-test k-folds (k
= 10) for fitting and evaluation, respectively (Figure 6.10). Model performance metrics
compared observed versus predicted biomass using three regression metrics presented in
Waldock et al. (2022): Discrimination (Pearson’s correlation coefficient), accuracy (Mean
Absolute Error; MAE), and dispersion (Gest/Gobs)’. After model evaluation under cross
validation, final predictions for mapping incorporated all observations (Step 5, option 1 in
Roberts et al. 2017), favoring prediction quality over error estimation although we expect
reasonable error estimates from cross validation. We visualize predicted species biomass
patterns as the difference in average biomass within 0.5° grid cells between the last five years
(2016-2020) and the first five years (2001-2005) of the trawl survey. Together with the
regression metrics, which illustrate an individual model's predictive ability, we also compared
model parsimony using AIC (Akaike’s information criterion; Akaike, 1974) of final models
used for prediction mapping and generated partial dependence curves to assess the relationship

of each species to geographic and abiotic covariates using the R package gratia (Simpson,

3 Variance of estimated (oest) and observed (cobs) biomass density.
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2018). All modelling specifications are detailed in supplementary materials including R script

for replication with an ODMAP protocol (Appendix S1-S2; Zurell et al. 2020).

2.4. Results

2.4.1. Models Performance

Model predictions measured on k-fold cross validation indicated relatively similar
discrimination (X, = 0.71 £ 0.14), precision (Xs = 0.59 £ 0.24), and accuracy (Xuur = 0.51 +
0.14), between model versions but we did observe stepwise improvement by including abiotic
covariates and at seasonal resolution. The highest predictive performance for every metric was
achieved by HGAM version-1III including seasonal abiotic covariates. Individual performance
metrics for each model and time period are shown in Figure 2.2 and Table 6.2. Across species,
Common dab biomass was uniformly predicted with the greatest discrimination, accuracy, and
precision. Secondarily, European plaice and flounder were predicted with similar
discrimination and precision, but plaice displayed greater MAE in biomass predictions. Both
juvenile and adult cod were similar to flounder and plaice in terms of biomass discrimination
and precision but rarely predicted at observed values (high MAE). A similar stepwise gain in
model parsimony was found by comparing AIC, with the lowest values estimated for model

version-III including seasonal abiotic covariates. (Table 6.2).
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Figure 2.2 Regression metrics of HGAM version-III performance, including geographic and
seasonal abiotic predictors, based on discrimination (Pearson’s correlation coefficient),
accuracy (Mean Absolute Error; MAE), and precision (ratio between variance of estimated and
observed biomass density). Boxplot central lines indicate median values and boxes'
interquartile range symbolizes 25% and 75% percentiles. Dotted lines for each panel mark the

respective optimal metric values.

2.4.2. Seasonal Partial Effects

Assessing the partial effects on the mean response of demersal fish biomass in the Baltic Sea
indicates values can differ considerably across depths and oceanographic conditions, and by
season (Figure 2.3). The spatiotemporal partial effects are shown by species in Appendix S1
(Figures 6.11-6.16). By depth, mean demersal biomass generally responded positively to
deeper waters up to 50-75 m, including in HGAM version-II, capturing strong effects of the
shallower western Baltic Sea region (ICES subdivisions 21-24; Figure 6.17). Dab and flounder
were the notable exceptions, declining in biomass towards 75 m most strongly in autumn. The
abiotic response curves generally differed by season and species, with bottom temperatures
producing the greatest differences. Dab displays a positive relationship to temperature in winter
and a negative trend in autumn. Flounder showed higher partial effects at bottom temperatures

~8—-11°C in winter and only positive partial effects <5°C in autumn whereas plaice shows
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relatively higher average biomass at temperatures between 5-10°C in winter and responds
variably across a wide temperature range in autumn. Both juvenile and adult cod vary similarly
to bottom temperatures, with declining average biomass at higher temperatures in winter and
with generally higher biomass at temperatures up to ~9°C in autumn. Species tend to respond
positively to increasing bottom oxygen concentrations in both seasons, however each decline
in biomass at the highest concentrations >10 mg L-1. The partial effects for bottom salinity are
generally positive in winter for all species between 10-30 PSU, but this relationship flips in
autumn with higher partial effects for flounder, and cod in fresher condition (<10 PSU) In
autumn, these relationships change most strongly in flounder, which decline monotonically in

average biomass at higher salinities.
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Figure 2.3 Partial dependence curves generated from HGAM version-III, including geographic
and seasonal abiotic (sea bottom) predictors. For each variable, species-level random
smoothers allow individually unique penalties (wiggliness) and independent shape by season.

Rugs mark the observed data coverage on the x-axis for each covariate.

2.4.3. Spatiotemporal Patterns of Species Biomass

Spatiotemporal patterns in species biomass predictions were broadly species specific in our
HGAMs and are shown as the total change in biomass per grid cell in Figure 2.4. Yearly species
biomass predictions are shown in Figures 6.18-6.22. First, Common dab shows little
discernible spatial changes in biomass, instead characterized by relative stasis and with minor
biomass fluctuations confined to the western Baltic Sea. Second, European flounder increased

widely across the western Baltic Sea and relative declines in the northern Baltic proper—
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however we expect these apparent declines to have been influenced by unequal sampling
coverage in the earliest years of the trawl survey (Figure 6.19). Third, European plaice have
increased in biomass almost uniformly throughout the western Baltic Sea towards present.
Fourth, both juvenile and adult cod declined in biomass in several deeper regions in the Baltic
Sea: Both cod life stages declined in the Bornholm Deeps, most substantial among juveniles,
and near the Gdansk Deeps where adults showed the greatest declines in biomass. Outside
these deeper areas and the northern Baltic proper, both cod life stages show some relative

increases in biomass.

2.5. Discussion

This work depicts changing spatial patterns of demersal fish biomass and offers descriptions
of their seasonal relationship to abiotic conditions throughout the past two decades in the Baltic
Sea. Atlantic cod is arguably the most widely studied species in the Baltic Sea (e.g., Hiissy,
2011; Neuenfeldt et al. 2020; Svedidng et al. 2022). Our model results confirm and expand
previously described spatiotemporal patterns, based on similar trawl data, of cod in the eastern
Baltic Sea: A theme of spatial contraction and quantitative decline in juveniles and adults
towards present (Casini et al. 2019; Orio et al. 2019). This work clearly maps a striking decline
of juvenile and adult cod life stages from nursery areas near the Gdansk deeps and the erosion
of biomass in spawning areas of the Bornholm Deeps compared to the early 2000s— a period
already following precipitous declines in cod populations in the Baltic during the 1980s-1990s
(Moéllmann et al. 2021; Eero et al. 2023). These spatiotemporal predictions align with related
models of Eastern Baltic cod biomass declines in the 1990s, which were accompanied by
widespread depreciations in cod body index and highly concentrated near the Bornholm Deeps

(Lindmark et al. 2023).

Across flatfishes, the relative stasis of dab in space reflects average patterns where biomass is
strongly filtered by the salinity gradient and restricted to Kattegat, Oresund, and parts of the
Danish Straits in the western Baltic Sea (Heessen et al. 2015). Declines of flounder biomass in
the northern Baltic proper are a more recent trend of the 2010s but exaggerated by limited
coverage by BITS in the early 2000s (Figure 2.4; Figure 6.19) but compared to 1980-1990s
biomass appears to have increased substantially (Orio et al. 2019)— caveated by potential
catchability biases in different gear standardizations prior to 2001 (Orio et al. 2017). The

similar shifts of plaice and flounder, increasing in the western Baltic Sea towards present were
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clearly not limited by a similar environmental filter as dab, reinforcing important questions
about the role of increased competition by demersal fishes contributing to the continued decline
of cod populations (Orio ef al. 2020). By comparison, springtime trawl data from 2004-2016
in the western Baltic Sea indicate that missing biotic variables relevant to flatfish biomass
include quantitative distributions of food sources such as arthropods, annelids, and molluscs
(Rau et al. 2019). This limit to our study is in part compensated through bottom oxygen
concentrations, the availability of which is a prerequisite for the growth of demersal food
sources (Villnis ef al. 2012). Based on the performance of our best model version incorporating
seasonal abiotic covariates (HGAM version-III), cod is less reliably predicted than the other
major demersals considered here; we expect that as a formerly major commercial target in the
Baltic, dynamic fishing effort or nominal catch data are needed at relatively fine resolution
(e.g., downscaled from global estimates Rousseau et al. 2024) to incorporate the negative

impacts particularly on cod biomass as covariates.
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Driven by the strong environmental gradients in the Baltic Sea, particularly salinity, population
differentiation in multiple fish species has emerged with strong geographic clustering (e.g.,
Johannesson et al. 2020). This creates relevant physiological and thus niche differences that
generate intraspecific variation (Smith ez al. 2019) and yet clear geographic divides rarely exist
decadal trawl survey presented here, important subpopulation factors are missing in our fish
groups: At least two cod stocks (East and West) in the Baltic Sea bear different niche breadth

to split data by subpopulations (e.g., Zhang et al. 2021). So,

in mean grid cell biomass between the last five years (2016

2005) of the trawl survey.



in their tolerances to salinity (e.g., 14-36 PSU) and temperature (Righton et al. 2010), and at
least one example of mutation in hemoglobin proteins appears adaptive to different temperature
and oxygen conditions (Andersen et al. 2009). In space, these niche differences can filter larvae
through differences in neutral buoyancy as western Baltic cod eggs sink at lower salinities (<20
PSU, Nissling and Westin, 1997), becoming exposed to hypoxic waters <2 ml L! O,. But a
definitive geographic boundary between subpopulations is complicated by population mixing
in the Arkona Basin (ICES subdivision 24) recorded independently from otoliths (Hiissy et al.
2016) and single nucleotide polymorphisms (SNPs; Weist ef al. 2019). A combination of trawl
data, otoliths, and genomic microsatellites deepens the degree of coexistence in the Arkona
Basin, confirming population overlap in space and partitioned by depth, with western stocks
occupying shallower zones and the eastern stock predominating in deeper waters (Schade et
al. 2022). Similarly, European (P. flesus) and Baltic flounder (P. solemdali) display different
adaptations to salinity, oxygen, and temperature— although our trawls rarely cover areas
dominated by Baltic flounder with relatively few observations surrounding Oland and Gotland
in the Baltic proper (Momigliano et al. 2018). We expect the plaice distributions described here
to include two major stocks roughly with a western stock predominating throughout Kattegat,
Oresund and the western Baltic Sea, while the second stock prevails in the Baltic proper (Ulrich
et al. 2013). More broadly, limitations in observation data to resolve subpopulations with
relevant niche differences persist across the SDM literature (Meynard et al. 2019). These
aspects limit the generality of our HGAM descriptions and suggest improvement of species
range forecasting under climate change with evolutionary markers (Aguirre-Liguori et al.
2021); yet these data remain sparse by comparison to species occurrences, abundances or

biomass densities.

Despite these limits, we resolve seasonal differences that arguably capture important life
histories. Flounder biomass responded positively at higher salinities (> 10 PSU; Feb—March),
just prior to or during spawning (Orio et al. 2017), but this relationship flips during autumn
(October—November), likely reflecting seasonal feeding periods when both European and
Baltic flounder appear to use shallow, fresher coastal waters prior to late autumn/early winter
spawning migrations (Nissling & Dahlman, 2010; Heessen et al. 2015). For dab and plaice, we
build on work previously focused on the German sections of the BITS survey (e.g., Rau et al.
2019), generally showing that the estimated partial effects, unsurprisingly, do not hold across
seasons and that species occupy different ranges of their realized niches. This is shown also in

the apparent flip of the relationship between dab biomass and bottom temperatures between
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winter and autumn. For cod, it appears that the biomass of juveniles and adults respond
fundamentally similar to each other against temperature, oxygen, and salinity conditions but at
different magnitudes. But these apparent differences can result in substantial spatiotemporal
variation in larvae survival (Huwer et al. 2014), and local populations could exhibit distinct
environmental preferences within the general patterns shown here. A key takeaway from this
work is the species-specific, seasonally variable response curves. These data can be repurposed
as inputs to help parametrize and constrain uncertainties in distribution forecasting under
scenarios of climate change or fishing pressures (Nascimento et al. 2023), instead of fixed
annual or long-term average response curves derived from occurrence data and suitability

maps.

This work's mapping of species biomass consists of an interpolation within a well sampled
range. However, model transferability (i.e., extrapolation beyond training region or
timeframe), which indicates the generality of any model's representation of ecological
mechanisms, remains a challenge to demonstrate for large-scale models (Heikkinen ez al. 2012;
Yates et al. 2018). Limited transferability in SDMs is associated with poor representation of
species underlying biology and ecology (Lee-Yaw et al. 2022). The characteristics of
transferable models or species traits that affect transferability in 129 North American bird
species were explored by Rousseau and Betts (2022), revealing widespread failures in spatial
transferability to predict species abundances and cautioning extrapolation beyond trained areas.
We attempted to constrain model overfitting through spatial thinning, k-fold cross validation,
and by focusing on core abiotic variables (e.g., temperature, salinity, oxygen) which have
causal links to species distributions and achieved biomass (Wenger and Olden, 2012). Future
work on transferability in SDMs will also benefit from testing scale (i.e., covariate grid size)
sensitivity of predictors and response variables (Lu and Jetz, 2023). Altogether, applying
quantitative data as a response variable such as our trawl biomass data, where sufficiently
available, could provide greater model discrimination ability than typical occurrence data
through a closer link to underlying processes (e.g., growth, mortality, competition) and thus
increase transferability and biological realism (Waldock er al. 2022; Rousseau and Betts,
2022). Towards that aim, we observe that our HGAMs can reliably predict biomass patterns
which have been individually documented in past studies, but generally underpredict biomass,
a common feature to many ecological models applied across large spatial or temporal extents

(Waldock et al. 2022; Palacio and Clark, 2023).
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As a Large Marine Ecosystem (Sherman, 1991), the Baltic Sea is among the best studied marine
regions, which afforded our work unique access to fisheries-independent trawling data that are
consistent, standardized, and comparable across sites and years. However, better coverage of
shallow (<20 m) coastal regions could improve detection and understanding of population
dynamics in critical spawning and nursery areas, especially in the western Baltic Sea
(Kraufvelin et al. 2018). Sample coverage can be expanded to new sites or understudied depths
by combining scientific surveys with commercial trawl data but presents further challenges of
data integration: In the western Baltic Sea, scientific trawls are comparatively brief (less than
one hour) whereas commercial trawls can run up to nine hours (Rufener ez al. 2021). Expanding
and improving trawl data collection in the Baltic Sea can support more finer scale, temporally
dense observations to underpin seasonal or monthly response curves for a wider variety of fish
species, aiming to disentangle the local and regional outcomes which might be likely under the

pressing environmental changes bearing on the Baltic Sea.
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3. Network-based bioregionalization of demersal fish in
continental shelf seas

This chapter is based on a paper which is in review.

MacNeil, L., Scotti, M. Network-based bioregionalization of demersal fish in continental

shelf seas. Authorea. I* review in Ecography.
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3.1. Abstract

Biogeographical partitioning of ecological communities has been renewed in recent decades to
illustrate broad distributional patterns. In the oceans, observational datasets have grown
substantially and open new access to test bioregional patterns beyond the classical fixed
thresholds of endemism to differentiate regions. This work combines a recently collated dataset
of 29 different scientific bottom trawl surveys spanning 21 years with network-based clustering
to illustrate biogeographical partitions of vast tracts of the northern hemisphere's continental
shelf seas. Our work contributes to testing bioregionalization patterns in demersal fishes using
observational data, totaling >2.5 million species records and >2000 species, with bipartite
network clustering weighted by species occurrence frequencies. We propose eight major
bioregions across shelf seas which fall along the longest geographical axis in each shelf region
and against continua of species richness gradients, endemicity, and phylogenetic turnover rates.
These patterns capture known biogeographical boundaries (e.g., North Sea—Baltic Sea, Cape
Hatteras) alongside potential transition areas deduced from uncertainty estimates based on
shared network nodes between bioregions. The most species-rich areas include the Southeast
US Shelf, Temperate Pacific, Northeast Atlantic Shelf, and the Outer European Shelf—
corresponding to relatively high endemicity. However, the relatively species-poor partitions
including the Baltic Sea and the North & Celtic Seas display comparatively low endemicity
(<8%), illustrating apparent statistical differences in partitions captured by bipartite networks
and occurrence frequencies that would otherwise be missed using a fixed endemic criterion.
Our proposed bioregionalization can be compared against the growing availability of species
occurrence data, dispersal limitations, or other quantitative observations of ecological

communities.
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3.2. Introduction

Seeking large-scale biogeographic patterns is centuries old (Zimmerman 1777; von Humboldt
1806). Modern ecological datasets combining taxonomic and phylogenetic information have
renewed efforts in recent years to classify distinct biological communities spread across
ecosystems (Ebach & Parenti 2015; Morrone 2018). These methods have redrawn Alfred
Russel Wallace’s 19" —century zoogeographic regions (Holt et al. 2013), Australia’s floral
geography (Burbidge 1960; Ebach et al. 2015), and detected biogeographic rearrangements
driven by human impacts (e.g., Rueda et al. 2024). In dynamic marine environments,
identifying natural geographical entities of taxonomic groups or communities is of a different
order in difficulty: Marine ecosystems are less intensely studied than on land (Hughes et al.
2021) and constitute vast semi-permeable spaces connected through migration and dispersal

(Cowen et al. 2007; Alvarez-Noriega et al. 2020).

Global biogeographical partitions of the oceans have been developed based on oceanographic
boundary currents and surface primary production regimes (Longhurst 2010). For coastal and
shelf zones, broad-scale delimitations are made using oceanographic and bathymetric features
of areas >200,000 km? (Large Marine Ecosystems; Sherman 1991) and combinations of
community composition assessments with expert opinion (Ecoregions; Spalding et al. 2007).
Continental shelf marine ecosystems are often distinct in environmental profiles from the
greater open ocean with the prominent influence of prevailing boundary currents and primary
productivity (Reygondeau et al. 2013). By comparison, progress differentiating major

biogeographical partitions based on observational ecological datasets remains underdeveloped.

The growth of species occurrence data has broadened our power to describe biogeography of
numerous groups and test the explanatory strength of ecological or evolutionary hypotheses in
marine communities. For example, it has helped to identify relationships between temperature
and diversity (Tittensor et al. 2010), biomass (Van Denderen et al. 2023), or the direction of
trophic control (Frank et al. 2007). On regional scales, benthic invertebrate communities divide
strongly in the northwest Atlantic shelf based on oceanographic connectivity, dispersal
limitations, and species thermal tolerances (Pappalardo et al. 2015). Globally, brittle stars show
roughly a dozen major biogeographic regions with strong transition zones (Victorero et al.
2023). The degree of endemicity has been a primary criterion to define bioregionalizations into

a hierarchical system of realms, regions, and provinces based on a fixed threshold (10%) of
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endemic communities, genera, and species, respectively (Costello et al. 2017; Morrone 2018).
Endemicity links contemporary patterns to the potential evolutionary innovativeness of a
biogeographical partition, dispersal limitations, and ecological niche constraints (Bowen et al.
2013; Cowman et al. 2017; Victorero et al. 2023). Yet highly mobile fish species range widely
across continental shelves, occupying the richest fishing grounds on Earth (Rousseau et al.

2024), and creating substantial variability within shelf seas where taxa frequently overlap.

If distinct bioregions exist in fish communities across continental shelf seas, identification
would require extensive, standardized, and repeated data collection with which to test the
robustness of biogeographical partitions. To this challenge, the modern growth of scientific
bottom trawls has now routinely sampled substantial tracts of continental shelf seas in the
northern hemisphere (Maureaud et al. 2021). Despite these advances, biogeographical
partitions based on abundant fish communities in shelf seas have relied upon a fixed species
endemism to define provinces shallower than 200 m depth (Briggs 1974; Toonen et al. 2016),
and data-driven partitions based on the growing scientific trawl data between regions have not

been proposed.

Among the methods used to delimit biogeographical zones, hierarchical clustering of species
turnover rates and network-based community detection are widely popular due to their
computational efficiency and accuracy in reconstructing known regional divides (Kreft & Jetz
2010; Bloomfield et al. 2018). Network-based methods have shown strength in detecting more
granular biogeographical features than hierarchical clustering, especially in transitional biomes
(e.g., Bloomfield et al. 2018), including reproducing the Wallace’s zoogeographic realms and
continental-wide plants biomes in the United States (Vilhena & Antonelli 2015). A bipartite
network (site X species) connecting species and site nodes is a suitable tool to represent
biogeographical distributions, as it can be divided into distinct communities based on the

arrangement (i.e., topology) and weight of the links (Dormann ef al. 2009).

In this work, we focus on biogeographical partitioning— bioregionalization— across demersal
fish communities throughout continental shelf seas in the northern hemisphere using a
weighted bipartite network. This approach uses a fast network-based clustering of scientific
bottom trawl data spanning 21 years, producing stable bioregions at large spatial scales. We
also calculate the strength of each site's connection to its respective bioregion to identify

possible transition zones in the network structure and compare bioregionalizations to rates of
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turnover in phylogenetic lineages. Substantial differences are observed in demersal fish
communities across their longest geographical axis: Bioregions generally divide by latitude in
the North American coastal shelves and by longitude in Europe. These patterns appear in part
explained by differing species endemicity, phylogenetic turnover, and species occurrence
frequency. These proposed bioregions match some pre-existing marine Ecoregions and
biogeographic provinces, but with exceptions that illustrate the wide-ranging pools of demersal
fish communities. Together these findings depict a broad biogeographical partitioning across
continental shelf ecosystems amidst the torrent of ecological and environmental variability in

the coastal oceans.

3.3. Methods

3.3.1. Observational data

We compiled scientific bottom trawl data using 29 different surveys from FISHGLOB
(Maureaud et al. 2024; Table 8.1), spanning large tracts of the continental shelf seas in the
northern hemisphere (Figure 3.1). We consider trawls between 1999-2020, with the majority
of surveys (17/29) having already begun in 1999 (Figure 8.1). All data preparation and
subsequent analyses were done in the R programming language (R Core Team 2023). The
FISHGLOB data are pretreated to harmonize and validate taxonomic names against the World
Register of Marine Species (WoRMs), plus all observations are matched with trawl-level
information and units are standardized (Maureaud et al. 2024). We add a spatiotemporal filter
which removes trawls below 2% coverage in a 23,320 km? grid cell (size 7; Maureaud et al.
2024), this trimmed 4% of observations. The final dataset contains >2 million individual

observations, 138,240 trawls and 2090 species across 21 years.
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Figure 3.1 Scientific bottom trawl data spanning 21 years (1999-2020) colored by survey
identity underneath marine Ecoregions (Spalding et al. 2007). See Table 8.1 and Figure 8.1 for

survey names, acronyms, geographic designations and yearly trawl frequencies.

All observations were prepared for bioregionalization by gridding trawls into 100 km (10,000
km?) and 200 km (40,000 km?) hexagonal grids in the sf package (Pebesma 2018) to test for
spatial sensitivity in our results (e.g., ®Daru et al. 2020). Each grid cell was given a grid
identification (ID) for further analysis. At each spatial scale, we rarefied trawl data down to the
first quartile (niswQ, 100 km = 92; NistQ, 200 km = 124) and median (Nmedian, 100 km = 190; Nmedian, 200 km
= 337) number of trawls per grid cell to equalize sampling efforts. We additionally test

bioregionalization without rarefaction using unweighted approaches described below.
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3.3.2. Network-based bioregionalization

Bioregionalization was tested using weighted bipartite (site x species) networks (Beckett,
2016). We constructed networks in the igraph package (Csardi & Nepusz 2006), creating edge
lists from the species list and associated grid IDs. Edge lists were converted to undirected
graphs and weights were generated based on species occurrence frequency in each grid cell
and added to graph edges. We also tested bioregionalization using unweighted, undirected
networks without grid cell rarefaction as described above. To identify modules (i.e.,
bioregions) in bipartite networks, we partitioned underlying community structure to define
highly connected areas with shared species (i.e., endemics) using the Leiden clustering
algorithm (Traag ef al. 2019)— an extension of the popular Louvain algorithm (Blondel ef al.
2008), using iterative node partitioning, refinement and aggregation while optimizing for
network modularity (Newman 2006). The resolution parameter was set equal to two, defining
a minimum density threshold for bioregions, however we search across a range of resolution
values to show the resulting variability in bioregion number (Figure 8.2). We chose the
resolution parameter because it was the minimum threshold to reproduce the North Sea-Baltic
Sea divide where the salinity gradient powerfully filters the fish community (Pecuchet ef al.
2016)— a larger resolution parameter threshold produced a patchwork of spatially fragmented

bioregions. The algorithm was run across 100 iterations.

To test the sensitivity of our proposed bioregions to algorithm choice, we also applied the
infomap algorithm with 100 iterations based on the map equation using random walks of
connections between nodes (Rosvall & Bergstrom 2008). We directly compare algorithms
using the robin package (Policastro et al. 2021) to assess partition stability under a degree
preserving randomization of network structure, increasingly randomizing network edges by
5% until 50% perturbation is reached; we summarize these perturbations using a normalized
variation of information (VI) indicator of stability (Meila 2007). An interval testing procedure
(Pini & Vantini 2016) was used to compare and calculate p-values of VI between algorithms
at sequential levels of network perturbation (Figure 8.3). More stable network partitions (i.e.,
bioregions) should be more robust to network perturbations. We find that although the
infomap-derived bioregions produced similar network modularity scores as the Leiden
algorithm (Table 8.2), it displayed greater spatial fragmentation and instability (Figure 8.3),
thus these maps are shown in the supplement (Figures 8.4-8.6). To test if the observed

bioregion patterns cluster together with greater density than could be observed randomly, the
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achieved modularity scores of the Leiden algorithm were compared against those of three null
models in the bipartite package (Dormann et al. 2008) using shuffle, swap, and vaznull
algorithms. Each null model differs in the imposed constraints during randomization. The
shuffle algorithm randomizes the bipartite networks but maintains the number of species
associated to each site (connectance) and network topology, the swapping algorithm
randomizes species frequencies but maintains the overall values at each site and preserves
connectance, while the vaznull algorithm is similarly constrained as the swapping algorithm
but less strictly preserves connectance by assigning species-specific probabilities to

frequencies (Vazquez et al. 2007); each null model was run for 999 iterations (Figure 8.7).

To identify areas within bioregions which share a high degree of species composition with
another bioregion and are thus uncertain in partition membership or represent potential
ecological transition zones (Morrone 2024), we calculate a participation coefficient (PC;

Guimera & Amaral 2005) for every i site node (i.e., grid cell):
m kis
PC=1-3m (5 (1)

ki
Where N, is the number of bioregions detected, s is the bioregion identity, k;, indicates the
number of links for node i in bioregion s, and k; denotes the total number of links for node i
(i.e., total degree). The PC represents the diversity of shared species between bioregions and
broadly describes the strength of a nodes’ links to its bioregion. High PC values indicate many
shared species with another bioregion while low PC values imply highly unique species sets.
The density of shared species links between different bioregions are visualizable in the bipartite
network (Figure 3.2). Across all our defined bioregions we characterized total area size (km?;
Figure 8.8), demersal fish species richness (Figure 8.9), endemicity, the average PC value,
depth ranges, and the number of intersecting Ecoregions (Spalding et al. 2007) to reappraise
their usefulness as ecological boundaries for highly mobile fish communities. We also broadly
compare bioregionalization to phylogenetic turnover rates (Figure 8.10) by placing species
names into a phylogeny of ray-finned fishes (Rabosky et al. 2018) and calculating turnover
rates in phylogenetic lineages using the epm package (Title et al. 2022) across 200 km grid
cells tested at 250 and 500 km focal radius searches for multi-site dissimilarities (Baselga,

2013).
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3.4. Results

3.4.1. Demersal fish bioregions

In total, our bioregionalization indicates eight distinct bioregions. Across the continental
shelves, latitudinal gradients prevail on the North American continent. On the Pacific coast,
bioregions divide into a Temperate Pacific region— incorporating the California Current
region from the Southern California Bight to the Pacific Northwest (Oregon, Washington, and
Vancouver Shelf)— and a Northern Pacific region ranging the Gulf of Alaska coast, the
Aleutian Islands, and the East Bering Sea (Figure 3.2). On the Atlantic coast, the Gulf of
Mexico and southeastern US shelves (Floridian, Carolinian) cluster together in a large range
south of Cape Hatteras (Southeast US Shelf). The northeast US and Canadian shelves cluster
together north of Cape Hatteras across the Virginian coast, the Gulf of Maine, the Bay of
Fundy, and the majority of the Scotian Shelf (Northeast Atlantic Shelf). The more northern
bioregions divide at the eastern Scotian Shelf near the Laurentian Channel and the Gulf of St.
Lawrence, which clusters with the Norwegian and Barents Seas (Sub-Arctic Atlantic). On the
European shelves, bioregion partitions appear most strongly related to longitude, dividing
between outer regions exposed to the Atlantic (Outer European Shelf), the North and Celtic
Seas, and the Baltic Sea.

The bioregions delineated from weighted bipartite networks were highly stable across grid cell
resolutions and rarefaction depths. Network modularity was similar using Leiden and infomap
algorithms but the fomer was faster and produced bioregions that were less spatially
fragmented and more stable (Figures 8.3—8.6)— the infomap converged closer to the Leiden
proposed bioregions with weighted links (Figure 8.5); The unweighted bioregionalizations
across both algorithms were unable to reproduce the Baltic Sea—North Sea divide and had
higher uncertainty (i.e., higher PC values) in bioregion identity (Figures 8.4, 8.6). We show
our proposed bioregionalization using 200 km grid cells and the less restrictive rarefaction
depth (niswQ, 200 km= 124) to clearly visualize bioregion patterns as the more restrictive approach
(Nmedian, 200 km = 337) presented large gaps within shelves and excluded the Norwegian and

Barents Seas data (Figure 3.2).
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Figure 3.2 The networked bioregions of demersal fish across the continental shelf seas in the
Northern Hemisphere. The bipartite network structure illustrates the distribution of sites X
species links (squares X circles) colored by defined bioregions, with the map displaying their
geographical distribution alongside Ecoregions (Spalding et al. 2007). These results display
the outcomes at a 200 km grid cell resolution rarefied less restrictively (1% quartile), however

the bioregions appear across different resolutions and rarefaction depths.

The largest bioregions were found in the Arctic and Sub-Arctic (Northern Pacific and Sub-
Arctic Atlantic) and on the longitudinally broad North and Celtic Seas (Table 3.1). As a
marginal sea on the European Shelf, the Baltic Sea bioregion was less than half the size of the
relatively small Northeast Atlantic Shelf. The dominant latitudinal and longitudinal axes of
differentiation in North American and European shelves, respectively, tracked differences in
species richness and declining species endemicity (Table 3.1). In North America, species
richness declined at higher latitudes and endemics became rarer, whereas this pattern in
European seas was observed moving eastward away from Atlantic shelf margins to the Celtic
Seas, North Sea, and the Baltic Sea. Bioregions cover wide depth ranges including shallow
coastal environments and beyond the continental shelf breaks >1000 m depth (Table 3.1).
Absolute differences in depth ranges across bioregions are partly an artifact of survey extent,
but important relative differences are observable between bioregions that span continental shelf

breaks (Temperate Pacific, Northern Pacific, Northeast Atlantic Shelf, (Sub-)Arctic Atlantic,
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Outer European Shelf) and those located within continental shelves or marginal seas (Southeast

US Shelf, North & Celtic Seas, Baltic Sea).
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Table 3.1 Overview of proposed bioregions, including area, species richness, endemics, total

depth range, average participation coefficient (PC), and the number of intersected Ecoregions

(Spalding et al. 2007).

Bioregion Area Species  Endemic Endemicity Depth ~ Mean Eco-
Range (m)
(km?) Richness  Species PC regions
Temperate 969,948 293 142 48% 18-1428  0.30 4
Pacific
Northern 1,558,845 205 50 24% 11-984  0.40 3
Pacific
Southeast 1,004,589 478 296 62% 2-500 0.14 4
US Shelf
Northeast 796,743 284 36 13% 7-1475  0.22 3
Atlantic
Shelf
(Sub-)Arctic 1,212,453 133 11 8% 24-1357  0.37 4
Atlantic
Outer 953,307 229 78 34% 10-787  0.44 3
European
Shelf
North & 1,350,999 129 9 7% 3450 0.39 4
Celtic Seas
Baltic Sea 346,410 54 2 3% 3-146 0.31 2

3.4.2. Spatial gradients and potential transition areas

Faunal links between bioregions show a high degree of connectedness as neighboring

bioregions share the highest number of species (Figure 3.3). The strongest connections are

within ocean basins; however, a small number of species are distributed widely between

regional shelves (Figure 3.3). The Northeast Atlantic Shelf contains the highest number of
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species overlap, primarily with the species-rich Southeast Atlantic Shelf, but also with the
European shelves. The European seas are highly interconnected, but the relatively species-poor

Baltic Sea is reflected by its low frequency of shared species.

All global bioregions were replicable but the fidelity of individual sites (grid cells) to its
assigned bioregion varied (Figure 3.4). The broad patterns in PC values— the degree of species
overlap with another bioregion— and thereby variability in bioregion identity increased with
latitude on both North American shelves and was mixed across the European shelves with
highest values in the North & Celtic Seas and Outer European Shelf bioregions (Table 3.1).
Grid-cell level patterns in PC values differed between regions and illustrates finer-scale
evidence for demersal fish transition zones. On the Pacific Shelf, the highest PC values (>0.6)
were found in the Aleutian Islands and the East Bering Sea, implying a potential divide between
the Gulf of Alaska and the Aleutian Islands fish communities. The areas in the Pacific
Northwest region (Oregon, Washington, Vancouver Coast and Shelf; Pacific Fjordland)
contain individual grid cells with relatively high PC values (>0.6) and are otherwise surrounded
by relatively low PC value grid cells (<0.2) which cluster strongly with this proposed
Temperate Pacific bioregion. On the Atlantic side of the North American continent, the highest
PC values (>0.6) indicating a potential transition area appear at more northern latitudes on the
Scotian Shelf near the divide of the Northeast Atlantic Shelf and the Gulf of St. Lawrence
which contains the (Sub-)Arctic Atlantic proposed bioregion. Intermediate PC values (0.4-0.5)
are found around Cape Hatteras at the divide between our Southeast US Shelf and the Northeast
Atlantic Shelf bioregions. Overall, the greatest magnitude and extent of high PC values (>0.6)
are found on the European shelves where the outer shelf areas and the southern/eastern North

Sea display the highest overlap in species composition.
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Figure 3.3 Alluvial plot depicting the frequency of shared species across bioregions. Line
thickness relates to cumulative shared species, showing widespread connections between

bioregions but with nearby groups sharing the largest number of species.

From this variation, these biogeographical partitions of demersal fish communities appear to
fall along shelf-specific continua of species richness and endemism (Table 3.1, Figure 8.9).
Comparing our proposed bioregionalization to spatial turnover rates of phylogenetic lineages
shows a patchwork of differences between continental shelves (Figure 8.10). The primary
zones of lineage turnover are typically found within bioregions and not exactly aligned with
zones of high PC values: namely in the Pacific Northwest (Oregon, Washington, and
Vancouver Shelf), the eastern Gulf of Mexico, between the Scotian Shelf and Gulf of St.
Lawrence, the Bay of Biscay, and the Baltic Sea (Figure 8.9).
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3.5. Discussion

Demersal fish communities separate into bioregions across the continental shelf seas in the
northern hemisphere primarily along their longest continuous geographical axis: Bioregions
divide by latitude in the North American coastal shelves and by longitude in Europe (Figure
3.2). The exception to this finding is in the Norwegian/Barents Seas, where missing data in the
Norwegian Seas due to quality assurance and quality control flags (Maureaud et al. 2024) are
potentially contributing to its broad clustering with the Subarctic Gulf of St. Lawrence. A first-
order description of the general partitioning is geographic: that dissimilarity increases with
distance (Tobler 1970). This geographic simplification is powerful, but the underlying drivers
to these patterns are likely multifaceted. The evolutionary origin location of species,
geographic barriers, dispersal limitations, and ecological niche dynamics all shape
biogeographic patterns (Wiens & Donoghue 2004; Briggs & Bowen 2013). Similar
compilations of trawl data as are analyzed here illustrate that demersal biomass increases
towards colder temperatures along the latitudinal gradient of the northern hemispheres shelf
seas (Van Denderen et al. 2023); combining trawl data with assumed trait values revealed
spatial gradients in life-history categories— primarily on the Atlantic shelves— where a fast-
slow continuum related to temperature dominated the structure of fish communities (Beukhof
et al. 2019). Regionalizations based on species range maps and larval dispersal models are
strikingly similar to our biogeographical partitions (Legrand et al. 2024), but its most notable
discrepancy is in grouping the US shelf around Cape Hatteras, where our observed trawl data
reflects known biogeographic junctures with greater differences between communities than

what larval dispersal limitations alone suggest.
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Figure 3.4 The participation coefficient (PC; equation 1) values coloring the points within grid
cells (200 km); high PC values indicate areas containing high species overlap with another
bioregion, low PC values represent areas with unique species sets rarely contained in another

bioregion.

From our analyses, an apparent mixture of species richness gradients, endemism, differing
occurrence frequencies, and phylogenetic turnover characterize spatial partitions. The gradient
of declining species richness and endemism across the respective geographical axes of each
continent are the primary coincidental factors with biogeographic partitions. However, by
testing weighted and unweighted bipartite networks across two clustering algorithms we show
how including demersal fish occurrence frequencies contribute to identifying the Baltic Sea-
North Sea and Temperate-Northern Pacific divides at different spatial resolutions and reducing
bioregion uncertainty shown in PC values. Turnover of phylogenetic lineages (Figure 8.10—
8.11) appears secondarily related to bioregionalization and we speculate is strongly affected by
local environmental gradients, with high lineage turnover in the Baltic Sea where there is strong

salinity filtering (Peuchet et al. 2016); in the eastern Gulf of Mexico along the Mississippi delta
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region between the Mississippi and the Texas estuarine coastal environments with strongly
plume-driven seasonal salinity fronts (Mendelssohn et al. 2017; Justi¢ et al. 2022); and in the
Pacific Northwest (Oregon, Washington, and Vancouver Shelf) south of Vancouver Island and
the Juan de Fuca Strait at the northern limit of the California Current system (Juan-Jorda et al.
2009). But altogether it is only in the Baltic Sea that relatively high lineage turnover rates
correspond to a bioregion partition. We note however that our calculation of phylogenetic
turnover is limited as only 75% (859/1144) of species in the trawl record matched phylogenetic
branch tips from Rabosky et al. (2018) despite taxonomic harmonization in Maureaud et al.

(2024).

Taking the example of the North American shelves in the Atlantic Ocean, our proposed
bioregions based on bipartite networks display a broad similarity in demersal fish communities
north of Cape Hatteras and across a significant portion of the Scotian Shelf despite important
local differences in community composition (Gabriel 1992). These results demonstrate the
wide-ranging distributions of demersal fishes which, in terms of spatial scale, are broadly
nested between the province and Ecoregion classification by Spalding et al. (2007). Each
bioregion intersects multiple Ecoregions, but it is only the Southeast US Shelf bioregion which
corresponds to an ecological realm: Warm Temperate Northwest Atlantic (Spalding et al.
2007). The combination of the northern Gulf of Mexico with the Floridian and Carolinian
Ecoregions is not entirely surprising given their similarity in ocean temperature and links to
the Gulf Stream through the Loop Current (Richardson 2001). The near-shore limit of trawl
samples also likely influenced the grouping of the Southeast US coast south of Cape Hatteras—
itself a benchmark biogeographic boundary located where the Gulf Stream is largely driven
offshore and related to shifts in ecological communities (Briggs 1974). Viewed against vast
ecological realms (Spalding et al. 2007), realms of species endemicity across kingdoms
(Costello et al. 2017), and fish-specific provinces of endemicity (Toonen et al. 2016), we

illustrate underlying biogeographical structure to demersal fish communities across shelf seas.

Identifying bioregions or distinct ecological zonations where they exist in the oceans depends
on the relevant level of ecological hierarchy: Either by integrating broad spatial patterns from
groups across food webs (Costello et al. 2017) or by targeting specific communities (e.g., reef
fish; Kulbicki et al. 2013). We have taken the latter approach using the modern growth of
fisheries-independent survey data to describe the biogeography of bottom-associated fishes.

Statistical methods available for defining bioregions are increasingly diverse, including range
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limits and hierarchical clustering of taxonomies (Kreft & Jetz 2010) and phylogenies (*Daru et
al. 2020), or clustering of network structures (Bloomfield et al. 2018) as we demonstrate in
this work. It is also possible to use multi-stage modeling to hierarchically link species
composition and representations of environment for probabilistic outputs of bioregions (e.g.,
Hill et al. 2020); however, this approach demands large computational budgets for big datasets
unlike our network-based approach which executes in seconds, has numerous available
algorithms (Csardi & Nepusz 2006) and has relatively straightforward uncertainty estimates

like participation coefficients (Guimera & Amaral 2005).

Access to a vast number of bottom trawl records with user-friendly data cleaning and quality
assurance steps has quickly opened new avenues for analyzing biogeographical patterns. From
biogeography, questions can be drawn about ecology and evolution, including the role of
environmental niches to explain species sorting across variable environments (Ricklefs &
Jenkins 2011) and whether marine provinces of high endemicity are origin hotspots for
speciation or the persistence of ancient lineages (Briggs 2003; Toonen et al. 2016). The
conventional 10% species endemism definition of biogeographical provinces of marine fishes
omits, for example, the Baltic Sea (Briggs & Bowen 2012), where the salinity gradient is
known to drive genetic divergence across taxa (Johannesson et al. 2020) and speciation through
genetic isolation in the case of Baltic Flounder (Platichthys solemdali sp.; Momigliano et al.
2017, 2018). Together these questions are trying to explain the processes of community
assembly across space (Leibold et al. 2022). However, we caution that sufficient care be taken
in treating spatial or temporal autocorrelation before attributing causal processes to the

menagerie of biogeographical patterns in the natural world (Warren et al. 2014).

Bioregions more specifically can be useful boundaries to test against temporally dense
observations from tracking tags, for example, by comparing spatiotemporal distributions
including depth distributions that can be related to regional mesoscale phenomena influencing
behaviour (Arostegui ef al. 2022). It has been suggested by invasion scenario simulations that
Wallace’s classic zoogeographic delineation of mammals, amphibians, and birds (Wallace
1876) are strongly weakened by contemporary species invasions and homogenizing
community compositions (Bernardo-Madrid et al. 2019). The human impacts of overfishing,
habitat quality through bottom trawling, and pollution on coastal shelf ecosystems prompts
similar questions to test for temporal boundary shifts, mixing, or displacement of historically

distinct communities (McLean et al. 2021; Gordo6-Vilaseca et al. 2023; Leroy et al. 2023), and
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the future makeup of distinct ecological zones across continental shelf seas. The proposed
bioregions shown here are naturally permeable as individuals can travel or be transported great
distances, but we show strong modular structure in bipartite networks to support a broad
bioregionalization among well-sampled, diverse, and abundant demersal fishes across shelf

s€as.
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4.1. Abstract

Understanding the processes that shape the distribution of biodiversity in the oceans is central
for predicting and conserving ecosystems under global change. Although a vast literature exists
on drivers of species diversity, the geographical patterns and drivers of ecosystem functioning,
and in particular the traits that shape this functioning, remain relatively unexplored. Here we
aggregate trawl and trait information (body size, habitat, reproduction, trophic ecology, and
growth) for 1150 demersal fish species on continental shelf seas throughout the Northern
Hemisphere to test the relative importance of environmental, evolutionary, and anthropogenic
drivers in shaping trait distributions at ocean-basin scales. We find that environmental filtering
has strongly shaped the functional makeup of fish communities while, in contrast to
expectations, trait conservatism across evolutionary lineages appears uniquely strong in the
Pacific Ocean but less important in the Atlantic. Although fishing can alter traits and deplete
populations, it shows no explanatory power in describing trait compositions. The widespread
role of environmental conditions in shaping fish traits highlights the potential sensitivity of
community functioning to environmental and climate change, and sheds new light on the

potential for trait-based conservation strategies.
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4.2. Introduction

Disentangling the processes that govern the distribution, composition, and maintenance of
biodiversity are key questions in ecology and conservation. While the distribution of species
diversity has received considerable attention, the distributions and potential drivers of
individual traits and functional roles are far less understood (Violle et al. 2014). Ecological
traits are proxies for an individual's functioning in an ecosystem (McGill et al. 2006; Violle et
al. 2007). Trait diversity (and hence functional diversity) reflects differing interactions with
the surrounding environment (Luiz et al. 2012; Bruelheide et al. 2018) and is a potential
window into the large-scale drivers generating different trait compositions (McLean et al.
2021; Bosch et al. 2021) and community-wide responses to disturbance (Moretti & Legg, 2009;
Mouillot et al. 2013; *Beukhof et al. 2019). Growing datasets of trait variations across domains
of life (Carmona et al. 2021) offer new possibilities for exploring the distribution of ecological
functions and functional diversity at different spatial scales (Messier et al. 2010). The
biogeography of traits can also generate insight into how anthropogenic impacts may reshape

the ecological functioning of the biosphere and explore novel conservation strategies.

Given that traits likely impact species abilities to colonize and persist in a given ecosystem,
trait biogeography can test hypotheses about the mechanisms governing community assembly.
The processes shaping the contemporary composition and distribution of life occur through
multiple dispersal, environmental, and biotic filters (Leibold et al. 2022). Two contrasting
explanatory frameworks include (i) convergent similarity, where large-scale environmental
filters generate adaptive similarity, and (ii) divergent partitioning, where biotic filters (e.g.
competing taxa) limit niche or trait similarity and drive niche partitioning (e.g., MacArthur &
Levins, 1967; Diamond, 1975; Samuels & Drake, 1997; Chase, 2003). In theory, evolutionary
history should provide insight into community assembly processes generating trait evolution,
as recently diverged taxa are expected to be more similar (Webb et al. 2002; Kraft et al. 2007).
Convergent similarity and divergent partitioning may not be mutually exclusive, as different
assembly processes can produce patterns of either scenario across environmental gradients
(Spasojevic & Suding, 2012), and whether trait compositions deviate from a neutral model

(Hubbell, 2001) has become a standard test for the apparent strength of any biodiversity pattern.

Marine fishes are a useful model taxon for testing patterns of community assembly as the most

diverse vertebrate group with high dispersal capacity, and widespread availability of data on
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traits and evolutionary histories (Villéger ef al. 2017; Rabosky et al. 2018; McLean et al. 2021,
Bosch et al. 2021). For marine fishes, environment and evolutionary history are not isolated
factors: human-induced pressures including fishing have significantly altered marine
ecosystems (IPBES, 2019) and can also drive abrupt shifts in body size and other life-history
traits through harvest selection (Darimont et al. 2009). In the marine realm, the broad spatial
patterns of trait evolution and the relative role of environmental conditions, fishing pressure,
and evolutionary history are largely unknown. Here, we address this gap by testing the relative
effect of these different drivers on trait compositions in demersal fish communities throughout
continental shelves in the Northern Hemisphere. We test the generality of the relationship
between environment, fishing pressure, and evolutionary history for fish trait compositions

across the Pacific and Atlantic Oceans using standardized scientific trawl surveys.

4.3. Methods

To test how environment, fishing, and evolutionary history shape the trait composition of
demersal fish, we assembled scientific bottom trawls and species traits, constructed trait spaces
using statistical differences in species-trait compositions, characterized broad spatial
differences in environmental conditions and fishing pressure, and estimated differences in
evolutionary histories through phylogenetic turnover. We also assessed linear and non-linear
relationships between mean trait space and each covariate, the spatial scaling of these
relationships, the impact of sampling intensity, and their deviation from null and neutral models

of trait evolution.

4.3.1. Scientific trawl data

We used scientific bottom trawl data from FISHGLOB (Maureaud ef al. 2024; Supplementary
Table 9.1), representing 29 different surveys across Northern Hemisphere continental shelves
(Fig. 4.1). We retained trawls between 19992021, given that a majority of surveys (17/29)
had already begun in 1999 (Supplementary Fig. 9.1). All data preparation and subsequent
analyses used the R programming language (R Core Team, 2024). Details on pretreatments to
exclude rare trawls and spatiotemporal filters for limiting outliers are in Supplement S1
(Chapter 9). For further analyses, we constructed equal-area grids to equalize sampling effort
(Supplementary Fig. 9.2) by rarefying to a defined number of trawls across three different
spatial resolutions of 100 km?, 200 km? hexagonal grid cells, and Ecoregions (Spalding ef al.
2007); we randomly sampled trawls at two levels of sampling intensity based on the 1% quartile

and median number trawls for each resolution (Supplementary Table 9.2).
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Figure 4.1 The spatial footprint of scientific trawl data ranging from 1999 to 2021. Blue
polygons represent 10 km buffers surrounding each unique survey, with regions containing
overlapping survey coverage in darker blues. Marine Ecoregions are plotted as black polygons

and annotated.

4.3.2. Trait data

Eight traits were extracted from PBeukhof et al. (2019) for species found in the North Atlantic
and Pacific continental shelves based on FishBase (Froese and Pauly, 2019). These represent
multiple dimensions of fish ecology and life history (Villéger et al. 2017; °‘Beukhof ez al. 2019),
including habitat (depth associations), reproduction (spawning type, age at maturity), trophic

ecology (trophic level, feeding mode), growth (Von Bertalanffy growth coefficient K), lifespan
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(maximum age), and size (maximum length). Body size, growth, lifespan, age at maturity and
trophic level are continuous traits, while the remaining traits are categorical (factors). Age-
related traits showed high pairwise correlations (R = 0.65) and similar axis loadings in a
principal component analysis, so we excluded lifespan, leaving all remaining continuous traits
correlated at R < 0.48. Body size, growth, and age at maturity were highly skewed and were
transformed with a natural logarithm. All traits are listed as proportions in Supplementary Fig.
9.3. A total of 78% of species (1320 of 1672) from the trawls were matched with the trait
dataset (*Beukhof ef al. 2019). To impute missing species traits, we adopted the structural
equation model of Thorson ef al. (2023) by estimating trait covariance of phylogenetic relatives

for missing taxa.

4.3.3. Environment, fishing pressure, and phylogeny

Oceanographic variables were extracted at 0.05° resolution using 2000-2020 means from BIO-
ORACLE v3.0 (Assis et al. 2024) and included mean ocean depth, mean and seasonal range
of bottom temperature and salinity, and mean and seasonal ranges of surface chlorophyll-a
concentration. To represent fishing pressure, we extracted effective fishing effort (kW x days
at sea) from Rousseau et al. (2024) at 0.5° resolution for the timespan 1999-2017, excluding
all pelagic-targeting fleets. These spatial files were aggregated to mean values at different
spatial scales (100 km?, 200 km?, Ecoregions) defined by the trawl data. To represent
evolutionary history for each species, we pruned a time-calibrated phylogeny of ray-finned
fishes (Rabosky et al. 2018) from fishtree (Chang et al. 2019) to retain only species found
within trawls. In total, 1533 species from the trawl dataset were found in the phylogenetic tip
names which were dominated by Teleosts (> 99%), excluding predominantly chondrichthyans
(n =169) with one hagfish and two lamprey species. This pruned dataset defined by available
species phylogenies (ngawis = 132,275), is the basis for the following analysis. All covariates

are visualized in the supplemental material (Supplementary Fig. 9.4).

4.3.4. Trait space

We calculated trait space for all species using a Principal Coordinates Analysis (PCoA) on a
species x trait Gower’s dissimilarity matrix, which can handle categorical and continuous trait
values. We applied an adaptation of Gower’s dissimilarity (gawdis; De Bello et al. 2021) which
limits the unequal contribution of traits by weighting individual traits that highly correlate with
multi-trait dissimilarities. We also calculated the richness of unique trait combinations

(functional entities) using the mFD package (Magneville et al. 2022). To reduce
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hyperdimensionality in trait spaces and ensure dimensionality reduction accurately captures
the original species differences, we used the first six PCoA axes to represent trait space. This
dimensionality was selected by testing the mean absolute difference (MAD) between species
differences in the global Gower’s dissimilarity matrix (trait space) and Euclidean distances of
trait space across the first ten PCoA axes (Maire et al. 2015). We found that differences were
minimized at six dimensions, explaining 77% of total variance while being significantly related
to the global dissimilarities (MAD = 0.032, Mantel’s R = 0.90, p < 0.001). Six dimensions is
typical within the wide range of optimal dimensions across different ecological datasets
(Moulliot ef al. 2021). The first and second axes are the primary focus of visualization here
and explain 46% of the variance and are also significantly related to the global dissimilarities

(Mantel’s R =0.74, p < 0.001).

To spatially characterize species-trait combinations in trait space, we calculated the mean
position (centroids) of each spatial unit (100 km?, 200 km?, Ecoregions) from random sampling
without replacement of trawls to summary statistic values (described above) and bootstrap this
process 99 times to calculate PCoA centroids with standard errors (Supplementary Fig. 9.5—
9.7). The first six axes of trait space were highly similar across spatial resolutions and sampling
intensities (Supplementary Fig. 9.8), so we hereafter only visualize trait space patterns at 200
km? using 133 trawls per grid cell (1% quartile of trawls) because it is the most spatially
complete. To check for yearly variability in trait space centroids, we randomly sampled
species-traits from each grid cell within each year (200 km?, 1% quartile number of trawls),
limiting outliers by considering only grid cells that contain at least 10 species in a year

(Supplementary Fig. 9.9).
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Figure 4.2 Geographic trait space and functional entities of demersal fish. The PCoA centroids
at 200 km? for A—C) PCoA axis 1-2. D) The latitudinal gradient in the number of functional
entities per grid cell for the associated Ecoregion (Supplementary Table 9.3).

4.3.5. Relationship between environment, fishing, and phylogeny to trait space

We compared relationships between Euclidean distances of trait centroids in the first six axes
of trait space to Euclidean distances in environment, fishing pressure, and phylogenetic
turnover. Due to their differing scales, environmental variables were scaled by their mean and
standard deviations before calculating pairwise Euclidean distances. Phylogenetic turnover
was calculated as the mean pairwise Jaccard dissimilarity in lineage turnover (Leprieur ef al.
2012) using the betapart package (Baselga & Orme, 2012). Phylogenetic turnover is bounded
between 0-1, ranging from identical to complete lineage replacement. We show the linear
relationships (Pearson’s R, covariance R?, two-sided t-test p-value) between trait dissimilarities

and environment, fishing, and evolutionary history, but also explored non-linear relationships
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using several hierarchical generalized additive models (HGAMs; Pedersen et al. 2019) in

Supplement S2 (MacNeil, 2025).

4.3.6. Null and neutral models

We compared observed trait dissimilarity to a null and a neutral model. We constructed the
null model by spatially randomizing species-traits occurrences while maintaining species
richness using the picante package (randomizeMatrix “richness” null model; Kembel et al.
2010). We then calculated the correlation between PCoA 1 centroids and latitude across 99
bootstraps (200 km?, 133 trawls per grid cell) against this null model to test if trait space
patterns could be produced by species richness. To test whether the relationship between
observed trait centroids and environment, fishing pressure, or evolutionary history was stronger
than expected by neutral drift, we simulated trait evolution using the PCoA 1 axes as a
continuous trait proxy under a neutral model based on Brownian motion (Mazel ef al. 2017,
McLean et al. 2021) across the phylogenetic tree of ray-finned fishes (Rabosky et al. 2018) in
the geiger package (fitContinuous, Pennell et al. 2014). This estimates a rate of trait variance
that we used to simulate (PCoA 1) values across the phylogenetic tree under neutral drift for
999 repetitions with a root value of zero (sim.char, Pennell et al. 2014). Simulated neutral trait
values for each species were then randomly sampled across 200 km? grid cells with 133 trawls
per grid cell and bootstrapped across 99 repetitions identically to observed trait values. We
then calculated standard effect sizes (SES; Mazel et al. 2017) between the Euclidean distance

(dist) of observed and neutral traits:

__ dist(observed)—dist(neutral)

SES (1)

Where 0,,0,¢rq1 T€presents the standard deviation of neutral trait centroids across 99 bootstraps.

Oneutral

Values of SES above zero indicate that observed trait dissimilarities are more different than
those expected under neutral drift while values below zero indicate that observed trait
dissimilarities are more similar than those expected under neutral drift (Mazel et al. 2017,
McLean et al. 2021). We also recalculated the relationship between dissimilarities in
environment, fishing pressure, phylogenetic turnover, and neutral traits to test if observed

relationships differ significantly from a neutral expectation.
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4.4. Results

4.4.1. A fast-slow trait space

The first two PCoA axes of the global pool in species-traits varied across a fast-slow life history
continuum (Supplement Fig. 9.10), where a latitudinal gradient emerged such that (sub)tropical
regions were associated with fast growing and maturing species at lower trophic levels, which
were smaller in size and often herbivorous and planktivorous; temperate/polar latitudes more
often contained slow growing and maturing species within higher trophic levels which were
larger in size with generalist feeding strategies. Trait space values are more strongly related to
latitude than expected by a richness-constrained null model, suggesting the underlying patterns
are not only influenced by the latitudinal diversity gradient (Supplementary Fig. 9.11).
Geographically, PCoA 1 centroids were strongly positive and strikingly similar across ocean
basins (Fig. 4.2A, C) although a latitudinal gradient in trait spaces appears strongest in the
northwest Atlantic Ocean (Fig. 4.2A-B, D). Mean trait space also broadly represents yearly
trait space variability (Supplementary Fig. 9.9).

4.4.2. Environment is a greater driver of trait composition than evolutionary
history

For all pairwise gridcell comparisons, trait dissimilarities are always positively correlated to
environmental dissimilarity (R = 0.41, R? = 0.16, p < 2¢’!%, Fig. 4.3 A). Although we focused
on the linear relationships to describe trait space patterns, we also find this positive relationship
across different HGAMs across spatial scales (100 km?, 200 km?, Ecoregions) (Supplement
S2). In contrast, trait dissimilarities were unrelated (R = 0.064, R? < 0.0045, p = 0.064) to
dissimilarities in effective fishing pressure at each spatial scale. This positive relationship
between traits and environmental differences is present across 20 Ecoregions in the Northern
Hemisphere, albeit with varying strength by region and latitude (Fig. 4.3B, D). The positive
relationship was strongest in the Atlantic Ocean (xz = 0.52), where the northwest Atlantic
Ocean shelves, and the (sub)tropical latitudes (25-35°N; the Gulf of Mexico and southeastern
US shelf) in particular, contained stronger associations between trait and environmental
dissimilarities. This pattern is weaker on the northeast Atlantic shelves (xz = 0.39), but still
greater than phylogenetic turnover. These relationships are weakest in the Pacific Ocean (Fig.
4.3B), where, similarly to the northeast Atlantic, the strongest relationship to environment

occurs at the highest latitudes (East Bering Sea; 55-65°N) and are otherwise comparatively
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weak across the vast latitudinal range from the Gulf of Alaska through the California Current

(35-60°N).

Phylogenetic turnover shows generally weaker associations to trait dissimilarity, but was found
to be strongly positive in the Pacific Ocean (xz = 0.46, xzz = 0.21) and negative on the
southeastern US shelf (Carolinian, Floridian) and in the Gulf of Mexico (xz = —0.33, xz2 =
0.11). The HGAMs support the strongest effects for phylogenetic turnover on trait composition
in the Pacific Ocean and at the coarsest, Ecoregion scale (Supplement S2). Across all regions,

phylogenetic turnover is weakly related to environmental dissimilarity (Supplementary Fig.

9.12).
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4.4.3. Does neutral drift explain marine fish traits?

Examining standard effect sizes between dissimilarities of observed and simulated (neutral)

traits, a substantial fraction of observed trait compositions surround zero and could possibly be

8
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generated under neutral drift (Fig. 4.4). However, the majority (~81%) of grid cell comparisons
produced negative standard effect sizes, suggesting that most trait compositions are more
similar than expected under trait evolution governed by ecological drift. The evidence for trait
divergence from similarity beyond neutral drift is comparatively rare, however it does occur
most frequently near the margins of each continental shelf (Gulf of Alaska, Florida coast, S.
European Shelf) and some coastal seas (Pacific Fjordland and Gulf of Maine/Fundy; Fig. 4.4A—
B). Despite the potential for neutral drift to explain trait compositions based on standard effect
sizes, observed trait differences are more strongly related to environment or evolutionary

history than expected under ecological drift (Supplementary Fig. 9.13).

4.5. Discussion

This study documents widespread evidence that contemporary environmental conditions are a
main driver of trait composition in demersal marine fishes. We show that trait and
environmental differences are positively related from grid cells to Ecoregions— scaling
spatially across three orders of magnitude (100 km? — Ecoregions)— throughout vast sections
of the Northern Hemisphere's shelf seas. The negative relationship between phylogenetic
turnover and traits on the southeastern US shelves gives additional evidence for trait
convergence across distant evolutionary lineages (Cadotte et al. 2013). This widespread
relationship implies that although trait compositions vary substantially across environments,
they generally converge under similar environmental conditions. Trait compositions are more
similar than expected by neutral drift. Convergence could be generated either by environmental
filtering in modern oceans from traits which were originally widespread, or through
evolutionary convergence where traits evolved independently under similar conditions (Losos,

2011; Mazel et al. 2017).

Strongly positive associations of phylogenetic turnover and trait dissimilarities in the Pacific
are evidence for phylogenetic conservatism in traits and the importance of evolutionary history.
The Pacific is the oldest ocean basin and tropical reef fish biodiversity has been shaped by
habitat transformations during tectonic shifts some 140 million years ago (Ma). before the
North Atlantic basin had opened some 60 Ma. later (Leprieur et al. 2016). However, the Pacific
shelf seas along the North American continent contain families that are, on average, 18 Ma.
younger than those in the Atlantic (Supplementary Fig. 9.14), potentially reflecting that trait

conservatism is due to limited evolutionary time for accumulating adaptive change. These
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shelves are also comparatively young, having become ice-free only after sea-level rise and the
opening of the Bering Strait at the end of the Younger-Dryas ~13 ka ago (Peltier, 1994). Except
the East Bering Sea, these relatively young shelf seas are also narrower than those in the
Atlantic, and oceanographic gradients are potentially less frequent barriers (Jonsson & Watson,
2016) to dispersal and environmental filtering. Evolutionary history is clearly important in
determining the pool of species adaptations (Mittelbach & Schemske, 2015) and defining the
regions from which groups disperse (Mora et al. 2003), however many traits have evolved
independently in marine fishes (Floeter et al. 2018) and it appears that convergence across

distant lineages towards a similar trait makeup could be common.

While the role of biotic interactions also remains challenging to resolve at local scales,
evolutionary history is a potential signal of biotic filtering as close relatives competing for
similar resources may eventually limit coexistence, but this mechanism for community
assembly appears weakly supported by observations (Gerhold et al. 2015; °Cadotte et al. 2017,
McLean et al. 2021). However, we have provided novel insights that the northeastern shelves
in the Pacific Ocean appear to harbour trait compositions that have been uniquely constrained
by evolutionary history. In explaining why this is not the case in the North Atlantic Ocean,
phylogenetic and trait dispersions could be disconnected in marine fishes because more
evolutionary time has passed for many lineages to generate adaptive similarity (Supplementary
Fig. 9.14), or high rates of trait evolution, the varying spatial scale of species pools, or that
competition between relatives is less important in structuring ecological communities
(°Cadotte et al. 2017). In fact, phylogenetic diversity has been shown to poorly track functional

diversity on land (mammals, birds) and in the oceans (Mazel et al. 2018).

83



‘ \) B ) NE. Barents Sea  Norwegian Seas E. Bering Sea Gulf of Alaska Baltic Sea

Rz-016"" R=-0.048" Rz=0.097 Rz0.18 " R=0.03
R®=0.025 R*=0.0023 R®=0.0094 R%=0.032 R®=0.00088
1
2 . . . R =0.0041 . _—
2 ; — —_— — . ——
R®=1.7e-05
N Newfoundland-
orth Sea Pacific Fijordland Celtic Seas Aleutian Islands Labrador
Rz=0.057 = Rz0.27>* Rz=-0.021 Rz0.02 Rz-0.12"
) R®=0.0033 R=0.072 R“=0.00045 R°=0.00042 R°=0.014
N :
w 0 /
"6 _—— — — —
-1
]
—
uy—
Lu Gulf St. Lawrence  Vancouver Shelf Scotian Shelf Maine/Fundy S. European Shelf
o
— Rz=-015"" R=016""" R=-0.041" Rz0.016 R=-0.098 ***
© R?=0.023 R*=0.026 R°=0.0017 R“=0.00025 R°=0.0097
©
C 0 1
9 0
()] A — S — —
Virginian California Current Carolinian N. Gulf of Mexico Floridian
R=-0.077*** R=0.16"* Rz-0.15 *** R=017**" R=0.21*
1 R"=0.0059 R*=0.024 R =0.022 R“=0.03 R"=0.045
1
0
» — / — / /
0.0 2.5 5.0 7.5 0 5 0 5 0 5 0 5 0 5
Environmental Dissimilarity Environmental Dissimilarity

Figure 4.4 Trait compositions are generally more similar than expected by neutral drift. The
standard effect sizes (equation 1) between observed and simulated (neutral) traits are visualized
against environmental dissimilarities. Positive values (blue) indicate trait compositions more
different from neutral drift and negative values (orange) indicate evidence for trait
compositions more similar than expected under neutral drift. Each point represents 200 km?
grid cell pairwise comparisons (A) and within Ecoregions (B). Pearson’s correlation coefficient
(R), covariance (R?), and p-values p-values (*** p <0.001, ** p <0.05, * p <0.1) for Pearson’s

R are reported in panels.

Environmental filtering as a process driving community-wide trait convergence has been
criticized for a lack of clarity in its underlying mechanisms and for potentially overlooking
other confounding processes that can produce similar patterns (Kraft et al. 2015; Cadotte &
Tucker, 2017). A precondition for a role of environmental filtering is the establishment of
widespread relationships between species traits and environment (Cadotte & Tucker, 2017),
which we demonstrate here. However, the precise mechanisms by which environmental
conditions have filtered demersal fish traits by limiting some functional groups' ability to
colonize and persist across environmental gradients is largely unknown. This process would

select for fewer trait combinations and support convergence in trait evolution— however there
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is clearly substantial variation in our observations (Fig. 4.3) which indicates potential

deviations of individual communities from this overarching pattern.

The disconnect between traits and fishing pressure might have multiple explanations. First,
overall trait composition could be largely unaltered by harvest selection removing individual
species over years or decades if communities have been shaped by environmental and
evolutionary dynamics over centennial or geological scales (Briggs, 2003); second, it is also
likely that the lack of trawl-level trait data obscures changing species traits, widespread
declines in body size and earlier maturation being among the most significant (Heino et al.
2015). However, the trait spaces constructed here and based on fixed species trait values are
not completely static as we do observe prominent shifts in yearly PCoA centroids in the
northwest Atlantic Ocean (Supplementary Fig. 9.9; southeastern US shelf, Gulf of St.
Lawrence, Newfoundland-Labrador). Here, on average, trait compositions after 2005
consistently contained fewer large species which grow and mature slowly and are within higher
trophic levels. Without abundance-weighted traits across the dozens of trawl surveys used
here— accounting for differences in effective sampling efforts and species-specific catchability
(Walker et al. 2017)— we cannot yet disentangle the annual or cumulative effects of fishing

pressure on these otherwise powerful community-wide datasets.

Trait-based macroecology is always constrained by trait availability and here, in a similar
manner, some fish traits are missing in our work due to a lack of data availability, including
diel activity patterns and social behaviors or predation defense mechanisms (Villéger et al.
2017). Each of these traits may capture different strategies adopted across environments or
clades, however an analysis of the functional vulnerability of demersal fish in the northeast
Atlantic found discrete traits added little explanatory power in trait spaces (Coulon et al. 2023).
Crucially, in marine trawl data, we are largely missing intraspecific traits which differentially
interact with the surrounding environment (Des Roches ef al. 2018) and are a potential link to
evolutionary history by incorporating adaptive constraints. Finally, to move towards a
collection of traits that can disentangle trait-mediated variations in fitness across marine
ecosystems, we need more traits describing dynamic rates (e.g., biological growth,
reproduction, survival) throughout an organism's life history to infer specific ecosystem
properties like ecological fitness (Streit & Bellwood, 2023) and demographic trade-offs
(Laughlin et al. 2020).
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4.6. Conclusions

Traits in demersal marine fishes are strongly related to environmental differences and appear
to have converged substantially in overall composition across the Northern Hemisphere's
continental shelf seas. The notable exception to this pattern is found in the northeastern shelves
of the Pacific Ocean, where lineages are comparatively young and phylogenetic conservatism
of traits appears more common. Amidst this important regional variation, there is high
similarity in marine fish trait compositions, which suggests that ecosystem function-based
conservation strategies could potentially complement species-based approaches. The processes
shaping trait diversity in the oceans have broad implications for the ecosystem functioning of
marine communities and conservation decisions focused on protecting trait-mediated functions
or rare functional groups. Functional diversity has already been significantly altered across
terrestrial and aquatic life from anthropogenic change (Carmona et al. 2021)— that
environment is a primary driver of trait compositions in marine fishes implies environmental

changes could significantly rearrange trait diversity in the future.

4.7. Data availability

All  data are publicly available for scientific trawls in  FISHGLOB
(https:/fishglob.sites.ucsc.edu/), species traits in PANGAEA (?Beukhof et al. 2019),

environmental covariates through BIO-ORACLE v.3.0 (https://www.bio-oracle.org/), and

phylogeny through the Fish Tree of Life (https:/fishtreeoflife.org/).

4.8. Code availability

The code to conduct the main text analyses is available on request from the authors, and the
details and code for hierarchical generalized additive models are available in Supplement S2

(MacNeil, 2025).
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5. Synthesis & Outlook

Throughout this dissertation, I have tested the explanatory drivers of ecological data from a
marginal shelf sea in the northeast Atlantic Ocean, to shelf seas across the Pacific and Atlantic
Oceans. The logical flow of these chapters increased in the dimensionality of covariates from
seasonal environmental predictors to network graphs of community composition, to
representations of environment, evolutionary history, and fishing. While the first two chapters,
respectively, focused on quantitative differences between species and inherent differences in
the composition of species identities for demersal fish, the third chapter incorporates attributes
of species phenotypes and life-histories using traits as proxies. This is also a stepwise
expansion of ecological realism in the dissertation, first viewing only quantitative data on select
demersal species, then partitioning community-wide data based on differing co-occurrence
frequencies, and finally testing community-wide effects of environment, evolution, and
human-driven pressures on the trait composition in marine fishes. Altogether, environmental
differences emerged as the primary influence shaping species fundamental niches across
seasons, environmental gradients appear to have left a signature in community-wide
composition patterns, and broad environmental differences were key to explaining the
compositions of fish traits. By comparing between oceans, Chapter 3 also revealed a novel
difference in Atlantic and Pacific trait makeup: While trait convergence driven by environment
appears widespread throughout Atlantic shelf seas, a unique signature of evolutionary
conservatism in traits emerged in the Pacific. To reemphasize a discussion point from Chapter
3, while geographic differences in the relationships to environment are relevant and
evolutionary history can be an important constraint on trait composition especially, the central
role of environment in structuring marine fish communities in modern oceans implies future
environmental and climate changes could significantly rearrange species and functional groups

(Lotze et al. 2019).

Each chapter herein revealed ecological features and practical lessons for understanding marine
demersal fish communities. The ecology viewpoint for Chapter 2 is that demersal fish biomass
has changed substantially in the Baltic Sea, the distribution of these changes confirms declines
and contractions in Atlantic cod, coincident with increased and expanded biomass of both
flounder and plaice. The modelling viewpoint is that the most accurate predictions of demersal
fish biomass are captured by deconstructing species-covariate relationships at yearly and

seasonal resolutions. Although static species distribution models have been important for
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model developments in ecology, they are increasingly questionable for reflecting ecological
properties such as genetic diversity or population fitness (Lee-Yaw et al. 2022) and forecasting
into this century (Briscoe et al. 2019). For Chapter 3, we show how commonly fixed
endemicity thresholds miss important boundary zones and bioregions across continental shelf
seas, and the degree of differentiation in species occurrence frequencies reveal strong
latitudinal gradients in demersal fish communities. This finding is also practical, given that
unweighted bipartite networks, which ignore changing species occurrence frequency, miss
important boundary areas where demersal communities generally shift in composition (e.g.,
Baltic Sea, Cape Hatteras). Chapter 4 provided novel and direct evidence that environment has
driven convergence in trait compositions of marine demersal fish and that the northeast Pacific
shelves harbour community-wide trait patterns which have been constrained by evolutionary
history. The comparison between the Atlantic and Pacific which was focused in more detail in
Chapter 4 also indicates the importance of geological and evolutionary timescales in shaping
the ecological (trait) components of marine fishes, as Pacific fish families appear to have
diverged more recently than those in the Atlantic, and may not have had sufficient evolutionary
time to accumulate adaptive changes which seem to have driven convergent similarity in
Atlantic fish communities. An important practical lesson learned in Chapter 3 included the
value in comparing observed and simulated (null/neutral) trait compositions to estimate the
strength of convergence. This step clarified that statistically, the assembly of trait compositions
in demersal fish lineages are not generated by purely random or neutral variations in

demography during trait evolution.

There are potential links to identify between the chapters in this dissertation— primarily
between Chapters 3 and 4 given they evaluate the same dataset and regions. First, the latitudinal
gradient of bioregions along the North American coasts is also underpinned by a fast-slow
continuum of species life-history traits. It is also likely that the large-scale divides in
community composition are, at least in part, shaped by an environmental filter which affects
species dispersal, growth, reproduction and ecological fitness (Cadotte & Tucker, 2017). As
shown in Chapter 4, this process appears most pronounced on the Atlantic shelves and might
explain why only two bioregions were detected across the vast range of the Pacific shelf region,
as species communities appear to more widely coexist. This could also be linked to the younger
ages of demersal fish communities in the Pacific which we show in Chapter 4, as processes
shaping species niches are ongoing and species with contrasting niches may coexist for long

periods of time (e.g., a century, Pearman et al. 2008). However, advances in molecular
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techniques push us to be open to rapid evolutionary change which may alter species niches on
timeframes (i.e., decades) which are classically thought to be caused by ecological drivers
(Carroll et al. 2007; MacColl, 2011; Momigliano et al. 2017). In the European seas, a fast-slow
life history continuum is also present, however the shelf bioregions largely divide by longitude,
which represents a substantial gradient in average temperature and depth. Although we do not
focus on individual life-history strategies across shelves, it has been found that this gradient is
associated with shifts in species communities dominated by low generation times and those
with high fecundity— i.e., an opportunistic—periodic gradient (Pecuchet ez al. 2017). It seems
combining large-scale biogeographic divides and finer spatial patterns in species and life-
history compositions could be a productive path to understand the causes of major zonal
differences in the semi-permeable oceans. To begin testing for differentiation in ecological
communities at varying time scales, movement tracking data is the next logical link to scale
down to the level of an individual, and to evaluate the effects of dispersal, life-history, and

neutral or environmental filters on community distributions and makeup (Schligel ez al. 2020).

The patterns evaluated in this dissertation are manifold, and the analysis of ecological patterns
is fundamentally the description of variation: The outstanding challenge facing scientists is to
bridge gaps between pattern and process, which may be mismatched in spatial scale (Levin,
1992). This is an especially acute issue in ecology and in the life sciences more generally,
where observational data has grown enormously in recent decades and classic descriptive
methods— unrooted from a mechanistic framing, i.e., a data-generating process (Li et al.
2023)— are likely to fail in achieving generalized predictive power (MacNeil, 2008). However,
a select number of processes, such as those shared between community ecology and the
Modern Synthesis of Evolution (Selection, Drift, Speciation, Dispersal), can produce a panoply
of ecological patterns without direct signatures of causation (Vellend, 2010). The concept of
community assembly featured in Chapter 4 offers an explanatory framework for widespread
functional patterns and which narrows the probable causes of trait convergence (i.e., modern
environmental filtering or independent evolution of similarity). But attributing the precise
cause of these patterns might be yet impractical as the role of historical contingencies which

filter different marine lineages (e.g., founder events) are poorly resolved across oceans.

A useful example for practically applying causal modelling in the natural sciences has been
borrowed from computer science and the work of Judea Pearl: The structural causal model

framework imports causal thinking into variable selection (applicable to any common
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statistical model) to ultimately constrain spurious parameter estimates (Pearl, 2009). Briefly, it
is based on variable selection criteria which block non-causal pathways, guided by direct
acyclic graphs, that indirectly obscure the relationship between a given causal factor and the
underlying response variable (X — Y; backdoor selection). This is a form of bias correction
which has been explored in a mock ecological dataset to show that the effects of forestry on a
simulated terrestrial species are significantly underestimated without causal (backdoor)
selection (Arif & MacNeil, 2022). Causal inference has been adopted more rigorously in earth
sciences than in life sciences, for example to disentangle effects of global teleconnections in
climate phenomena on the path of the Jet Stream in the Northern Hemisphere (Runge ef al.
2019). This is surely due to a deeper mathematical, and mechanistic understanding of physical
phenomena (e.g., Navier-Stokes equation in describing fluid dynamics) compared to biological
systems. But for ecology, these methods are still limited, and with the expanding set of potential
environmental or biological covariates now available in the natural sciences it seems at first
impractical to scale covariate selection in this way— although some automated selection
procedures are improving the accessibility of these methods (Textor et al. 2017). So, the

problem remains, building scalable causal modeling structures in ecology is an ongoing effort.

I will dedicate a final argument about causation in ecology. A substantial challenge has arisen
to the genetic (and genomic) blueprint vision which peaked after the highly publicized draft of
the human genome project in 2001. It is best shown in Phillip Ball’s recent book (Ball, 2024),
which argues that the limited predictability of almost everything in nature (from individuals to
communities) derives from genes as the key explanatory variable. Genes are remarkable
molecular artifacts (palimsests, even; Teasdale et al. 2017), and essential material for
constructing life. But the gap between genes (coding or non-coding) and proteins to traits and
behaviors is fraught, and it is these latter factors which are likely to produce agency (Ball,
2024) and to be selected on evolutionary timescales. The physiological and behavioral
responses of an organism to its environment might imprint itself on genes and inject doubt into
classical views of genes as a one-way causal blueprint (Noble, 2024). This has been something
of a quiet revolution, and it is no Lamarckian-redux, but a refocusing of focal variables for
ecological models. It is a forceful argument for the use of higher-order variables such as
physiological and behavioural processes to approach causation and robust predictability where
it is possible. A realignment away from baseline units represented by genes, genomes, or
individual morphological traits could help bring about a genuine paradigm shift (Kuhn, 1962)

in ecology.
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Unravelling patterns in nature depends on how things occur and change in space and time. As
a discipline, biogeography contains invaluable tools and a rich literature on the spatiotemporal
dynamics of ecological communities, dead or alive. It has been a wellspring for ecological
theory and has been pushed into the modern era of statistical ecology. This dissertation has
aimed to recover biogeographic patterns and predictors on regional and ocean-basin scales,
using fishes as a model group which have been studied scientifically for centuries. Throughout,
I have shown that individual species, and larger communities, have been intricately shaped by
their environments despite tremendous regional variation. As global datasets continue to
amass, biogeography can support us in patching together the mosaic of life on this Ocean

planet, towards understanding its abundant causes and preserving its diversity.

5.1 References

Arif, S., & MacNeil, M. A. (2022). Predictive models aren’t for causal inference. Ecology
Letters, 25(8), 1741-1745. https://doi.org/10.1111/ele.14033

Ball, P. (2024). How Life Works: A User’s Guide to the New Biology, Macmillan. 560
pages.

Briscoe, N. J., Elith, J., Salguero-Gémez, R., Lahoz-Monfort, J. J., Camac, J. S., Giljohann,
K. M., Holden, M. H., Hradsky, B. A., Kearney, M. R., McMahon, S. M., Phillips, B.
L., Regan, T. J., Rhodes, J. R., Vesk, P. A., Wintle, B. A., Yen, J. D. L., & Guillera-
Arroita, G. (2019). Forecasting species range dynamics with process-explicit models:
Matching methods to applications. Ecology Letters, 22(11), 1940—1956.
https://doi.org/10.1111/ele.13348

Cadotte, M. W., & Tucker, C. M. (2017). Should Environmental Filtering be Abandoned?
Trends in Ecology & Evolution, 32(6), 429-437.
https://doi.org/10.1016/j.tree.2017.03.004

Carroll, S. P., Hendry, A. P., Reznick, D. N., & Fox, C. W. (2007). Evolution on ecological
time-scales. Functional Ecology, 21(3), 387-393. https://doi.org/10.1111/j.1365-
2435.2007.01289.x

Kuhn, T. S. (1962). The structure of scientific revolutions. University of Chicago Press. 222
pages.

Lee-Yaw, A. J., L. McCune, J., Pironon, S., & N. Sheth, S. (2022). Species distribution
models rarely predict the biology of real populations. Ecography, 2022(6), e05877.
https://doi.org/10.1111/ecog.05877

Levin, S. A. (1992). The Problem of Pattern and Scale in Ecology: The Robert H. MacArthur
Award Lecture. Ecology, 73(6), 1943—-1967. https://doi.org/10.2307/1941447

97


https://doi.org/10.1111/ele.14033
https://doi.org/10.1111/ele.13348
https://doi.org/10.1016/j.tree.2017.03.004
https://doi.org/10.1111/j.1365-2435.2007.01289.x
https://doi.org/10.1111/j.1365-2435.2007.01289.x
https://doi.org/10.1111/ecog.05877
https://doi.org/10.2307/1941447

Li, F., Ding, P., & Meallj, F. (2023). Bayesian causal inference: A critical review.
Philosophical Transactions of the Royal Society A: Mathematical, Physical and
Engineering Sciences, 381(2247), 20220153. https://doi.org/10.1098/rsta.2022.0153

Lotze, H. K., Tittensor, D. P., Bryndum-Buchholz, A., Eddy, T. D., Cheung, W. W. L.,
Galbraith, E. D., Barange, M., Barrier, N., Bianchi, D., Blanchard, J. L., Bopp, L.,
Biichner, M., Bulman, C. M., Carozza, D. A., Christensen, V., Coll, M., Dunne, J. P.,
Fulton, E. A., Jennings, S., ... Worm, B. (2019). Global ensemble projections reveal
trophic amplification of ocean biomass declines with climate change. Proceedings of
the National Academy of Sciences, 116(26), 12907-12912.
https://doi.org/10.1073/pnas.1900194116

MacColl, A. D. C. (2011). The ecological causes of evolution. Trends in Ecology &
Evolution, 26(10), 514-522. https://doi.org/10.1016/j.tree.2011.06.009

MacNeil, M. A. (2008). Making empirical progress in observational ecology. Environmental
Conservation, 35(3), 193—196. https://doi.org/10.1017/S0376892908004888

Momigliano, P., Jokinen, H., Fraimout, A., Florin, A.-B., Norkko, A., & Merild, J. (2017).
Extraordinarily rapid speciation in a marine fish. Proceedings of the National
Academy of Sciences, 114(23), 6074—6079. https://doi.org/10.1073/pnas.1615109114

Noble, D. (2024). Genes are not the blueprint for life, Nature, 626, 254-255.

Pearl, J. (2009) Causality: models, reasoning and inference, 2nd edition. UK: Cambridge
University Press; Cambridge.

Pearman, P. B., Guisan, A., Broennimann, O., & Randin, C. F. (2008). Niche dynamics in
space and time. Trends in Ecology & Evolution, 23(3), 149-158.
https://doi.org/10.1016/].tree.2007.11.005

Pecuchet, L., Lindegren, M., Hidalgo, M., Delgado, M., Esteban, A., Fock, H. O., Gil De
Sola, L., Punzoén, A., S6lmundsson, J., & Payne, M. R. (2017). From traits to life-
history strategies: Deconstructing fish community composition across European seas.
Global Ecology and Biogeography, 26(7), 812-822.
https://doi.org/10.1111/geb.12587

Runge, J., Bathiany, S., Bollt, E., Camps-Valls, G., Coumou, D., Deyle, E., Glymour, C.,
Kretschmer, M., Mahecha, M. D., Mufioz-Mari, J., Van Nes, E. H., Peters, J., Quax,
R., Reichstein, M., Scheffer, M., Schélkopf, B., Spirtes, P., Sugihara, G., Sun, J., ...
Zscheischler, J. (2019). Inferring causation from time series in Earth system sciences.
Nature Communications, 10(1), 2553. https://doi.org/10.1038/s41467-019-10105-3

Schlégel, U. E., Grimm, V., Blaum, N., Colangeli, P., Dammhahn, M., Eccard, J. A.,
Hausmann, S. L., Herde, A., Hofer, H., Joshi, J., Kramer-Schadt, S., Litwin, M.,
Lozada-Gobilard, S. D., Miiller, M. E. H., Miiller, T., Nathan, R., Petermann, J. S.,
Pirhofer-Walzl, K., Radchuk, V., ... Jeltsch, F. (2020). Movement-mediated
community assembly and coexistence. Biological Reviews, 95(4), 1073—1096.
https://doi.org/10.1111/brv.12600

98


https://doi.org/10.1098/rsta.2022.0153
https://doi.org/10.1073/pnas.1900194116
https://doi.org/10.1016/j.tree.2011.06.009
https://doi.org/10.1017/S0376892908004888
https://doi.org/10.1073/pnas.1615109114
https://doi.org/10.1016/j.tree.2007.11.005
https://doi.org/10.1111/geb.12587
https://doi.org/10.1038/s41467-019-10105-3
https://doi.org/10.1111/brv.12600

Teasdale, M. D., Fiddyment, S., Vnoucek, J., Mattiangeli, V., Speller, C., Binois, A., Carver,
M., Dand, C., Newfield, T. P., Webb, C. C., Bradley, D. G., & Collins, M. J. (2017).
The York Gospels: A 1000-year biological palimpsest. Royal Society Open Science,
4(10), 170988. https://doi.org/10.1098/rsos.170988

Textor, J., Van Der Zander, B., Gilthorpe, M. S., Liskiewicz, M., & Ellison, G. T. H. (2017).
Robust causal inference using directed acyclic graphs: The R package ‘dagitty.’
International Journal of Epidemiology, dyw341. https://doi.org/10.1093/ije/dyw341

Vellend, M. (2010). Conceptual Synthesis in Community Ecology. The Quarterly Review of
Biology, 85(2), 183-206. https://doi.org/10.1086/652373

99


https://doi.org/10.1098/rsos.170988
https://doi.org/10.1093/ije/dyw341
https://doi.org/10.1086/652373

6. Appendix S1: Spatial change of dominant Baltic
Sea demersal fish across two decades

Supplement for Chapter 2.
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Figure 6.1 Trawl biomass densities throughout the 20-year time series as bootstrap means with

95% confidence intervals, colored by yearly quarter and faceted by species.
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Figure 6.2 Biomass densities (kg km-2) are strongly correlated (R = Pearson’s correlation

coefficient) to a conventional catch-per-unit-effort metric based on abundance counts. Trawls

are colored by gear type and faceted by species.
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Figure 6.3 Swept area (km2) representing total covered area during trawl is strongly correlated

(R = Pearson’s correlation coefficient) to haul duration (summed by station by year). Trawls
are colored by gear type and faceted by quarter.
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Figure 6.4 Swept area (km2) representing total covered area is distributed across depths,

illustrating the partial separation of smaller TVS gear types in more shallow environments in

the western Baltic Sea, and the larger TVL gear types used elsewhere in deeper regions. Trawls

are colored by gear type and faceted by quarters.
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Figure 6.5 Door-based swept area (km2) corresponding to an estimate of trawl effort described
in Berg et al. (2019). Interpolated (0.2° x 0.2°) by inverse distance weighting constrained by
maximum distance of 50 km and an inverse distance power (idp = 2) prioritizing nearby points.

Swept area was relatively stable throughout the 20-year time series.

Table 6.1 Diagnostic checks for each model version (I, II, II) including the allowed degrees
of freedom set by basis function number (k), the effective degrees of freedom (EDF) used for
each term, and a p-value estimate based on the simulation in the gam.check function in mgcv
(Wood, 2017). Significant p-values (<0.05) suggest potentially inadequate basis function
number for an individual smoother and motivated further checks of model residuals in Figures

6.8-6.9.

Smooth terms  # of basis functions (k) EDF F-statistic p-value

Model-I
ti(lon, lat, year)
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Figure 6.6 Diagnostic appraisal of HGAM version-III simulating QQ plots including normal
standard errors, comparing the residuals to linear predictor where the zeros are the lower bound
of deviance in the residuals, and finally a histogram of the HGAM residuals. An additional
diagnostic plot comparing the response variable versus fitted values is shown below in Figure

6.7 including species-specific differences across 10-fold cross validation.
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Figure 6.7 HGAM version-III model concurvity for smooth terms (Simpson, 2018), where a
value of 1 indicates complete non identifiability (analogous to maximal collinearity). No
consensus threshold exists for excluding terms based on concurvity, but we note that all values

for all models are beneath 0.8 (e.g., Leonardi et al. 2022).
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Figure 6.8 Model residuals (HGAM version-III) plotted geographically (Longitude versus

Latitude) and by year, with residual magnitude filling point color. No clear model residual

patterns against space or time are evident.
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Figure 6.9 Model residuals (HGAM version-III) plotted against environmental covariates and
by year. The red dotted line is set at zero (y = 0) and altogether no dependencies between model

residuals and abiotic covariates are apparent.
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Figure 6.10 Diagnostic appraisal of HGAM version-III for predictive performance in 10-fold

cross validation, comparing observed versus fitted biomass on the natural log scale. Points and

linear corrections are colored by k-fold, with Pearson’s correlation coefficient (R) recorded in

each panel for each k-fold. The 9th fold model run failed to converge and was excluded. The

solid black line represents a perfect linear relationship for comparison. The average linear

correlations (with standard deviations) represent our measure of discrimination recorded in

Table 6.2. The two additional measures, precision and accuracy, also derive from these

diagnostics with point cloud dispersion capturing precision and the absolute error in prediction

values capturing accuracy (Table 6.2).
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Table 6.2 HGAM performance by species group and model version (I, II, IIT) against regression
metrics for predictive performance (discrimination, precision, accuracy) and parsimony (AIC).
The optimal regression metric values (Oy) are as follows: Discrimination (Oy=1), Precision

(Ov=1), Accuracy (Oy=0).

Model Group Discriminatio Precision Accuracy Deviance AlIC
n (Dispersion) (MAE) explained
(Correlation)
Version-I Dab 0.83+0.016 0.75+0.042 0.23+0.015 61.0% 54218
(Geographic)
Flounder 0.52+0.03 0.31+£0.019 0.70+£0.02
Plaice 0.68 £0.028 0.53+0.064 0.30+0.012
(Juvenile)  0.56+0.022 0.41+0.029 0.88 £0.022
Cod
0.68 +£0.016
(Adult) 0.49+£0.027 0.85+0.024
Cod
Version-II Dab 0.86+£0.011 0.81+£0.049 0.20+0.014 62.1% 53107
(+ Abiotic)
Flounder  0.59+0.021 0.48+0.031 0.65+0.013
Plaice 0.71£0.028 0.60+0.041 0.28+0.010
(Juvenile) 0.70+0.017  0.59+0.030  0.75 £ 0.025
Cod
(Adult) 0.70+£0.013 0.56+0.018 0.78+0.019
Cod
Version-III Dab 0.87+0.013 0.83+£0.056 0.20+0.010 65.2% 50211
(+ Seasonal
Abiotic) Flounder  0.68 +0.026 0.67+0.015 0.56 +0.013
Plaice 0.74+£0.013 0.63+0.055 0.28+0.013
(Juvenile) 0.73+0.0224 0.62+0.035 0.74 £0.024
Cod
0.72+0.019 0.61+£0.032 0.78+0.021
(Adult)
Cod
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Figure 6.11 Common dab (Limanda limanda) spatiotemporal partial dependence (2-d smooth;

Simpson, 2018) for tensor smooth product (te(lon, lat, year, by = species)) in HGAM version-

III. The 2-D smooth maps are cropped by the 0.5° buffer polygon to avoid extrapolation into

unsampled areas.
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Figure 6.12 European flounder (Platichthys flesus) spatiotemporal partial dependence (2-d
smooth; Simpson, 2018) for tensor smooth product (te(lon, lat, year, by = species)) in HGAM
version-III. The 2-D smooth maps are cropped by the 0.5° buffer polygon to avoid

extrapolation into unsampled areas.
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Figure 6.13 European plaice (Pleuronectes platessa) spatiotemporal partial dependence (2-d
smooth; Simpson, 2018) for tensor smooth product (te(lon, lat, year, by = species)) in HGAM
version-III. The 2-D smooth maps are cropped by the 0.5° buffer polygon to avoid

extrapolation into unsampled areas.
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Figure 6.14 Juvenile Atlantic cod (Gadus morhua, <35 cm) spatiotemporal partial dependence

Partial effect

w.

10

(2-d smooth; Simpson, 2018) for tensor smooth product (te(lon, lat, year, by = species)) in

HGAM version-III. The 2-D smooth maps are cropped by the 0.5° buffer polygon to avoid

extrapolation into unsampled areas.
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Figure 6.15 Adult Atlantic cod (Gadus morhua, >35 cm) spatiotemporal partial dependence
(2-d smooth; Simpson, 2018) for tensor smooth product (te(lon, lat, year, by = species)) in
HGAM version-III. The 2-D smooth maps are cropped by the 0.5° buffer polygon to avoid

extrapolation into unsampled areas.
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Figure 6.16 Spatiotemporal partial dependence (2-d smooth; Simpson, 2018) for tensor smooth
product (te(depth, year, by = species)) in HGAM version-I. Depth is measured in metres. This
term was simplified to s(depth, species) in subsequent model versions (II and III) to avoid high
concurvity and did not impact model predictive performance or abiotic partial dependence
curves. The greyed-out corner at deeper depths (110-125 m) from 2001-2002 inclusively
represents a distance (default dist = 0.01) constraint in the smooth estimation to avoid spurious

extrapolation.
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Figure 6.17 Spatiotemporal partial dependence (Simpson, 2018) for factor smooths of depth
and abiotic covariates in HGAM version-II, ignoring seasonality. This model version
outperformed the geographic-only model (HGAM version-I) but was inferior to HGAM
version-III (seasonal covariates) based on predictive performance and AIC. 95% confidence
intervals are shown for each species partial effect, and x-axis rugs mark the observed data

coverage on the x-axis for each covariate.
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Figure 6.18 Common dab (Limanda limanda) biomass predictions for HGAM version-III,

expressed as log(kg km2), for the full time series (2001-2020).
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Figure 6.19 European flounder (Platichthys flesus) biomass predictions HGAM version-III,

expressed as log(kg km2), for the full time series (2001-2020).
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Figure 6.20 European plaice (Pleuronectes platessa) biomass predictions HGAM version-III,

expressed as log(kg km), for the full time series (2001-2020).
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Figure 6.21 Juvenile Atlantic cod (Gadus morhua) biomass predictions HGAM version-III,
expressed as log(kg km2), for the full time series (2001-2020).

124



59°N { =3

58°N{ %
57°N A ({".
56°N o L&
55°N 4 &
54°N o

s50°N {73 ) o
seNq Predicted log(kg km™)
57°Nq({".
56°N 4 L& 10.0
55°N 4 &
54°N
7.5
s9°N {3 5.0
seeNd %
57°Nq({". 2.5
56°N 4 >

55°N
54°N o

2006 || 2017 |[ 2018
5N {7y — " —3 "y .
seoNd % L
st [ [ P B ¢ N
s % R
54°N 4 %»\?’ M/‘f (g ~ b’ N yo X

R AT DI AT A DN AIRI A CHDAIRE AT IIAIRAA I AN AS

Figure 6.22 Adult Atlantic cod (Gadus morhua) biomass predictions HGAM version-III,
expressed as log(kg km), for the full time series (2001-2020).
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7. Appendix S2: ODMAP Protocol following Zurrel
et al. (2020): Spatial change of dominant Baltic Sea
demersal fish across two decades

Supplement for Chapter 2.

126



Overview
Authorship
Contact: Imacneil@geomar.de

Model Objective
Mapping and interpolation
Target output: Spatially continuous biomass density (kg km).

Focal Taxa
Atlantic Cod (Gadus morhua), European Plaice (Pleuronectes platessa), European Flounder
(Platichthys flesus), Common Dab (Limanda limanda).

Location
Baltic Sea (marginal sea in the northeast Atlantic Ocean) including Kattegat, Qresund,
western Baltic Sea, and Baltic proper (ICES subdivisions 21-29).

Scale of Analysis
Spatial extent (lon/lat): 9.420922, 22.51811, 53.91644, 59.23877 (xmin, Xmax, ymin, ymax)

Spatial resolution:
1. Approximately 2 nautical miles

a. Delta Longitude: 3* 20” or 0.05556 degrees.
b. Delta Latitude: 2’ or 0.03333 degrees.

Temporal extent: 2001-2020

Temporal resolution: Yearly, biannual
1. QI (Feb-Mar), 2001-2020
2. Q4 (Oct-Nov), 2001-2020

Boundary: Polygon, ICES subdivisions 21-29
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Biodiversity Data
Observation Type: Fisheries-independent demersal trawl survey (DATRAS-BITS).

Response Data Type: Catch weight (biomass) density (kg km2).

Predictors
Types: Geographic, temporal, oceanographic.

Hypothesis

Raw occurrence data are unable to distinguish correlates to a species' realized niche, where a
species achieves positive growth rates and contributes more to ecological functioning. To
predict quantitative patterns in demersal fish in the Baltic Sea, seasonally-resolved covariates
provide the best predictive quality to approximate a species' realized niche.

Model assumptions:
1. No systematic observation bias.
2. Independence of species observations.
3. Availability of all important predictors; key explanatory variables are available and
incorporated in the model.
4. Predictors are free of error.
5. Niche stability/constancy, niche conservatism.

Algorithms
Modelling techniques: Three versions of Hierarchical Generalized Additive Models
(HGAMs) allowing species-level variation to geographic and seasonal abiotic predictors.

Model complexity: Our multi-model approach included an incremental gain in model
complexity from simpler geographic-only HGAMs (lon, lat, depth, year) to geographic plus
abiotic covariates, and finally including seasonal abiotic covariates. Each model used a zero-
inflated distribution assumption (Tweedie) and models were compared using AIC values to
identify model parsimony ranks.

Model averaging: Model evaluation metrics (discrimination, precision, and accuracy;
Waldock et al. 2022) are based on average achieved scores in k-fold cross validation. Final
predictions are visualized as the difference between average species-specific biomass in the
last five years (2016-2020) and the first five years (2001-2005) of the BITS survey. During
the revision process, we also compared biomass differences between the first (2001-2010)
and last (2011-2020) decades alongside a median rate of change per grid cell (kg km? yr!).
All patterns are calculated within a 0.5° gridcell.

Workflow

Modelling: Trained HGAMs based on biomass density, analogous to Species Abundance
Models (SAMs; e.g, Waldock et al. 2022; Chardon et al. 2022), for each demersal fish
species hierarchically across the Baltic Sea region (Kattegat, Oresund, western Baltic Sea,
Baltic proper). Each model contained a spatiotemporal geographic term to limit
autocorrelation and included varying degrees of species-level variation through shared or
independent smoothing penalties following Pedersen et al. (2019). Each model was evaluated
across random k-folds (k = 10). Final predictions for mapping incorporated all observations
(Step 5, option 1 in Roberts ef al. 2017), favoring prediction quality over error estimation
although we expect reasonable error estimates from cross validation.
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Software

R versions 4.2.1 (R Core Team, 2022); packages ‘stats’ (R Core Team, 2022), ‘raster’
(*Hijmans et al. 2022), ‘terra’ ("Hijmans et al. 2022), ‘tidyverse’ (Wickham et al. 2019),
‘mgev’ (Wood, 2023), ‘oce’ (Kelley, 2018), ‘sf” (Pebesma, 2018), ‘gratia’ (Simpson, 2018)
Code availability: https://github.com/LiamMacNeil/Balt Demersal SDMs

Data availability:
1. DATRAS-BITS (Baltic International Trawl Survey) exchange data and swept-area
assessment
(https://datras.ices.dk/data_products/download/download data public.aspx).
2. Copernicus marine service environmental layers
a. Baltic Sea Physics Reanalysis | Copernicus Marine MyOcean Viewer.
b. Baltic Sea Biogeochemistry Reanalysis | Copernicus Marine MyOcean
Viewer.

Data

Biodiversity data
Taxon names: Atlantic Cod (Gadus morhua), Common Dab (Limanda limanda), European
Flounder (Platichthys flesus), European Plaice (Pleuronectes platessa).

Taxonomic reference system: Linnean
Ecological level: Species

Data sources: Fisheries-independent demersal trawl survey (Baltic International Trawl
Survey; BITS), routinely collected with standardized gears during Q1 (Feb-Mar) and Q4
(Oct-Nov) spanning 2001-2020.

Sampling design: Coordinated international demersal trawls (BITS) following ICES (2017)
using standardized gears (TVL 930 meshes, TVS 520 meshes) at randomly stratified stations
based on ICES subdivisions. Sampling design is described in more detail within ICES (2017).

Sample Size: A total of 8991 individual trawls are included.

Regional mask: All data are clipped to a boundary region of ICES subdivisions 21-29 and
covariates further masked by a buffer polygon 0.5° within the radius of trawl observations.

Scaling: Trawl observations were spatially thinned to the resolution of environmental
predictors (~2 nautical miles) for each species, during each modelling time window, to
reduce the spatial autocorrelation from repeated observations.

Data cleaning/filtering:

1. Observations from DATRAS-BITS exchange data and swept area assessments were
removed that did not report (1) lon/lat, (2) station number, (3) catch weight
(CatCatchWgt), (4) species length class (LngtClass), or (5) door-based swept area
(SweptAreaDSKM?2; Berg et al. 2019).
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2. Only trawls designated by DATRAS-BITS as “Valid”, “Additional”, or “Calibration”

are considered.

Trawls durations below 15 minutes and longer than 90 minutes were excluded.

4. Only observations produced from two standard gear types (TVL 930 meshes, TVS
520 meshes) were included.

5. DATRAS-BITS were trimmed to within 2001-2020, inclusively. The year 2001
represents the time of implementation of standard gear types and the year 2020
represents the final year available for swept area assessments (Berg ef al. 2019).

(98]

Background data: Zeros were imputed for all trawls where our focal species were not
recorded, totalling ~22% in frequency.

Errors and biases:

1. Coastal regions (e.g., <20 m depth) are poorly covered by the DATRAS-BITS
survey, thus we expect poorer prediction accuracy in these areas, otherwise major
basins throughout the Baltic Sea (western Baltic Sea, Arkona Basin, eastern
Bornholm Basin, and eastern Gotland Basin) are richly covered.

2. Miisidentification is expected to be low, given all four species are common focal taxa
for demersal surveys. Flounder is a possible exception, because a new Baltic species
was only recently demarcated (Momigliano ef al. 2018), which potentially affected
taxonomic identification afterwards in the most northern extent of our study area
(Gulf of Riga, and northern Baltic proper) where this species occurs.

3. Data gaps (missing and outliers) for calculating swept area (km?; estimate of effort)
do exist and are caused predominantly by the lack of gear geometry sensors during
deployment (Berg et al. 2019). The richest data availability, supporting the most
reliable swept area estimates, are provided by Germany, Denmark, and Sweden
covering ICES subdivisions 22-26 (western Baltic Sea, Oresund, Arkona Basin,
eastern Bornholm Basin). Errors outside these regions (ICES subdivisions 27-29;
Baltic proper) are possibly affected by unreliable estimates (AS7).

Data partitioning
Training data: Randomized 10-fold cross validation where k-1 folds are iteratively used for
model training.

Validation/Test data: Performance is assessed for each model on withheld k-fold.

Predictor variables
Predictor variables:
1. Physics Reanalysis
a. Sea water potential temperature at sea floor (bottomT).
b. Sea water salinity at sea floor (Sb).

2. Biogeochemistry Reanalysis
a. Mole concentration of dissolved molecular oxygen in sea water at sea floor
(O2b).

Data sources:
Copernicus marine service oceanographic layers
c. Baltic Sea Physics Reanalysis | Copernicus Marine MyOcean Viewer.
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d. Baltic Sea Biogeochemistry Reanalysis | Copernicus Marine MyQOcean
Viewer.

Spatial extent (lon/lat): 9.420922, 22.51811, 53.91644, 59.23877 (xmin, xmax, ymin,
ymax)

Spatial resolution:
1. Approximately 2 nautical miles
a. Delta Longitude: 3° 20” or 0.05556 degrees
b. Delta Latitude: 2’ or 0.03333 degrees

Temporal extent: 2001-2020

Temporal resolution: Yearly, biannual
1. QI (Feb-Mar), 2001-2020
2. Q4 (Oct-Dec), 2001-2020

Coordinate reference system: longlat; EPSG:4326

Data processing: We extracted monthly values for every oceanographic variable and
created weighted averages (weighted by observation frequency) for each quarter of each
year.

Errors and biases: No outstanding errors or biases are expected from data processing.

1. For each reanalysis file (numerical model), a quality information document indicates
the following patterns in environmental layers:
a. Bottom oxygen displayed relatively high root-mean-square deviation from
observed values in the southern Baltic proper.

Dimension reduction: NA
Model

Variable pre-selection

Variable pre-selection: We focused on bottom-associated variables to pre-select variables
which shape environments most often occupied by these demersal fish. Further, we pre-
selected core variables (temperature, salinity, oxygen) which have been previously
described and attributed to impact Baltic demersal niches (e.g., Rau et al. 2012; Smolinski
and Radtke, 2017; Orio et al. 2019; Brander, 2022).

Multicollinearity

Multicollinearity: We assessed variable concurvity— a generalization of collinearity— for
each model and found no variable exceeded 0.8. No absolute threshold exists to exclude
variables based on concurvity, but GAMs are strongly robust to biases due to concurvity
(Wood, 2008).

Model settings
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GAM: All HGAMs were built in the ham function in mgcv; all versions shared a Tweedie
distribution assumption with a log-link function, plus discretized covariates and fast
restricted maximum likelihood (fREML) for efficient computation. Parsimonious model
configurations were determined by null space penalization. Variable smoothers were
constructed for geographic and abiotic covariates using tensor smooth products for
interactions (lon x lat x year; depth x year) species-level variation was incorporated using
species-specific smoothing penalties (by = species) in HGAM-II for depth and abiotic
covariates. For HGAM version-III (seasonal abiotic covariates), species-level variation was
permitted to vary independently across seasons using factor smooths (bs ="fs”). Random
intercepts were also included across model versions without factor smooths (HGAM-I,
HGAM-II) through random effect smoothers (bs = “re”’). For model versions-II (geography
+ abiotic covariates) and -III (geography + seasonal abiotic covariates), we penalized the
square second derivative (m = 2) of group-level smoothers to limit excessive curvature
(Pedersen et al. 2019). To address temporal autocorrelation in model residuals, we added an
ART1 autoregressive process based on the observed lag using the rho parameter in the bam
function.

Model estimates
Coefficients: Coefficient estimates for GAMs

Parameter uncertainty: Coefficient variation within cross-validation.
Variable importance: NA

Model selection

GAM: Automatic regularization with ‘null space penalization’
(https://www.rdocumentation.org/packages/mgcv/versions/1.8-42/topics/step.gam), which
penalizes each smoothing term and effectively removes the predictor from model
predictions if the smoothing term tends toward zero.

Model ensembles: NA
Analysis and Correction of non-independence
Spatial autocorrelation: A spatiotemporal model term, varying independently by species,

was included in each model to incorporate spatiotemporal dependencies in the data.

Nested data: All trawl data were thinned to covariate grid level. Hierarchical groupings
including species- and seasonal-level (quarter) variation.

Assessment

Performance statistics
Metrics have been chosen from review in Waldock et al. (2022)

Performance on training data: Pearson’s correlation coefficient (Discrimination), Mean
Absolute Error (MAE; Accuracy), dispersion (Gest / Gobs)*.

4 Variance of estimated (oest) and observed (oobs) biomass density
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Performance on validation data: Pearson’s correlation coefficient (Discrimination), Mean
Absolute Error (MAE; Accuracy), dispersion (Gest / Gobs).

Performance on test data: Pearson’s correlation coefficient (Discrimination), Mean
Absolute Error (MAE; Accuracy), dispersion (Gest / Gobs).

Plausibility check
Response shapes: Partial response curves (Simpson, 2018).

Prediction

Prediction output
Prediction unit: Species-level catch weight (biomass) density (kg km™).

Post-processing: No post-prediction calibration was applied (sensu Dormann, 2020) as we
do not use conventional classification-based species distribution models with a probabilistic
interpretation.

Uncertainty quantification

Algorithmic uncertainty: Random cross-validation (k = 10) within training-test set splits
where model performance metrics are the averages (+ 95 and 5% quantiles).
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8. Supplement: Network-based bioregionalization of
demersal fish in continental shelf seas

Supplement for Chapter 3.
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Table 8.1 Overview of the scientific bottom trawl surveys from Maureaud et al. (2024)

including their associated acronyms shown in Figure 8.1, the quarters sampled, and the

geographic region targeted.

Survey Acronym  Quarter Region
West coast triannual trawl survey WCTRI 2,4 Pacific northwest
(USA/Canada)
West coast annual trawl survey WCANN 2,34 Pacific northwest
(USA/Canada)
Scotland west coast international bottom  SWC-IBTS 1,4 Scottish west coast
trawl survey
Spanish Porcupine bank trawl survey SP-PORC 3,4 Porcupine Bank (Irish
Shelf)
Spanish north trawl survey SP-NORTH 3,4 Northern Spanish coast
SP-ARSA SP-ARSA 1,4 Gulf of Cadiz (Spain)
Southeast United States trawl survey SEUS 2,3,4 Southeast United States
Scotian shelf trawl survey SCS 1,2,3 Scotian Shelf (Canada)
Rockall plateau survey ROCKALL 3 Rockall Plateau
(European shelf)
Portuguese international bottom trawl PT-IBTS 4 West Portuguese coast
survey
North Sea international bottom trawl NS-IBTS 1,3 North Sea, Skagerrak
survey
Norwegian international bottom trawl NOR-IBTS 3.4 Norwegian Seas
survey
Northern Ireland groundfish survey NIGFS 1 Irish Sea
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Northeast United States trawls survey NEUS
Ireland international groundfish survey IE-IGFS
Gulf of St. Lawrence south trawl survey GSL-S
Gulf of St. Lawrence north trawl survey GSL-N

Gulf of Alaska trawl survey GOA
Gulf of Mexico trawl survey GMEX

France coordinated groundfish survey FR-CGFS

EVHOE trawl survey EVHOE

East Bering Sea trawl survey EBS

Department of Fisheries and Oceans west DFO-WCVI
coast Vancouver Island survey

Department of Fisheries and Oceans west DFO-WCHG
coast Haida Gwaii survey

Department of Fisheries and Oceans west ~ DFO-SoG
coast Strait of Georgia survey

Department of Fisheries and Oceans west ~ DFO-QCS
coast Queen Charlotte Sound survey

Department of Fisheries and Oceans west DFO-HS
coast Hecate Strait survey

Baltic international trawl survey BITS
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Figure 8.1 Gantt chart for number of trawls per survey across total years available. Here the
vertical dashed lines bound the years included in our study (1999-2020). The majority of
surveys had already begun (17/29) in 1999.
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Figure 8.2 Searching across the resolution parameter— defining a minimum density threshold
for clusters to be defined— in the Leiden clustering algorithm (Traag et al. 2019). The vertical
dashed line indicates the value used as it was the minimum value to reproduce the North Sea-
Baltic Sea divide where the salinity gradient powerfully filters the fish community (Pecuchet
et al. 2016)— a larger resolution parameter threshold produced a patchwork of clusters without
spatial continuity. This plot displays the number of network clusters identified at 200 km
resolution and rarefied less restrictively (nisw, 200km = 124), however the results were effectively
identical at 100 km resolution (niswq, 100 km = 92) and at more restrictive rarefaction depths

(nmedian, 100 km = 194, nmedian, 200 km — 337).
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Table 8.2 The overview of bipartite network clustering scales at spatial resolution and

rarefaction depth to which each grid cell is randomly sampled. Network modularity scores were

measured in igraph (Csardi & Nepusz 2006); network modularity indicates how strongly

modular and connected the proposed community partitions appear, with values closer to one

representing total modularity and distinctiveness, and values closer to zero showing more

diffuse and less strongly connected clusters.

Algorithm Nodes Resolution Rarefaction Modularity
Leiden Weighted 100 km Ist Quartile 0.60
Leiden Weighted 100 km Median 0.59
Leiden Weighted 200 km Ist Quartile 0.61
Leiden Weighted 200 km Median 0.59
Leiden Unweighted 200 km NA 0.58

Infomap Weighted 100 km Ist Quartile 0.60
Infomap Weighted 100 km Median 0.60
Infomap Weighted 200 km Ist Quartile 0.62
Infomap Weighted 200 km Median 0.58
Infomap Unweighted 200 km NA 0.63
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Figure 8.3 A statistical comparison of the Leiden (Traag et al. 2019) and infomap (Rosvall &
Bergstrom 2008) algorithms using the robin package (Policastro et al. 2021). This comparison
was made at 200 km grid cell resolution and with the less restrictive rarefaction (nis«q, 200 km =
124), using a weighted network for clustering. The left panel displays a variation of information
(VD) indicator (Meila 2007) across 5% sequential increases in network perturbations using a
degree preserving randomization of network edges, showing less information loss and greater
stability in partitions from the Leiden algorithm. The left panel displays the statistical
significance of VI values between algorithms at perturbation values including adjusted p-
values for the multiple comparisons generated during basis expansions (Pini & Vantini 2016).
By perturbing the original network, less information is lost with the Leiden algorithm

partitions, which is significantly outperforming the infomap algorithm after 5% perturbation.
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Figure 8.4 Bioregionalization based on non-rarefied data points using an unweighted Leiden
algorithm at 100 km (A-C) and 200 km (D-F) shown underneath ecoregions (Spalding et al.
2007). B, E) The bipartite networks (site X species) are colored by delineated bioregions,
showing strong geographic clustering with the denser network structure. The unweighted
bioregionalization approach largely reproduces the patterns in the weighted approach but
misses the Baltic Sea—North Sea divide at finer spatial resolution (A). Such a divide is
illustrated by the participation coefficient (PC; equation 1) maps (C, F) that visualize the degree

of shared species between bioregions, illustrating potential transition zones at high PC values.

143



Partcipation
Coefficient
0.8
0.7
0.6
0.5
0.4

100 km

Partcipation
Coefficient
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0

200 km

Figure 8.5 Bioregionalization based on less restrictively rarefied data points (nistq, 100 km = 92;
nistQ, 200 km = 124) at 100 km (A-C) and 200 km (D-F) grid cell resolutions using a weighted
infomap algorithm based on the map equation (Rosvall & Bergstrom 2008) shown underneath
ecoregions (A and D; Spalding et al. 2007). B, E) The bipartite networks (site X species) are
colored by delineated bioregions, showing strong geographic clustering with the dense network
structure. The weighted bioregionalization approach largely reproduces the patterns in the
Leiden algorithm at 200 km spatial resolution (Figure 2) but it aggregates the European shelf
and splits the Gulf of Mexico near the Mississippi River delta despite relatively low
participation coefficient (PC) values; however we note that the Southeast US Shelf on the
Atlantic coast (Florida to North Carolina at Cape Hatteras) is grouped together with the western
Gulf of Mexico. At finer, 100 km spatial resolution, the patterns are similar to coarser 200 km
resolution while missing the North Sea—Baltic Sea divide; the Norwegian/Barents Seas data

were excluded during rarefaction. C, F) The participation coefficient (PC; equation 1)
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visualizing the degree of shared species nodes between bioregions; potential transition zones

occur at high PC values.
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Figure 8.6 Bioregionalization based on non-rarefied data points at 100 km (A-C) and 200 km
(D-F) grid cell resolutions using an unweighted infomap algorithm based on the map equation
(Rosvall & Bergstrom 2008) shown underneath ecoregions (A and D; Spalding et al. 2007). B,
E) The bipartite networks (site x species) colored by delineated bioregions show geographic
clustering with the dense network structure, but with smaller apparent bioregions and the
absorption of the entire Pacific coast as a single bioregion. The unweighted bioregionalization
approach reproduces the broad differences between regions found in the Leiden algorithm
(Figure 2) but aggregates the European shelf, splits the northeast Atlantic shelves into smaller
local bioregions at coarser spatial resolutions, and misses the Baltic Sea—North Sea divide. C,
F) The participation coefficient (PC; equation 1) visualizing the degree of shared species nodes

between bioregions; potential transition zones occur at high PC values.

146

Partcipation
Coefficient

Partcipation
Coefficient



400 A

300 A
> Method
§ 200 - Shuffled
g Swapped
L Vaznull

100 -

O -
0.0 0.2 0.4 0.6
Modularity

Figure 8.7 Observed modularity values from Leiden clustering (nisq, 200 km = 124) of bioregions
(vertical red line) lies far beyond the distribution of modularity values from Leiden clustering
(Traag et al. 2019) of null models across shuffled, swapped, and vaznull algorithms (Vazquez

et al. 2007; Dormann et al. 2008).
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Figure 8.8 Polygonized bioregions using the Leiden algorithm (niswq, 200 km = 124) to calculate
total area (reported in Table 3.1). The absolute values are expected to change at finer

resolutions (e.g., 100 km grid cells) and with different rarefaction depths.
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Figure 8.9 Taxonomic richness at (left) 100 km grid cell resolution and (right) 200 km grid cell
resolution. Calculations were made in the EcoPhyloMapper (epm) R package (Title et al.
2022).
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Figure 8.10 Turnover rates of phylogenetic lineages based on Rabosky et al. (2018) phylogeny
of ray-finned fishes. Turnover was calculated in the EcoPhyloMapper (epm) R package (Title
et al. 2022) using a moving focal window (left) 250 and (right) 500 km radius search to
calculate multi-site dissimilarity at 200 km resolution (Baselga 2013). The 250 km search
radius spans a median of 4 grid cells and 1-6 grid grid cells overall. The 500 km search radius
spans a median of 10 grid cells and 3-18 grid grid cells overall. The smaller, more local search
window illustrates finer grained patterns in lineage turnover rates; however, the broader search
radius illustrates greater turnover rates in the northern Pacific (Gulf of Alaska), Pacific
Northwest (Oregon, Washington, and Vancouver Shelf), eastern Gulf of Mexico, the (sub-
)Arctic Atlantic region in the Gulf of St. Lawrence, and in the Baltic Sea. We note however
that only 75% (859/1144) of species in the trawl record matched phylogenetic branch tips

despite taxonomic harmonization in Maureaud et al. (2024).
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Figure 8.11 The phylogenetic coverage across the ray-finned fishes (Rabosky et al. 2018)
shown as points for our proposed demersal fish bioregions. The phylogenetic tree branch tips
are colored by taxonomic order. We also report the most common taxonomic orders per

bioregion below in Table 8.3.
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Table 8.3 The top five taxonomic orders in each bioregion, including their individual

proportion and the summed proportion of each order.

Bioregion Order Species Summed
Proportion Proportion
Temperate Pacific Pleuronectiformes 36% 89%
Perciformes 34%
Gadiformes 11%
Chimaeriformes 6%
Squaliformes 3%
Northern Pacific Pleuronectiformes 48% 99%
Perciformes 26%
Gadiformes 22%
Osmeriformes 4%
Salmoniformes <1%
Southeast US Shelf Eupercaria incertae 29% 72%
sedis
14%
Perciformes
13%
Pleuronectiformes
8%
Scombriformes
7%
Carangiformes
Northeast Atlantic Gadiformes 30% 85%
Shelf
Pleuronectiformes 22%
Perciformes 18%
Clupeiformes 11%
Squaliformes 5%
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(Sub-)Arctic Perciformes 29% 96%
Atlantic
Pleuronectiformes 29%
Gadiformes 27%
Osmeriformes 6%
Clupeiformes 5%
Outer European Gadiformes 36% 81%
Shelf
Pleuronectiformes 21%
Perciformes 13%
Carcharhiniformes 6%
Acanthuriformes 4%
North & Celtic Seas Pleuronectiformes 33% 90%
Gadiformes 32%
Perciformes 16%
Clupeiformes 6%
Callionymiformes 4%
Baltic Sea Pleuronectiformes 41% 98%
Gadiformes 29%
Clupeiformes 17%
Perciformes 12%
Mulliformes <1%
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9. Supplemental S1: Trait convergence appears
widespread in marine demersal fishes

Supplement for Chapter 4.

Supplement S2 can be found as a Markdown .pdf in Zenodo:
https://doi.org/10.5281/zenodo.14989962
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FISHGLOB data are pretreated to harmonize and validate taxonomic names against the World

Register of Marine Species (WoRMs, 2025), plus all observations are matched with trawl-level

information and units are standardized (Maureaud et al. 2024). We include the spatiotemporal

filter from Maureaud et al. (2024) to remove rare trawls from 23,320 km? grid cells intersecting

trawl data (2% threshold), this trimmed 4% of observations and 1% of species.

Table 9.1 Scientific bottom trawl surveys from Maureaud et al. (2024) including their

associated acronyms shown in Figure 9.1, the quarters sampled, and the geographic region

targeted.

Survey Acronym  Quarter Region
West coast triannual trawl survey WCTRI 2,4 Pacific northwest
(USA/Canada)
West coast annual trawl survey WCANN 2,3,4 Pacific northwest
(USA/Canada)
Scotland west coast international bottom  SWC-IBTS 1,4 Scottish west coast
trawl survey
Spanish Porcupine bank trawl survey SP-PORC 3,4 Porcupine Bank (Irish
Shelf)
Spanish north trawl survey SP-NORTH 3,4 Northern Spanish coast
SP-ARSA SP-ARSA 1,4 Gulf of Cadiz (Spain)
Southeast United States trawl survey SEUS 2,3,4  Southeast United States
Scotian shelf trawl survey SCS 1,2,3  Scotian Shelf (Canada)
Rockall plateau survey ROCKALL 3 Rockall Plateau
(European shelf)
Portuguese international bottom trawl PT-IBTS 4 West Portuguese coast

survey
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North Sea international bottom trawl NS-IBTS
survey

Norwegian international bottom trawl NOR-IBTS

survey
Northern Ireland groundfish survey NIGFS
Northeast United States trawls survey NEUS
Ireland international groundfish survey IE-IGFS
Gulf of St. Lawrence south trawl survey GSL-S
Gulf of St. Lawrence north trawl survey GSL-N
Gulf of Alaska trawl survey GOA
Gulf of Mexico trawl survey GMEX

France coordinated groundfish survey FR-CGFS

EVHOE trawl survey EVHOE

East Bering Sea trawl survey EBS

Department of Fisheries and Oceans west DFO-WCVI
coast Vancouver Island survey

Department of Fisheries and Oceans west DFO-WCHG
coast Haida Gwaii survey

Department of Fisheries and Oceans west ~ DFO-SoG
coast Strait of Georgia survey
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Department of Fisheries and Oceans west ~ DFO-QCS
coast Queen Charlotte Sound survey

Department of Fisheries and Oceans west DFO-HS
coast Hecate Strait survey

Baltic international trawl survey BITS

Aleutian Islands trawl survey Al
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Pacific northwest
(Canada)
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(Canada)

Baltic Sea
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Figure 9.1 Gantt chart for number of trawls per survey across total years available. Here the

vertical dashed lines bound the years included in our study (1999-2020). The majority of
surveys had already begun (17/29) in 1999.
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(Spalding et al. 2007) spatial resolutions. The relatively high sample intensity (1999-2021)

occurs in several areas, including the Pacific northwest at the Canada/USA border, the
northwest Atlantic especially north of Cape Hatteras, and in Europe across the Celtic, North,

and Baltic Seas.

Table 9.2 The summary statistics of trawls per spatial resolution used for calculating trait

centroids to compare against the global pool.

Resolution 1% Quartile Median
100 km? 90 187
200 km? 133 357

Ecoregions 1558 5410
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Figure 9.3 Eight fish traits used from Beukhof et al. (2019), and imputed missing data (22%)

from Thorsen et al. (2023), as proportions of all taxa from all trawls. We note that lifespan is

excluded for trait space analysis due to high collinearity with age at maturity (R = 0.65) and

similar loadings on the first axis of a principal component analysis.
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Figure 9.4 Covariates for comparing and modelling relationships to trait dissimilarities
visualized across Large Marine Ecosystem where possible (all except H). Panels A—F represent
environmental covariates (Assis et al. 2024) combined into broad environmental dissimilarity
values including A) depth, B) mean bottom temperature, C) annual bottom range, D) mean
bottom salinity, E) mean surface chlorophyll-a concentration, and F) annual chlorophyll-a
range. Shown at 200 km?, G) Average yearly demersal fishing pressure as effective effort

(Rousseau et al. 2024), and H) phylogenetic turnover component of Jaccard’s beta diversity as

representing differences in evolutionary history in trawl data.
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Figure 9.5 PCoA Axes 1-2 centroids including standard deviations (SD) calculated from 99
bootstraps (standard errors) randomly sampling 133 trawls per grid cell at 200 km?.
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Figure 9.6 PCoA Axes 1-2 centroids including standard deviations (SD) calculated from 99
bootstraps (standard errors) calculated from 99 bootstraps randomly sampling 90 trawls per

grid cell at 100 km?.
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Figure 9.7 PCoA Axes 1-2 centroids including standard deviations (SD) calculated from 99

bootstraps (standard errors) calculated from 99 bootstraps randomly sampling 1558 trawls per

Ecoregion (Spalding et al. 2007).
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Figure 9.8 Marine fish trait space position (Axes 1-6) is robust to spatial size and sampling

intensity. Trait space centroid position derived from principal coordinate analysis of pairwise
Gower dissimilarities (gawdis function) is highly similar at A) 100 km?, B) 200 km?, and C)
Ecoregion (Spalding et al. 2007) spatial scales when analyzed with equal number of trawls per

grid cell filtered for less (1% Quartile) and more (Median) restrictive sampling intensities.
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Figure 9.9 Yearly average trait space centroids calculated for 200 km? grid cells sampled to the
I8 quartile number of trawls per grid cell per year (36 trawls) and bootstrapped for 99
repetitions. Points are colored by the mean latitude of their grid cells, which are averaged for
each year by the Ecoregion they are within (facets). The trait space centroids for each
Ecoregion based on randomly sampled trawls from all years (Figure 2, 200 km? and 133 trawls
per grid cell) are shown as black horizontal lines. Yearly trait space is generally stable and
mirrors values from all years combined (solid line) with notable exceptions in the northwest
Atlantic Ocean shelves, where the Gulf of St. Lawrence and Newfoundland-Labrador diverged
in trait composition starting around 2005, on the Floridian coast (eastern Gulf of Mexico) in

2007, and in the Barents and Norwegian Seas in 2005.
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Figure 9.10 A “fast-slow” continuum of species traits. Negative axis values correspond to
species traits frequently found at (sub)tropical latitudes which are fast growing and maturing
at lower trophic levels, smaller in size and often herbivorous and planktivorous; positive axis
values correspond to species traits frequently found at temperate/polar latitudes which are slow
growing and maturing within higher trophic levels, are larger in size and often have generalist
feeding strategies. This displays the relationship between species trait space centroids (Axes
1-2) to A) each continuous trait (age at maturity, maximum age, von Bertalanffy growth
coefficient— “Growth K”— and maximum length are log-transformed) and B) discrete traits

by factor level
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Table 9.3 The 24 Ecoregions (Spalding et al. 2007) which intersect trawl point data (n = 24).
The group column denotes ecoregion names used in the analysis and asterisks highlight

ecoregions which were gathered together used for visualization because they are adjacent and

displayed identical trait space patterns.

Ecoregion Group
Aleutian Islands Aleutian Islands
Baltic Sea Baltic Sea
Carolinian Carolinian

Celtic Seas
Eastern Bering Sea
Floridian

Gulf of Alaska

Gulf of Maine/Bay of Fundy
Gulf of St. Lawrence - Eastern Scotian
Shelf
North American Pacific Fijordland
Northern California
Northern Grand Banks - Southern Labrador
Northern Gulf of Mexico
Oregon, Washington, Vancouver Coast and
Shelf

Puget Trough/Georgia Basin

Scotian Shelf

South European Atlantic Shelf
Southern California Bight
Southern Grand Banks - South
Newfoundland
Virginian
North Sea
Southern Norway
Northern Norway and Finnmark

North and East Barents Sea

Celtic Seas
E. Bering Sea
Floridian
Gulf of Alaska
Maine/Fundy
Gulf of St. Lawrence

Pacific Fjordland
California Current*
Newfoundland-Labrador*
Gulf of Mexico
Vancouver Shelf*

Vancouver Shelf*
Scotian Shelf
S. European Shelf
California Current*
Newfoundland-Labrador*

Virginian
North Sea
Norwegian Seas*
Norwegian Seas*
NE. Barents Sea
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Figure 9.11 The relationship (Pearson’s R) between trait space and latitude is stronger than by
a null model that maintains species richness. The observed correlation coefficient is greater
than the 95"-percentile derived from 99 bootstrap replications of random trawl resampling (200
km?, 133 trawls per grid cell) from the null model. This confirms that species richness alone

does not explain the underlying trait space values.

171



1.00

0.75

0.50

Phylogenetic Turnover

0.25

0.00

0.0 25

R=0.17, R*=0.029

5.0
Environmental Dissimilarity

75

NE. Barents Sea  Norwegian Seas North Sea Gulf of Alaska E. Bering Sea
10 RA=023 R=0.18 R=0.1 R=0.15 R=0.16
05 i } —— o —
%’
0.0 s 8an
BalicSea  PacificFijordiand  CelticSeas  Aleutian Islands e} ounCiand-
10 A=0034 R=0.2 R=0.18 R=0.19 R=0.1
0.5  —— / — / —
0.0
Gulf St. Lawrence  Vancouver Shelf Scotian Shelf  S. European Shelf Maine/Fundy
19 R=013 R=0.25 R=0.12 R=0.11 R=0.15
0.5 e — mmm— — —
0.0
Virginian California Current Carolinian N. Gulf of Mexico Floridian
19 RA=015 R=0.21 R=-0.13 -—021 ——022
5 100 5 10 0 5 10

Environmental Dissimilarity

Latitude

80

70

60

50

40

N

Figure 9.12 Environmental dissimilarity has a weak and mixed relationship to (Jaccard’s)

dissimilarity in lineage turnover. Each point represents grid cell pairwise comparisons for all

grid cells (left) and within Ecoregions (right; Spalding et al. 2007), colored by latitude.

Pearson’s correlation coefficient (R) is reported in panels.
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environmental dissimilarities and phylogenetic turnover are stronger than expected under

neutral evolution (Brownian motion simulated traits), but weak in fishing dissimilarity.

Histograms display 99 bootstrap replications randomly sampling simulated neutral traits at 200

km? and with 133 random trawls per grid cell. The 95™ percentile of correlation coefficients

between neutral trait dissimilarities and each facet are shown in blue with observed value in

red.
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ocean region. Lineage occurrence is colored by the respective Ecoregion and arranged by mean

latitude. Broadly, lineages found in temperate and polar regions are nested from (sub)tropical

zones— this pattern is strongest in the Pacific, whereas many more lineages in the Atlantic are

differentiated by latitude. C) The time to diverge for fish families is calculated as the distance

of the most recent common ancestor to the tree root, subtracted from the maximum branch

distance to obtain ages.
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