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A B S T R A C T

Isoscapes – spatial models of stable isotope ratios – are powerful tools for understanding biogeochemical cycles, 
food web structure, and ecological connectivity. In marine systems, however, broad-scale isoscapes are difficult 
to constrain because reference datasets are typically heterogeneous and opportunistic. Bayesian hierarchical 
models implemented through Integrated Nested Laplace Approximation (INLA) provide an efficient framework 
for modeling spatial patterns while accounting for non-spatial variance. We tested whether broad-scale 
geographic baseline isoscapes could be constrained for the Mediterranean Sea using INLA models applied to 
an opportunistically compiled dataset from this semi-enclosed basin, where strong environmental gradients are 
expected but spatially explicit baselines remain lacking. We assembled the most comprehensive dataset of δ13C 
and δ15N values to date for low-trophic-level, primarily epipelagic food web compartments (> 6,000 samples 
from > 600 sites). Although discrete regions of relatively high and low δ values were identified, particularly for 
δ15N, semivariograms and model outputs indicated only short-range spatial autocorrelation (ca. 40 km for δ13C; 
65 km for δ15N) within this large dataset. Environmental covariates improved model fit for δ15N values but did 
not enhance predictive performance or alter spatial predictions. Our results demonstrate that even advanced 
spatial models may not compensate where sampling design is structurally mismatched relative to unknown but 
structured spatial and non-spatial sources of isotopic variation. Coordinated sampling designed to capture spatial 
variability while accounting for major sources of non-spatial variance is required to develop robust marine 
isoscapes supporting ecological and management applications in the Mediterranean Sea and similar regions.

1. Introduction

Stable isotope ratios of elements often vary systematically across 
environments due to biogeochemical and physical processes (Bowen, 
2010). These spatial patterns can be expressed as isoscapes – mecha
nistic or statistical models that explicitly predict isotopic variation 
across space (Bowen, 2010; West et al., 2010). Mechanistic models 
predict spatial patterns from underlying physical and biogeochemical 
processes, whereas statistical models infer spatial patterns directly from 
observed data. Isoscapes provide valuable insight into biogeochemical 
processes (Schmittner et al., 2013; Schmittner and Somes, 2016; 
Buchanan et al., 2019a, 2022) and have broad applications in spatial 
ecology (Vander Zanden et al., 2015; Trueman et al., 2017; St John Glew 
et al., 2019a; Trueman et al., 2019), trophic ecology (Navarro et al., 
2013; Jennings and van der Molen, 2015; Bird et al., 2018; Pethybridge 
et al., 2018a), and forensic traceability (Chesson et al., 2010; Slesser and 
Trueman, 2021; Cusa et al., 2022; Martino et al., 2022).

In marine environments, isoscape development has traditionally 
lagged behind terrestrial systems due to the logistical challenges of 
obtaining reference samples at appropriate spatial and temporal scales 
(Magozzi et al., 2017; Trueman and St John Glew, 2019). Mechanistic 
models can partly overcome these limitations by predicting isotopic 
variation from first principles (Magozzi et al., 2017; Somes et al., 2010), 
but sample-based statistical isoscapes remain essential in systems where 
spatial isotope patterns emerge from multiple interacting processes that 
are difficult to resolve mechanistically.

Statistical isoscapes of carbon, nitrogen, and sulfur have been 
developed for several oceanic regions (Trueman et al., 2017; McMahon 
et al., 2013; MacKenzie et al., 2014; St John Glew et al., 2019b; Espi
nasse et al., 2020; St John Glew et al., 2021; Espinasse et al., 2022), 
offering opportunities for research and management at regional to basin 
scales. These isoscapes are typically generated by spatially interpolating 
measured isotope values based on geographic distance (Vander Zanden 
et al., 2015; Trueman et al., 2017), relationships with environmental 

covariates (Jennings and Warr, 2003; Radabaugh et al., 2013), or both 
(MacKenzie et al., 2014). Ideally, reference samples are obtained 
through targeted, gridded sampling (e.g., Trueman et al., 2017) 
designed to capture spatially structured variation. In practice, however, 
most broad-scale marine isoscapes rely on opportunistically collected 
data, particularly for offshore or logistically challenging regions 
(McMahon et al., 2013; Espinasse et al., 2020; St John Glew et al., 2021; 
Espinasse et al., 2022). Such datasets are often unevenly distributed in 
space and heterogeneous with respect to time periods, depths, taxa, and 
analytical methods. This heterogeneity introduces non-spatial sources of 
isotopic variability – arising from temporal (seasonal to decadal scales; 
e.g., Espinasse et al., 2022; Schloesser et al., 2009; Bănaru et al., 2014; 
Liénart et al., 2022; Giraldo et al., 2024; Liénart et al., 2024), vertical 
(Saino and Hattori, 1980; Polunin et al., 2001; Koppelmann et al., 2009; 
Fanelli et al., 2013; Pavlidou et al., 2020; Chaikalis et al., 2021), and 
biological (Vander Zanden and Rasmussen, 2001; McCutchan et al., 
2003; Pecquerie et al., 2010; Canseco et al., 2022) processes – that can 
confound spatial patterns. As a result, when sampling is not structured 
relative to these sources of variation, underlying geographic signals may 
be obscured or difficult to resolve (St John Glew et al., 2019b).

The increasing availability of compiled isotope datasets (e.g., 
Arnoldi et al., 2023; Berto et al., 2025; IsoBank, 2025; IsoArcH, 2025) 
creates new opportunities to develop isoscapes. Addressing this chal
lenge requires statistical approaches capable of partitioning variance 
into spatial and non-spatial components, allowing genuine geographic 
structure to be distinguished from variation arising from opportunistic 
data compilation (e.g., time periods, depths, taxa, sizes, trophic levels, 
methods). Bayesian hierarchical models implemented through Inte
grated Nested Laplace Approximation (INLA) provide an efficient and 
flexible framework for spatial modeling while accounting for systematic 
non-spatial variance, provided that spatial coverage is sufficient and 
that key sources of non-spatial variation can be constrained (St John 
Glew et al., 2019b, 2021; Espinasse et al., 2022). INLA-based methods 
therefore offer a means to test whether spatial variance can be reliably 
extracted from opportunistic datasets, and under what conditions spatial 
and non-spatial sources of variance can be distinguished. This is a 
question of broad relevance for large-scale marine isoscape 

† Deceased.
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development.

1.1. The Mediterranean Sea test case

The Mediterranean Sea is an ideal candidate for isoscape develop
ment. The region holds major ecological, economic, and geopolitical 
significance but faces intense anthropogenic pressure from coastal 
development, pollution, habitat degradation, and overfishing (Turley, 
1999; Coll et al., 2010; Lotze et al., 2006; Halpern et al., 2008), with 
many fish stocks already overexploited (Hilborn et al., 2020). Rapid 
warming (Pisano et al., 2020; Kubin et al., 2023; Skliris et al., 2024; EEA 
Sea Surface Temperature, 2025) and pronounced tropicalization in the 
eastern basin (Vergés et al., 2014; Azzurro et al., 2019; Santana-Garcon 
et al., 2023) are reshaping community structure and ecosystem func
tioning. Lessepsian migrations through the Suez Canal continue to 
introduce non-indigenous species, further altering Mediterranean food 
webs (Raitsos et al., 2010; Fanelli et al., 2015; Tiralongo et al., 2022). 
These ecological changes occur within a fragmented governance 
framework that complicates coordinated management and conservation 
(Mackelworth et al., 2019).

Stable isotope analyses have long been applied to ecological and 
biogeochemical studies in the Mediterranean, yet most applications 
remain geographically restricted and locally focused. Developing basin- 
scale isoscapes would provide a unifying, spatially explicit framework to 
integrate these diverse efforts, enabling isotopic data to be interpreted 
consistently across broader geographic contexts. In turn, this would 
enhance the capacity of isotope data to inform ecosystem-based man
agement and spatial planning under accelerating environmental change. 
Table 1 summarizes key Mediterranean applications of stable isotopes 
that would directly benefit from spatialization through isoscapes.

The Mediterranean Sea consists of two deep basins with restricted 
circulation and deep-water exchange. It exhibits pronounced biogeo
chemical and climatic gradients: temperature and salinity increase 
eastward, while nutrient availability and productivity decrease (Coll 
et al., 2010; Salgado-Hernanz et al., 2019; Reale et al., 2022; Salgado- 
Hernanz et al., 2022; Álvarez et al., 2023). North-to-south gradients 
within both basins further reflect decreasing nutrient concentrations and 
productivity alongside increasing temperature and salinity. These 
environmental contrasts are expected to generate systematic isotopic 
variation in pelagic surface primary production, producing predictable 
δ13C and δ15N gradients in macronutrients and low-trophic-level food 
web compartments. For carbon, isotopic variability arises primarily 
from fractionation during photosynthesis (Rau et al., 1989, 1996, 1997), 
which depends on the carbon demand-to-supply ratio in phytoplankton 
and is therefore influenced by CO2 availability, phytoplankton growth 
rate, and temperature (Rau et al., 1996, 1997; Laws et al., 1995, 1997). 
Consequently, longitudinal gradients in CO2 concentration, nutrient 
availability, productivity, and temperature are expected to produce 
broad west-to-east differences in phytoplankton δ13C values, as 
demonstrated in other marine regions (St John Glew et al., 2019b, 
2021). For nitrogen, spatial patterns in δ15N values reflect variation in 
nitrogen sources and utilization (Ryabenko, 2013): in oligotrophic 
eastern regions, enhanced N2 fixation and atmospheric deposition are 
expected to introduce isotopically lighter nitrogen (Pantoja et al., 2002; 
Wald et al., 2025; Mara et al., 2009; Emeis et al., 2010; Krom et al., 
2010), whereas in the more productive western regions, greater 
anthropogenic and terrestrial nitrogen inputs contribute 15N-enriched 
nitrate. In contrast, deep-water gradients are likely to be subtler, 
reflecting the basin’s relatively stable physical structure at depth and the 
combined influences of remineralization, mixing, and deep-water for
mation (Pavlidou et al., 2020; Chaikalis et al., 2021; Tecchio et al., 
2013).

Despite these expected gradients, no basin-scale isoscapes have yet 
been developed for the Mediterranean Sea. This reflects both the lack of 
spatially representative reference datasets for statistical modeling and 
the challenges of mechanistically modeling semi-enclosed basins with 

Table 1 
Summary of key stable isotope applications in the Mediterranean Sea that would 
benefit from spatialization through isoscapes, encompassing biogeochemical, 
ecological, and applied management contexts. Isoscapes provide spatially 
explicit baseline information that supports consistent, basin-scale interpretation 
of isotopic data and facilitates the integration of local studies. Where available, 
examples of isoscape-based analyses are provided.

Biogeochemistry Trophic Ecology Spatial/ 
Movement 
Ecology

Applied 
Ecosystem 
Management 
and Forensics

Constraining the 
balance of N2 

fixation vs 
terrestrial/ 
anthropogenic 
nitrogen inputs 
in the 
Mediterranean 
Sea (Pantoja 
et al., 2002; 
Koppelmann 
et al., 2003; 
Cresson et al., 
2016; Liénart 
et al., 2017; Wald 
et al., 2025)

Establishing 
isotopic baselines 
for spatial 
inference of 
trophic geography 
and structure (
Jennings and van 
der Molen, 2015; 
Bird et al., 2018; 
Pethybridge et al., 
2018a; Arnoldi 
et al., 2023) and 
for the 
parameterization 
of isotope mixing 
models, niche 
analyses, and 
assessments of 
trophic 
interactions (
Koppelmann et al., 
2009; Chouvelon 
et al., 2012; 
Mancinelli et al., 
2013; Reddin 
et al., 2018; 
MacKenzie et al., 
2019; Matich et al., 
2021; Merquiol 
et al., 2023)

Providing 
natural 
georeferenced 
tags to 
complement 
artificial tagging 
(Trueman et al., 
2017; Trueman 
and St John 
Glew, 2019; 
McMahon et al., 
2013); isoscapes 
remove the need 
for directed 
georeferenced 
sampling of 
target species in 
all possible 
origin regions (
Wunder, 2010; 
Ma et al., 2020)

Contributing to 
monitoring 
frameworks (e.g., 
MSFD; Berto 
et al., 2025; 
Fanelli et al., 
2022; Breton 
et al., 2023; 
Liénart et al., 
2025; Protopapa 
et al., 2026)

Testing and 
refining isotope- 
enabled 
biogeochemical 
models (
Schmittner et al., 
2013; Somes 
et al., 2010) to 
improve 
reconstructions 
of past (
Schmittner and 
Somes, 2016; 
Somes et al., 
2017; Buchanan 
et al., 2019b) and 
projections of 
future nutrient 
dynamics (
Buchanan et al., 
2019a, 2022)

Accounting for 
isotopic variation 
in food web models 
introduced by 
mobile consumers 
transporting 
organic matter 
across habitats or 
trophic levels (
Trebilco et al., 
2016; Travers- 
Trolet et al., 2019)

Coupling with 
agent-based 
models (
Trueman et al., 
2019; 
Carpenter-Kling 
et al., 2019), 
tagging data (
Vander Zanden 
et al., 2015; 
Jaeger et al., 
2010; St John 
Glew et al., 
2018) or 
oceanographic 
models (Arcioni 
et al., 2025) to 
improve 
movement 
reconstruction 
accuracy and 
identify feeding 
hotspots

Optimizing 
placement and 
evaluating 
effectiveness of 
MPAs (McCook 
et al., 2009; 
Vizzini and 
Mazzola, 2009; 
Foley et al., 
2010)

Evaluating 
biogeochemical 
consequences of 
deep-water mass 
formation and its 
temporal/spatial 
variability

Informing and 
testing ecosystem 
models, facilitating 
development of 
isotope-enabled 
food web models (
Jennings et al., 
2008; Navarro 
et al., 2011; 
Pacella et al., 
2013; Pethybridge 
et al., 2018b; 

Quantifying 
functional 
connectivity (
McCauley et al., 
2012; Shipley 
et al., 2023)

Testing claims of 
geographic origin 
of seafood and 
marine products 
(e.g., combatting 
IUU fishing and 
food fraud, and 
enhancing 
regional product 
protection; 
Slesser and 
Trueman, 2021; 
Cusa et al., 2022)

(continued on next page)
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complex circulation dynamics (Magozzi et al., 2017; Somes et al., 2010). 
However, the extensive collection of local and regional isotope datasets 
provides an opportunity to construct a spatially broad, albeit hetero
geneous, compiled reference dataset. Here, we leverage this opportunity 
and use the Mediterranean Sea as a test case to evaluate the feasibility of 
developing broad-scale geographic baseline isoscapes from opportunis
tically compiled data. We assembled a comprehensive reference dataset 
integrating available δ13C and δ15N records from diverse sample types 
representing low-trophic-level compartments of food webs primarily 
fueled by epipelagic production. We then applied INLA models to test 

whether broad-scale isotopic gradients can be resolved from such data, 
and to assess the extent to which spatial structure can be distinguished 
from non-spatial sources of variation. Our aim is therefore not only to 
develop a Mediterranean isoscape, but also to evaluate how sampling 
design influences the ability to recover spatial patterns in isotopic data. 
In particular, we focus on cases where sampling is not structured to 
capture spatial variability, and where additional heterogeneity in sam
pling conditions may further obscure underlying spatial signals. Ulti
mately, our goal is to identify the conditions under which isoscape 
models can provide robust spatial inference, and to inform future sam
pling strategies in the Mediterranean Sea and other complex marine 
systems.

2. Materials and methods

2.1. Data compilation

To develop isoscapes, we compiled all available georeferenced δ13C 
and δ15N data from published and unpublished studies in the Mediter
ranean region. During data compilation, it became clear that the 
resulting dataset would unevenly be distributed in space and heteroge
neous with respect to sample types, metadata, and sampling conditions, 
and therefore not appropriately structured relative to expected under
lying sources of isotopic variation. Constructing a usable reference 
dataset under these conditions requires a tradeoff between restricting 
inclusion to well-documented samples with standardized metadata, and 
maximizing spatial coverage while accepting greater uncertainty (St 
John Glew et al., 2019b). As isoscape models require geographically 
extensive datasets to resolve spatial gradients, we opted for the latter 
and prioritized spatial coverage.

The compiled dataset included a broad range of sample types, each 
functionally representative – to varying degrees – of low-trophic-level 
compartments of marine food webs primarily sustained by epipelagic 
or pelagic production (Tables S1 and S2). Given inconsistencies in 
metadata structure, completeness, and granularity across sources, we 
classified samples into six broad ecological categories: pico- 
nanoplankton, phytoplankton, particulate organic matter (POM), 
zooplankton, suprabenthos, and sediment, following study-specific cat
egorizations when available. Our category ‘pico-nanoplankton’ corre
sponded to the < 20 µm fraction, ‘phytoplankton’ to identified 
phytoplankton and/or the 20–200 µm fraction, and ‘POM’ to samples 
described as bulk particulate organic material or broad size fractions (<
200 µm), with distinction between suspended and sinking material 
retained where available. The ‘zooplankton’ category included bulk, 
size-fractionated, or taxonomically resolved samples depending on data 
availability, with size and taxonomic information retained where pro
vided. ‘Suprabenthos’ included assemblages or taxa consistent with 
suprabenthic ecology, such as caridean and penaeoid decapods, am
phipods, isopods, and mysids. ‘Sediment’ samples corresponded to sur
face sediments or upper sedimentary layers (typically ≤ 0.5 cm). More 
detailed category descriptions, size classes, and taxonomic levels are 
provided in Tables S1 and S2. Sample categories were defined to 
maximize within-group comparability and expected between-group 
differences while retaining sufficient sample sizes for modeling. This 
classification provided a pragmatic framework for partitioning variance, 
enabling the full dataset to be used to model spatial isotope structure 
while explicitly accounting for systematic differences among categories. 
We included sediment samples as a category despite remineralization 
processes, as surface sediment organic matter retains a largely epipe
lagic origin (Pedrosa-Pàmies et al., 2015; Rumolo et al., 2015; Struck 
et al., 2001). Similarly, suprabenthic organisms remain closely linked to 
pelagic production despite interacting with benthic systems (Polunin 
et al., 2001; Fanelli et al., 2009; Madurell et al., 2008). Only minimal 
exclusion criteria were applied a priori. We excluded samples that did not 
represent low-trophic-level compartments fueled by pelagic production, 
including riverine particulate organic matter, sediment cores (affected 

Table 1 (continued )

Biogeochemistry Trophic Ecology Spatial/ 
Movement 
Ecology 

Applied 
Ecosystem 
Management 
and Forensics

McCormack et al., 
2019)

Quantifying the 
proportional 
contributions of 
different organic 
matter sources, 
including 
terrestrial and 
riverine inputs, 
particularly 
across coastal- 
offshore and 
land-sea 
gradients (
Liénart et al., 
2017; Tesi et al., 
2007; Sanchez- 
Vidal et al., 2009; 
Pedrosa-Pàmies 
et al., 2015; 
Rumolo et al., 
2015; Tesi et al., 
2013; Ferchiche 
et al., 2025)

Tracing nutrient 
fluxes through 
food webs across 
habitats and depth 
layers, including 
land-sea interfaces 
(Darnaude et al., 
2004; Darnaude, 
2005; Harmelin- 
Vivien et al., 
2008), vertical 
transfers (Polunin 
et al., 2001; Fanelli 
et al., 2013, 2009, 
2011; Papiol et al., 
2013), and 
benthic-pelagic 
coupling (Valls 
et al., 2014a; 
Coppari et al., 
2020; Masiá et al., 
2024; Cobain et al., 
unpubl results)

Identifying 
routes for 
pathogen 
transport via 
migratory 
species

Supporting 
isotope 
applications in 
fisheries 
management (
Jennings et al., 
2002; Pinnegar 
et al., 2003; 
Rumolo et al., 
2018; Agnetta 
et al., 2024)

Tracing the entry 
and dispersion of 
anthropogenic 
nutrient 
pollutants (
Costanzo et al., 
2001; Vizzini and 
Mazzola, 2004; 
Rumolo et al., 
2011; Jona- 
Lasinio et al., 
2015; Rossi et al., 
2018; Signa 
et al., 2020; 
Thibault et al., 
2020)

​ Enabling 
retrospective 
analyses from 
archived 
biological 
materials (
Trueman et al., 
2019; 
MacKenzie 
et al., 2011)

Supporting 
interpretations of 
fundamental 
ecological data 
for data-deficient 
and high- 
conservation- 
concern species 
(turtles, seabirds, 
cetaceans, 
elasmobranchs; 
non-lethal 
sampling; 
Vander Zanden 
et al., 2015; St 
John Glew et al., 
2019a; Bird et al., 
2018; Arcioni 
et al., 2025; Di 
Lorenzo et al., 
2020; Smith 
et al., 2021)

​ ​ Investigate 
spatial aspects 
and 
comparisons of 
biological 
invasions (
Hungate et al., 
2016; McCue 
et al., 2020; 
Bernardi et al., 
2024)

​
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by diagenetic alteration), strictly benthic infaunal organisms, and 
higher-trophic-level consumers with carnivorous diets (e.g., cephalo
pods, teleosts, and elasmobranchs). Individual baseline samples with 
δ13C and/or δ15N values outside plausible bulk marine environmental 
ranges (− 40 to − 10‰ and − 5 to 15‰ for δ13C and δ15N, respectively) 
were excluded. Samples from very nearshore locations were excluded 
during model construction, as environmental covariate data were un
available at those sites given the spatial extent and resolution of the 
covariate layers (Table S3).

2.2. Environmental covariates

Environmental variables previously shown to correlate with δ15N 
and δ13C values (e.g., MacKenzie et al., 2014; St John Glew et al., 2019b; 
Espinasse et al., 2022; Jennings and Warr, 2003; Barnes et al., 2009) and 
varying across broad spatial gradients in the Mediterranean Sea were 
selected for the models. Environmental data encompassing both phys
ical and biogeochemical variables were obtained from the Copernicus 
Monitoring Environment Marine Service (Copernicus Marine Service 
(CMEMS), 2025), with monthly averages available at 0.042◦ x 0.042◦

spatial resolution for the period 2009–2019. Physical variables – sea 
surface temperature (SST), bottom temperature (BT), sea surface salinity 
(Sal), mixed layer depth (MLD), and bathymetry (Bathy) – were 
extracted from the Mediterranean Sea Physics Reanalysis product 
(MEDITERRANEAN SEA_MULTIYEAR_PHY_006_004; Escudier et al., 
2021). Biogeochemical variables – chlorophyll a concentration (Chl), 
phytoplankton biomass (phytoC), primary production (PP), and con
centrations of nitrate (NO3

–), phosphate (PO4
3-), ammonium (NH4

+), and 
dissolved inorganic carbon (DIC) – were obtained from the coupled 
Mediterranean Sea Biogeochemistry Reanalysis model (MEDITERRA
NEAN SEA_MULTIYEAR_BGC_006_008; Cossarini et al., 2021).

We used model-derived climatologies rather than observational (e.g., 
satellite) datasets for three main reasons. First, satellite products are 
unavailable for several variables relevant to isotope dynamics (e.g., DIC, 
nutrients, bottom temperature). Second, model outputs provide inter
nally consistent fields for both physical and biogeochemical variables at 
matching spatial and temporal resolutions. Third, the CMEMS Rean
alysis products used here have been validated against extensive in situ, 
satellite, and climatological observations and show good performance at 
basin scales (Escudier et al., 2021; Cossarini et al., 2021). For example, 
physical variables show strong agreement with observations (e.g., RMSD 
ca. 0.55 ◦C for SST; ca. 0.17–0.18 PSU for Sal), while biogeochemical 
variables effectively reproduce basin-scale distributions and variability 
(e.g., RMSD ca. 0.04 mg m− 3 for Chl in open waters; ca. 0.07–0.19 mg 
m− 3 for NO3

– across depth layers). Model-derived climatologies therefore 
capture large-scale spatial gradients and vertical structure across the 
Mediterranean Sea, although uncertainties increase at finer spatial and 
temporal scales. This approach ensures spatial and temporal coherence 
among covariates while maintaining ecological relevance across a broad 
suite of variables. For integrated surface values, monthly values for each 
variable were averaged across depths shallower than 40 m, corre
sponding to the lower limit of the seasonal thermocline in the Medi
terranean Sea (Hecht et al., 1988; Benincasa et al., 2024). Monthly 
climatologies were then computed across years (2009–2019), from 
which annual averages were derived.

In addition to environmental variables, we included the spatially 
derived least-cost distance to coast (dCoast) as an additional covariate. 
This was computed from each grid cell to the nearest coastline using a 
binary cost surface, where movement through sea cells had low and 
equal cost (conductance = 1), while land was treated as an impassible 
barrier (conductance = 0). The cost surface was generated from a raster 
at the same resolution as the modeled climatologies, and distance cal
culations were performed using the gdistance R package (van Etten, 
2017). This metric captures the complex coastal and island geography 
of the Mediterranean Sea and provides a more realistic representation of 
marine connectivity than straight-line (Euclidean) distance.

For spatial prediction, we created a regular 50 km resolution grid 
based on a custom Lambert Azimuthal Equal-Area (LAEA) projection 
centered on the Mediterranean Sea, covering the domain from − 4◦ to 
39.5◦ longitude and from 27.5◦ to 44.5◦ latitude. Covariate values were 
extracted at each grid point. To avoid extrapolation beyond the range of 
observed environmental conditions, we excluded prediction points with 
missing covariate values or with values falling outside 5% of the 
observed range at sample locations. All covariates were mean-centered 
prior to modeling (see Fig. S5 for maps of individual environmental 
variables).

2.3. Sample variograms

To independently assess spatial autocorrelation in the reference 
samples, we computed empirical semivariograms for δ13C and δ15N 
values (Zuur et al., 2017). Instead of Euclidean distances, we used least- 
cost distances between sample locations, calculated using the same 
approach as for dCoast described above. Semivariograms were gener
ated using 100 evenly spaced distance bins from 0 to 4000 km, retaining 
only bins containing ≥ 500 sample pairs to ensure robust estimates.

To compare basin-scale spatial autocorrelation patterns with those in 
areas characterized by denser and more spatially uniform sampling, we 
also computed semivariograms for three subregions: the Adriatic Sea, 
Gulf of Lion, and Balearic Sea. Bin widths were adjusted to 22.5, 6.25, 
and 8.75 km, respectively, to reflect the smaller spatial extent of these 
subregions while maintaining sufficient sample support (≥ 100 pairs per 
bin).

While INLA-based models explicitly account for non-spatial, cate
gory-level differences via random effects, semivariograms were 
computed using all reference samples pooled across categories. As a 
result, estimates of spatial autocorrelation may be confounded by 
between-category variation. Category-specific semivariograms were not 
feasible due to limited spatial coverage within individual categories. 
Consequently, semivariograms reflect both spatial structure and the 
sampling structure of categories. Because categories differ in spatial 
clustering and coverage, short-distance bins may be dominated by 
within-category comparisons, whereas larger distance bins may 
increasingly include between-category comparisons.

2.4. INLA models

To construct isoscape models, we used a Bayesian hierarchical 
spatial modeling framework implemented through the INLA method via 
the R-INLA package (R-INLA, 2025; Rue et al., 2009). This approach 
allows environmental covariates to be included as linear fixed effects, 
and both spatial (via a latent Gaussian Markov Random Field; hereafter 
spatial field) and nominally non-spatial (e.g., categorical groupings) 
factors are modeled as random effects. The application of INLA to iso
scape modeling is described in detail by St John Glew et al. (St John 
Glew et al., 2019b); here we summarize only the elements specific to 
this study.

INLA enables flexible modeling of spatial fields using a Delaunay 
triangulated mesh that accounts for boundary effects (i.e., land; Fig. S7). 
Observation locations served as the initial mesh vertices, with additional 
vertices added to optimize triangle size while maintaining higher reso
lution in areas with denser sampling. To capture broad-scale spatial 
structure but avoid interpolation artefacts, the maximum triangle edge 
length was set to 100 km.

Each isotope value was modeled as a function of covariates (where 
included), sample category, and a spatial field (Eq. (1)): 

Yi ∼ Intercept + βiXi + f(Ui) + f(Wi) + εi 

Ui ∼ N(0, σ2
category)

Wi ∼ N(0,Ω)
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εi ∼ N(0, σ2) (1) 

where Yi is the isotope value (δ15N or δ13C) at location i, Xi is a vector of 
covariates with associated coefficients βi, Ui is the category random ef
fect, Wi represents the spatial field (with Matérn covariance Ω), and εi is 
the independent residual.

In addition to linear fixed effects, covariates were also modeled as 
smooth terms. Smooth terms were constructed as second-order basis 
splines using a 1D mesh and corresponding projection (A) matrix, 
specifying nine equally distributed knots to capture potential non-linear 
patterns while minimizing the risk of overfitting. Smooth terms were 
preferred over interaction terms due to their flexibility, which improves 
predictive performance and facilitates the emergence of non-linear re
lationships. Non-informative default priors were applied throughout.

We tested a suite of INLA models combining linear or smooth 
covariates, sample category, and spatial structure, along with null 
models that included only spatial and category random effects. Model 
selection was based primarily on Watanabe-Akaike Information Criteria 
(WAIC), complemented by evaluation of predictive performance (Pear
son correlation coefficient, ρ, between observed and fitted values), and 
posterior estimates of the spatial field’s range (spatial autocorrelation) 
and variance. Using the selected models, we predicted isotope values at 
the mesh vertices. These predictions were interpolated across mesh 
triangles using a second-order (quadratic) basis function via Bayesian 
kriging to generate spatially continuous isoscapes. For each grid cell, we 
extracted mean and variance predictions to map the expected isotopic 
composition and associated uncertainty of low-trophic-level compart
ments of marine food webs primarily fueled by epipelagic production 
across the Mediterranean Sea.

2.4.1. Covariate and random effect structure
Preliminary model testing was conducted to identify the most 

appropriate covariate set and random-effect structure for subsequent 
comparisons among null, linear, and smooth models, and for isoscape 
prediction. For covariate selection, environmental variables we first 
assessed for collinearity using pairwise correlations and variance infla
tion factors (VIFs). Collinear variables were then summarized using 
principal component analysis (PCA) based on values extracted at each 
sample location, including temperature (SST), productivity (Chl, phy
toC, and PP), and nutrients (NO3

–, PO4
3-, and NH4

+). The first principal 
component (PC1) explained > 80% of the variance and represented a 
broad west-to-east gradient of increasing temperature and decreasing 
nutrients and productivity. PC2 explained only 7–8% (for δ15N and δ13C, 
respectively) of the variance and primarily captured finer-scale nutrient 
contrasts (see Fig. S6 for PCA of full set of environmental variables). 
Despite its limited contribution to total variance, PC2 was retained for 
testing to assess potential improvement in model performance. We also 
compared alternative variables among other collinear pairs (DIC vs Sal, 
Bathy vs dCoast). Non-collinear variables (BT, MLD) and PC1 were 
retained in all models. The final covariate set used in model comparisons 
included BT, MLD, PC1, DIC, and Bathy.

To evaluate random-effect structure, we tested alternative groupings 
of isotopically similar or ecologically related categories (e.g., combining 
pico-nanoplankton and POM, and phytoplankton and POM based on 
expected partial overlap between size fractions; and combining pico- 
nanoplankton and sediment based on observed δ13C similarity). We 
also explored reduced dataset configurations (e.g., excluding supra
benthos or retaining only POM without a category effect). In addition, 
we tested the inclusion of season and year as additional random effects 
using both crossed (Category + Season; Category + Year) and nested 
(Season within Category) structures in restricted datasets with complete 
temporal metadata. Across all tests, these alternative structures did not 
improve predictive performance, spatial structure, or interpretability. 
For completeness, Category + Season models are reported for compar
ison. Subsequent analyses therefore focus on the most parsimonious and 

informative structure, including category as the sole random effect with 
all six category levels and the full dataset.

3. Results

3.1. The Mediterranean Sea reference dataset

The compiled dataset comprised 5,428 samples from 595 locations 
for δ15N and 6,034 samples from 610 locations for δ13C across the 
Mediterranean Sea (Tables S1 and S2). Despite its size, spatial coverage 
was highly uneven. Sampling density was highest in the Gulf of Lion and 
Balearic Sea, moderate in the Adriatic, Ionian, and Aegean-Cretan Seas, 
and sparse in the southern and southeastern Mediterranean, particularly 
in the southern Levantine Basin (Fig. 1 and S2A, B).

The distribution of sample categories also varied spatially (Fig. 1 and 
S2C, D). POM and zooplankton accounted for over 75% of samples in 
most areas, although their relative contributions differed regionally. 
Zooplankton dominated datasets from the Adriatic (58–65% for δ13C 
and δ15N), Ligurian (60–63% for δ15N and δ13C), and Balearic Seas 
(52–55% for δ13C and δ15N), whereas POM was most prevalent in the 
Aegean Sea (91–95% for δ15N and δ13C) and eastern Mediterranean 
(0.53–64% for δ15N and δ13C). Pico-nanoplankton, phytoplankton, 
suprabenthos, and sediment were less frequently sampled and more 
unevenly distributed. Sediment samples were more common in the 
Tyrrhenian (16–17% for δ13C and δ15N), Adriatic (19–27% for δ15N and 
δ13C), and Ionian Seas (3–19% for δ13C and δ15N); pico-nanoplankton 
and phytoplankton were concentrated in the Ligurian Sea (17–18% for 
δ15N and δ13C); and suprabenthos was represented only in the western 
Mediterranean (2–3% for δ15N and δ13C) and Balearic (20–22% for δ13C 
and δ15N) and Ionian Seas (22–30% for δ15N and δ13C).

Vertical and seasonal sampling structure varied among sea areas and 
categories. Approximately 61–66% of samples (for δ15N and δ13C, 
respectively) were collected from epipelagic depths (< 200 m), pri
marily comprising pico-nanoplankton, phytoplankton, POM, and 
zooplankton (Fig. S3). Deeper samples contributed 21–23% (δ13C and 
δ15N) from mesopelagic, 8–10% (δ13C and δ15N) from bathypelagic, and 
< 1% (both isotopes) from hadal depths, and were mainly represented 
by POM, zooplankton, and sediment in the Balearic, Adriatic, Ionian and 
Aegean Seas, as well as in the eastern Mediterranean. Suprabenthos 
samples originated primarily from mesopelagic depths.

Total sampling period spanned from October 1993 to March 2022 for 
δ15N and from July 1995 to March 2022 for δ13C. Seasonal coverage was 
uneven across sea areas and categories, with many category x season 
combinations underrepresented or absent (Fig. S4). Metadata on depth, 
year, and season were frequently incomplete or inconsistently reported. 
Together, these patterns highlight the uneven and heterogeneous 
structure of the reference dataset.

3.2. Isotopic variability in the Mediterranean Sea

Values of δ15N in the reference dataset had a mean ± SD of 3.6 ±
2.3‰, with 95% of values ranging from − 1.1 to 8.4‰. Values of δ13C 
had a mean ± SD of –22.6 ± 2.7‰, spanning a 95% interval from − 27.3 
to − 15.7‰. Within-category variability (red diagonal values in 
Table S4) ranged between 0.4 and 1.9‰ (mean SD) for δ15N and be
tween 0.2 and 1.7‰ for δ13C. Sediment exhibited the lowest variability 
for both isotopes, whereas pico-nanoplankton and suprabenthos showed 
the highest variability for δ15N and δ13C, respectively. Overall, δ15N 
values showed slightly greater variability than δ13C values, except in 
phytoplankton and suprabenthos.

Between-category mean absolute differences (black off-diagonal 
values in Table S4) ranged from 0.3 to 3.5‰ for δ15N and from 0.1 to 
4.1‰ for δ13C. On average, sediment was enriched in 15N by 0.3‰ 
relative to POM (the smallest difference), while suprabenthos was 
enriched by 3.5‰ relative to sediment (the largest). Zooplankton was 
also 15N-enriched by 3.2‰ compared to pico-nanoplankton but 
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Fig. 1. Conceptual overview of the main data inputs for INLA models: environmental data layers (A), spatial distribution of isotope observations (B), and non-spatial 
sources of isotope variability (C). Panel A shows three example environmental layers – sea surface temperature (SST [◦C]), chlorophyll a concentration (Chl [mg 
m− 3]), and nitrate concentration (NO3

– [mmol m− 3]) – illustrating basin-scale gradients in temperature, productivity, and nutrient availability across the the 
Mediterranean Sea. Covariates are shown as mean-centered annual averages of multi-year climatologies. Additional environmental variables and principal 
component analyses are presented in Fig. S5 and S6. Panel B shows sampling locations of isotope observations, with circle size proportional to the number of ob
servations per location. International Hydrographic Organization (IHO) sea area boundaries are indicated (Gib/Alb = Strait of Gibraltar/Alboran Sea, Bal = Balearic 
Sea, Lig = Ligurian Sea, Tyrr = Tyrrhenian Sea, NWMed = North-Western Mediterranean Sea, Adr = Adriatic Sea, Ion = Ionian Sea, Aeg = Aegean Sea, EMed =
Eastern Mediterranean See; see Fig. S1). Observations are pooled across δ15N and δ13C; isotope-specific distributions are shown in Fig. S2A, B. Panel C shows the 
proportional representation of category, depth zone, and season across IHO sea areas, based on pooled observations. Isotope-specific proportions are provided in 
Fig. S2C, D (category), S3 (depth), and S4 (season). Additional sources of isotopic variability include year, taxonomy, biological and ecological traits, trophic 
structure, and sampling and analytical methods.
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Fig. 2. Sample semivariograms of δ15N (A) and (B) δ13C reference data computed using least-cost geographic distance across the Mediterranean Sea. Panels C and D 
show the number of sample pairs per distance bin; support declines substantially beyond ca. 2500 km.
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unexpectedly depleted by 2.7‰ relative to phytoplankton. For δ13C, the 
smallest difference (0.1‰) was between zooplankton and sediment, 
with zooplankton slightly enriched in 13C relative to sediment. The 
largest difference (4.1‰) occurred between sediment and phyto
plankton, with phytoplankton enriched relative to sediment. 
Zooplankton was 13C-enriched relative to both POM (2.2‰) and pico- 
nanoplankton (2.1‰). Overall, between-category differences were 
often comparable in magnitude to within-category variability.

3.3. Sample variograms

Least-cost distance semivariograms showed that category-pooled 
variance in both δ15N and δ13C values increased sharply at small 
spatial scales (within a few hundred kilometers; Fig. 2). For δ15N, 
semivariance increased steeply within the first 250 km, continued to 
increase until ca. 600 km, and then fluctuated inconsistently thereafter 
(Fig. 2A). The δ13C semivariogram showed a similarly steep increase 
within the first 250 km until ca. 750 km, followed by a noisy plateau and 
a marked decrease between ca. 1,600 and 2,000 km (Fig. 2B). Spatial 
autocorrelation in both isotopes was therefore limited to short distances 
– on the order of a few hundred kilometers or less – beyond which 
isotope values became statistically independent. Subregional semi
variograms exhibited similarly weak or shorter-range spatial autocor
relation than at the basin scale (Fig. S8), with some regions showing no 
detectable autocorrelation. This indicates that small-scale variability 
persisted even in regions with denser and more spatially uniform 
sampling.

Because semivariograms were computed across pooled categories, 
these patterns reflect both spatial structure and differences in sampling 
among categories. Categories differed markedly in spatial support, with 
mean nearest-neighbor least-cost distance ranging from 12.5-12.7 km 
(for δ15N and δ13C, respectively) for suprabenthos to 138.5–144.5 km 
(for δ13C and δ15N) for pico-nanoplankton. As a result, short-distance 
bins are dominated by comparisons among spatially clustered samples 
within categories, whereas comparisons at larger distances increasingly 
include samples from more spatially dispersed categories and between- 
category contrasts. Consequently, semivariance reflects a mixture of 
spatial and category-related variability that varies with distance.

3.4. INLA models

3.4.1. Model comparison
Comparisons of spatial vs non-spatial models showed that including 

a spatial field substantially improved both model fit (WAIC) and pre
dictive accuracy (ρ) for δ15N and δ13C. For δ15N null models, WAIC 
decreased from 23,453.29 in the non-spatial model (M0) to 21,945.75 in 
its spatial counterpart (M0.SF), while ρ increased from 0.43 to 0.66. For 
δ13C, WAIC decreased from 26,490.21 (M0) to 24,215.33 (M0.SF), with 
ρ increasing from 0.59 to 0.79 (Table 2). Similar improvements were 
observed when comparing non-spatial covariate-based models (M1lin, 
M1sm) with their spatial counterparts (M1lin.SF, M1sm.SF; Table 2).

Within the spatial model set, the inclusion of environmental cova
riates improved model fit for δ15N relative to the null spatial model 
when included as smooth terms, but not as linear fixed effects. For δ13C, 
the inclusion of covariates – either as linear or smooth terms – did not 
improve model fit relative to the null spatial model. For δ15N, the lowest 
WAIC values were obtained for the smooth covariate model (M1sm.SF: 
21,873.78), compared to 21,945.75 for the null spatial model (M0.SF) 
and 21,948.82 for the linear covariate model (M1lin.SF). In contrast, for 
δ13C the lowest WAIC values were obtained for the null spatial model 
(M0.SF: 24,215.33), with higher values for models including covariates 
(M1lin.SF: 24,257.29; M1sm.SF: 24,264.02). Based on WAIC, the best- 
performing models were therefore M1sm.SF for δ15N and M0.SF for 
δ13C. Predictive accuracy, however, remained nearly unchanged across 
models (δ15N: ρ = 0.66–0.67; δ13C: ρ = 0.79; Table 2), indicating that 
improvements in WAIC were not accompanied by gains in predictive 
performance. Thus, while smooth covariate terms improved model fit 
for δ15N, they did not enhance predictive accuracy despite increased 
model complexity. Consistent with this, smooth covariate effects were 
weak and poorly constrained, with no clear or consistent trends 
(Fig. S9).

3.4.2. Spatial field random effect
Estimated spatial fields were characterized by short ranges and high 

variances across models (Fig. 3 and S10), indicating that spatial isotope 
variability in the dataset non-attributable to environmental covariates 
(when present in the models) was dominated by strong small-scale 
structure. For δ15N, the smooth covariate model (M1sm.SF) yielded a 
mean spatial field range of 65.4 km (95% credible interval: 48.4–85.8 
km). Similar ranges were obtained for the null spatial model (M0.SF: 
75.5 km; 57.8–99.1 km) and the linear covariate model (M1lin.SF: 72.7 

Table 2 
Model comparison results for the δ15N and δ13C models. Models tested the inclusion of a spatial field as a random effect and environmental covariates as either linear 
fixed effects or smooth terms. All models included category as a non-spatial random effect. Model fit was evaluated using the Watanabe-Akaike Information Criteria 
(WAIC), and predictive accuracy was assessed from the Pearson correlation coefficient (ρ) between observed and fitted values. The effective number of parameters (Eff. 
n parms) and most influential covariates (i.e., significant linear fixed effects or smooth terms with the largest attributed variance) are also reported. For correlations, 
the t, ρ, 95% confidence interval, and degrees of freedom (df) are shown. All correlations were statistically significant (p-value < 0.001). Models are listed in order of 
increasing WAIC for each isotope, with ΔWAIC reported relative to the best model.

Model Model formula WAIC ΔWAIC Eff. n parms t ρ 95% confidence interval df Significant covariates

δ15N ​ ​ ​ ​ ​ ​ ​ ​ ​
M1sm.SF Smooth + f(Category) + SF 21,873.78 na 251.73 66.04 0.67 0.65–0.68 5,426 Bathy, DIC, MLD, PC1
M0.SF f(Category) + SF 21,945.75 71.97 245.63 64.90 0.66 0.65–0.68 5,426 na
M1lin.SF Linear + f(Category) + SF 21,948.82 75.04 247.40 64.90 0.66 0.65–0.68 5,426 MLD
M1sm Smooth + f(Category) 22,895.48 1,021.70 42.25 45.08 0.52 0.50–0.54 5,426 All
M1lin Linear + f(Category) 23,346.84 1,473.06 14.19 36.93 0.45 0.43–0.47 5,426 Bathy, BT, MLD, PC1
M0 f(Category) 23,453.29 1,579.51 9.63 34.93 0.43 0.41–0.45 5,426 na
δ13C ​ ​ ​ ​ ​ ​ ​ ​ ​
M0.SF f(Category) + SF 24,215.33 na 464.18 99.31 0.79 0.78–0.80 6,032 na
M1lin.SF Linear + f(Category) + SF 24,257.29 41.96 507.26 99.83 0.79 0.78–0.80 6,032 Bathy, MLD
M1sm.SF Smooth + f(Category) + SF 24,264.02 48.69 575.72 101.56 0.79 0.78–0.80 6,032 Bathy, DIC, MLD, PC1
M1sm Smooth + f(Category) 25,717.11 1,501.78 45.76 67.88 0.66 0.64–0.67 6,032 All
M1lin Linear + f(Category) 26,220.12 2,004.79 17.53 60.57 0.61 0.60–0.63 6,032 Bathy, BT, DIC, PC1
M0 f(Category) 26,490.21 2,274.88 12.27 56.87 0.59 0.57–0.61 6,032 na

Model notation: M0 = null model (no environmental covariates); M1lin = model with linear covariates; M1sm = model with smooth covariates; “.SF” indicates in
clusion of a spatial field.
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km; 54.4–96.7 km; Fig. 3A). Thus, including covariates resulted in only a 
marginal reduction in spatial range relative to the null model when 
modeled as smooth terms, and no reduction when modeled as linear 
effects. For δ13C, spatial field ranges were even shorter and similarly 
unaffected by the inclusion of covariates: M0.SF: 38.3 km (29.0–50.8 
km), M1lin.SF: 32.4 km (23.6–44.2 km), and M1sm.SF: 33.6 km 
(24.2–46.2 km; Fig. 3B). Mean spatial ranges were only slightly greater 
than half of the maximum mesh edge length (100 km) for δ15N, and less 
than half for δ13C. For reference, the mean nearest-neighbor distance 
among unique sample locations was 22.2 ± 28.1 km (median 13.2 km) 
for δ15N and 19.0 ± 38.7 km (median 7.0 km) for δ13C.

3.4.3. Non-spatial random effects
Marginal posterior distributions of the category random effect are 

shown in Fig. 4. Substantial isotopic variability among categories (ca. 
4‰ for both δ15N and δ13C) persisted across models, indicating this 
variation was largely independent of environmental covariates and 
continuous spatial structure. For δ15N, pico-nanoplankton had the 
lowest values, phytoplankton and suprabenthos the highest, and POM, 
sediment, and zooplankton were intermediate (Fig. 4A). For δ13C, POM, 

pico-nanoplankton and sediment showed the lowest values, followed by 
phytoplankton and zooplankton, with suprabenthos highest (Fig. 4B). 
Posterior distributions overlapped more for δ15N than for δ13C. For δ15N, 
strong overlap occurred among POM, sediment, and zooplankton, and 
between phytoplankton and suprabenthos. In contrast, δ13C posteriors 
showed clearer separation, with overlap mainly among POM, sediment, 
and pico-nanoplankton, and between phytoplankton and zooplankton, 
while suprabenthos remained distinct (Fig. 4).

The inclusion of season as an additional random effect, using a 
reduced dataset (88–89% of samples for δ15N and δ13C) with complete 
seasonal metadata, marginally improved WAIC values for both isotopes 
(δ15N: WAIC: Category + Season = 19,092.34 vs Category = 19,189.84; 
δ13C: WAIC: Category + Season = 21,129.12 vs Category = 21,167.19). 
However, predictive accuracy and spatial range remained unchanged 
(Table S5). Posterior variability among seasons was substantially 
smaller (ca. 1‰ for δ15N, 0.5‰ for δ13C) than among categories, and 
seasonal posteriors overlapped extensively (Fig. S12), with limited in
fluence on category estimates.

Fig. 3. Posterior probability distributions of the spatial field range parameter for δ15N (A) and δ13C (B) models. All models include the spatial field and category as 
random effects. Models shown are: (i) null spatial models without covariates (M0.SF), ii) models with covariates as linear fixed effects (M1lin.SF), and iii) models 
with covariates as smooth terms (M1sm.SF). Thicker lines indicate the best-performing models based on WAIC (M1sm.SF for δ15N and M0.SF for δ13C).

Fig. 4. Marginal posterior distributions of the category random effect for δ15N (A) and δ13C (B) models. Each distribution (π | D) represents the probability density of 
the deviation of a given category from the overall mean isotope value, conditional on the data. Distributions are derived from the best-performing models (M1sm.SF 
for δ15N and M0.SF for δ13C).

S. Magozzi et al.                                                                                                                                                                                                                                Progress in Oceanography 248 (2026) 103794 

10 



3.4.4. Predicted isoscapes
Isoscapes predicted using the best-performing models (M1sm.SF for 

δ15N and M0.SF for δ13C) showed that predictions were spatially con
strained around areas with high sampling density (Fig. 5). In regions 
farther from sampled locations, predicted values rapidly reverted to the 
model’s global mean: 4.1 ± 0.8‰ (mean ± SD) for δ15N (Fig. 5A) and 
–22.5 ± 0.6‰ for δ13C (Fig. 5B). Prediction uncertainty was high across 
the domain, with mean ± SD predicted variances of 1.5 ± 0.6‰ for δ15N 
(range: 0.5–7.1‰) and 1.6 ± 0.9‰ for δ13C (range: 0.4–7.8‰). The 
spatial distribution of uncertainty closely mirrored that of the predicted 
means, with lowest uncertainty at sampled locations and consistently 
high uncertainty across unsampled areas (Fig. 5C, D).

In both isoscapes, mean spatial variation in predicted values (0.8‰ 
for δ15N and 0.6‰ for δ13C) was smaller than mean posterior uncer
tainty (1.5‰ and 1.6‰, respectively), indicating that spatial differences 
were weak relative to model uncertainty. The δ15N isoscape showed 
apparent differences among discrete, well-sampled regions – for 
example, lower predicted values in the Gulf of Lion and Aegean Sea 
compared to higher values in the Balearic and Adriatic regions (Fig. 5A). 
These differences exceeded local prediction uncertainty within well- 
sampled regions, but did not persist across the distances separating 
those regions, such that spatial differences were not maintained across 
poorly sampled areas.

Predictions from models including covariates showed greater 
apparent structure than those from null spatial models (Fig. S13-S15). 
However, this structure primarily reflected the spatial distribution of the 
covariates used for prediction rather than improved recovery of isotope 
gradients. Relative to null models, predictive accuracy remained un
changed, spatial ranges did not decrease, and uncertainty remained high 
across the domain. Overall, covariate-based models did not produce 
more accurate or more spatially resolved predictions than the null 
spatial models.

4. Discussion

This study represents a first attempt to construct basin-scale iso
scapes for the Mediterranean Sea using a large, opportunistically 
compiled dataset of δ15N and δ13C values from low-trophic-level com
partments. Using a Bayesian INLA framework (St John Glew et al., 
2019b), we evaluated whether environmental covariates and spatial 
autocorrelation could resolve broad-scale (hundreds of kilometers) 
geographic structure in baseline isotope values while accounting for 
sample heterogeneity through a category random effect.

Our main finding is that spatial variance in the dataset was domi
nated by small-scale structure for both isotopes (ca. 40 km for δ13C and 
65  km for δ15N; Fig. 3), while the inclusion of environmental covariates 
did not improve predictive performance (Table 2). This contrasts with 
expectations for systems structured by broad-scale, environmental gra
dients, where covariates explain large-scale variation and the spatial 
field captures only weak, localized variance that cannot be attributed to 
the covariates or other nominally non-spatial random effects. Instead, 
both null and covariate-based models consistently produced short- 
range, high-variance spatial fields, indicating that the spatial compo
nent primarily fitted strong, localized non-attributable variance, rather 
than coherent, basin-scale structure.

This pattern reflects a mismatch between the spatial structure of 
isotopic variation and the sampling design. While isotopic variation is 
expected to follow environmental gradients, the compiled dataset is not 
structured to resolve these gradients or to separate spatial from non- 
spatial sources of variation. Sampling is uneven relative to expected 
spatial variation, and non-spatial sources of variability (e.g., category, 
season, year, depth, taxonomy, method) are not only heterogeneous but 
also spatially clustered. As a result, non-spatial effects become 
confounded with space, and the spatial field absorbs variability arising 
from true fine-scale heterogeneity and unresolved, spatially structured 
non-spatial variation. This explains why spatial models outperformed 
non-spatial ones (Table 2) despite failing to resolve broad-scale 
gradients.

Fig. 5. Predicted isoscape surfaces for δ15N (A, C) and δ13C (B, D) across the Mediterranean Sea. Panels show posterior means (A, B) and posterior variances (C, D) 
predicted by the best-performing models (M1sm.SF for δ15N and M0.SF for δ13C). Variances are displayed on a log10 color scale for visualization. Points indicate 
sampling locations. Predictions represent geographic baseline isoscapes derived from six sample categories representing low-trophic-level food web compartments 
primarily supported by epipelagic production. Category was included as a non-spatial random effect to account for systematic differences among groups.
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Consequently, predicted isoscapes are constrained to short distances 
and revert to near-uniform mean values outside well-sampled areas, 
limiting their ability to represent continuous basin-scale patterns. That 
is, predicted isoscapes primarily reflect the structure of the underlying 
dataset rather than spatially resolved isotopic baselines. Apparent 
regional differences – such as lower δ15N values in the Gulf of Lion, 
Liguro-Provençal basin, and southeastern Mediterranean, and higher 
values in the Catalan-Balearic, Adriatic, and northern Aegean regions – 
likely reflect real contrasts among discrete, well-sampled regions. 
However, these differences cannot be reliably extrapolated beyond 
sampled areas. They are captured as localized features rather than 
components of a continuous spatial gradient, and their broader spatial 
extent and connectivity across poorly sampled regions remain 
unresolved.

4.1. Are there continuous isotopic gradients in the Mediterranean Sea?

Our results indicate that isotopic variation in the compiled dataset in 
both δ15N and δ13C is dominated by localized structure rather than clear 
basin-scale gradients. This pattern could arise from two non-mutually 
exclusive scenarios: broad-scale isotope gradients may be genuinely 
weak or absent in the Mediterranean Sea, or they exist but are not 
resolved given the characteristics of the compiled dataset.

Regarding the first scenario, several independent lines of evidence 
suggest that broad-scale isotope gradients do exist in the Mediterranean 
Sea. Key environmental drivers of δ13C and δ15N – temperature, nutrient 
availability, productivity, and nitrogen sources – differ markedly be
tween the cooler, more eutrophic western basin and the warmer, 
oligotrophic eastern basin (Fig. 1 and S5; Coll et al., 2010; Salgado- 
Hernanz et al., 2019; Reale et al., 2022; Salgado-Hernanz et al., 2022; 
Álvarez et al., 2023). These variables underpin mechanistic isoscape 
models at global scales (Schmittner et al., 2013; Magozzi et al., 2017; 
Somes et al., 2010) and are established predictors in sample-based iso
scapes (e.g., St John Glew et al., 2019b; Espinasse et al., 2022). The 
pronounced longitudinal gradients in these variables provide a strong 
theoretical basis for expecting corresponding isotope gradients in 
organic production. Empirical observations further support this expec
tation. Basin-scale variation in δ13C DIC has been documented (< 0.5‰; 
Pierre, 1999; Sisma-Ventura et al., 2016), consistent with productivity 
and temperature gradients. Regional differences in δ13C and/or δ15N 
values have also been reported across a range of taxa and ecosystem 
compartments, including POM (Chaikalis et al., 2021), crustaceans 
(Cartes et al., 2014), cephalopods (David Wells et al., 2021), fishes 
(Andrews et al., 2023), and sea turtle hatchlings (Cardona et al., 2014), 
as well as at finer spatial scales in coastal fishes (Jennings et al., 1997; 
Rumolo et al., 2016). Even within our dataset, winter POM samples 
show consistent, albeit subtle, differences between the western and 
eastern basins (δ15N: 0.4‰, W = 46206, p-value < 0.05; δ13C: 1.2‰, W 
= 41350, p-value < 0.05). Similarly, the full δ15N dataset (and corre
sponding isoscape) supports differences among discrete, well-sampled 
regions, although spatial modeling cannot determine whether these 
represent continuous gradients or isolated regional signals (Fig. 5). 
Taken together, these observations indicate that isotopic gradients likely 
exist at both basin and regional scales in the Mediterranean Sea.

Nonetheless, basin-scale gradients may be relatively weak. For car
bon, the longitudinal temperature gradient is modest (ca. 5 ◦C across the 
basin; Fig. 1 and S5) compared to the stronger latitudinal contrasts (2–3- 
fold larger) that drive pronounced δ13C isoscapes in larger oceanic 
systems (Espinasse et al., 2020; St John Glew et al., 2021), though 
comparable to variation in UK shelf seas (St John Glew et al., 2019b). 
Similarly, chlorophyll a concentrations in the Mediterranean (ca. 0.2 mg 
m− 3; Fig. 1 and S5) are substantially lower (ca. 1–2 orders of magnitude) 
than in more productive systems (St John Glew et al., 2019b; Espinasse 
et al., 2020, 2022; Cobain et al., unpubl results), potentially resulting in 
weaker isotope gradients. Moreover, environmental controls can act in 
opposing directions – for example, cooler temperatures in the west tend 

to lower phytoplankton δ13C values (Rau et al., 1989), whereas higher 
nutrient availability can elevate it through increased growth rates (Rau 
et al., 1996, 1997; Laws et al., 1995, 1997). For nitrogen, contrasts in 
source contributions between the two basins (Pantoja et al., 2002; 
Koppelmann et al., 2003; Struck et al., 2001) may be dampened by 
overlapping processes (Wald et al., 2025; Mara et al., 2009; Emeis et al., 
2010; Krom et al., 2010; Ibello et al., 2010; Benavides et al., 2016), 
including N2 fixation in both basins (Bonnet et al., 2011; Rahav et al., 
2013; Ridame et al., 2022) and variable anthropogenic inputs. Basin- 
scale circulation and mixing further homogenize surface baselines, 
reducing the isotopic expression of underlying biogeochemical gradients 
(e.g., Chaikalis et al., 2021; Merquiol et al., 2023). Interannual vari
ability in circulation and Atlantic inflow may additionally disrupt or 
weaken persistent large-scale patterns (Millot and Taupier-Letage, 
2005).

4.2. Dataset limitations and implications for modeling continuous isotopic 
gradients

While environmental gradients and biogeochemical processes may 
constrain the strength of isotope patterns, the ability to detect such 
gradients ultimately depends on how the data are structured relative to 
those processes. In this study, the compiled dataset was not suitably 
structured to resolve spatial isotopic variation expected along environ
mental gradients. Sampling was uneven in space and confounded mul
tiple sources of variability (e.g., category, season, year, depth, 
taxonomy, method), which were not independently represented across 
the basin and were, to varying extents, themselves spatially structured. 
Although hierarchical models are designed to accommodate unbalanced 
sampling, the co-occurrence of these sources of variability in space 
limits the ability to separate spatial from non-spatial effects. As a result, 
spatial and non-spatial sources of variation could not be effectively 
disentangled.

The key limitation is not simply uneven sampling, but that non- 
spatial sources of variation are themselves spatially structured. When 
non-spatial factors are spatially clustered or covary with environmental 
gradients, they become confounded with space. Under these conditions, 
non-spatial variability can be expressed as spatial signal, and the spatial 
field absorbs variance arising from both true geographic structure and 
unresolved, spatially structured non-spatial effects. Consequently, the 
spatial component does not represent purely geographic variation, but 
reflects the combined structure of the data.

The issue is further amplified by the spatial distribution of sampling. 
Observations are strongly concentrated in coastal environments, while 
offshore regions – particularly in the southern and eastern Mediterra
nean – are comparatively underrepresented. Coastal environments are 
inherently more isotopically variable due to localized biogeochemical 
inputs (e.g., river plumes, lagoons), short-term temporal fluctuations, 
complex trophic interactions, and anthropogenic influences (e.g., 
Bănaru et al., 2014; Liénart et al., 2017; Signa et al., 2020; Darnaude 
et al., 2004; Cresson et al., 2012; Miller et al., 2013; Chen et al., 2023), 
reducing signal-to-noise ratios in the data. In contrast, offshore regions 
typically exhibit lower variability and provide the spatial context 
necessary to resolve basin-scale gradients. This imbalance does not 
simply reduce coverage, but disproportionately weights model fitting 
toward highly variable, spatially clustered observations, further 
increasing the likelihood that non-spatial variability is expressed as 
spatial structure.

Among non-spatial effects, sample category was the only factor that 
could be consistently modeled across the full dataset, yet it captured 
only part of the variability, accounting for ca. 32.8–38.5% (for δ15N and 
δ13C, respectively) of the combined category and residual variance. 
Substantial differences among categories (ca. 4‰ for both δ15N and 
δ13C) persisted across models, confirming that category represents an 
important source of isotopic variation independent of environmental 
covariates and spatial structure. If unaccounted for, such variability 
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could bias inference, as differences of this magnitude represent a major 
portion of the spatial variance typically observed in marine isoscapes. 
While the category random effect captured some structured differences 
among groups, posterior distributions often overlapped between 
ecologically distinct categories or deviated from expected trophic pat
terns (Fig. 4), particularly for δ15N, which is typically trophically 
structured due to substantial trophic discrimination (DeNiro and 
Epstein, 1978, 1981; Post, 2002). For instance, zooplankton, as con
sumers, would be expected to exhibit higher δ15N than phytoplankton, 
yet the reverse was observed (Fig. 4A). These inconsistencies likely arise 
because category distributions covary with location and other unmod
eled factors, rather than reflecting purely ecological differences. 
Consequently, the category effect absorbed both true group-level dif
ferences and spatially confounded or non-categorical variability, 
limiting its interpretability.

Other key sources of variation – particularly season and depth −
were likely among the strongest drivers of isotopic variability (e.g., 
Polunin et al., 2001; Fanelli et al., 2013, 2011; Papiol et al., 2013; 
Cresson et al., 2012; Savoye et al., 2003; Valls et al., 2014b) but could 
not be reliably incorporated due to incomplete or inconsistent metadata 
and their uneven, spatially structured representation. For instance, 
sampling season was often missing or not comparable across regions 
with differing climatic and oceanographic regimes (e.g., eastern and 
western basins) and among sample types with different isotopic incor
poration rates (e.g., phytoplankton vs suprabenthic invertebrates). 
Critically, season and depth were not sufficiently represented across 
space and categories to support their inclusion as random effects in the 
full dataset. Including season as an additional crossed random effect in a 
reduced dataset with complete metadata marginally improved model fit 
but did not enhance predictive performance or alter spatial predictions 
(Table S5), indicating that additional model complexity described in
ternal dataset structure rather than resolving underlying processes. 
Under these conditions, season likely functions in part as a sampling 
block (e.g., reflecting individual surveys or cruises) rather than repre
senting a coherent temporal signal, as also suggested by the lack of 
consistent patterns in posterior distributions (Fig. S12). Similarly, depth- 
related processes – including subsurface production, vertical transport, 
and remineralization – introduce additional variability, as reworking 
extends trophic pathways before incorporation into sampled pools (e.g., 
POM), thereby modifying δ15N and δ13C values relative to surface pro
ducers (Saino and Hattori, 1980; Pavlidou et al., 2020; Chaikalis et al., 
2021; Pasqual et al., 2015). Such variability cannot be separated from 
surface signals under the available sampling design. Limited vertical 
resolution further constrains the ability to resolve these effects, which 
would likely require fully three-dimensional modeling approaches.

We argue that, taken together, these factors result in a low signal-to- 
noise ratio, in which spatially structured variation is obscured by un
resolved local and non-spatial variability. The short spatial ranges and 
weak predictive performance observed across models therefore reflect 
the interaction between structured sources of variation and a sampling 
design that is not aligned with them, rather than the absence of isotopic 
gradients in the system.

Importantly, these limitations do not reflect poor data quality. The 
compiled dataset integrates high-quality observations from numerous 
studies (Table S1) and is large relative to many existing marine isoscapes 
(> 6000 samples from > 600 sites), comparable to or exceeding that of 
datasets used in isoscapes for the Southern Ocean (N > 3000 samples; St 
John Glew et al., 2021), North Atlantic (N = 570; Espinasse et al., 2022), 
or UK shelf seas (N = 627; St John Glew et al., 2019b). Metadata 
incompleteness or inconsistency should not be interpreted as a defi
ciency: in studies not designed for spatial analysis, such information is 
often unnecessary. Similar gaps are widespread – for example, Skinner 
et al. (Skinner et al., 2022) reported that 17% of isotope studies in coral 
reef ecosystems lacked sufficient detail to identify sampling time or 
location. Rather the limitation lies in the lack of alignment between 
sampling design and the requirements of spatial modeling. There is clear 

structure in the data – and thus potential to generate informative iso
scapes – but the opportunistic nature of sampling prevents meaningful 
separation of spatial and non-spatial components of isotopic variation.

More broadly, this case illustrates a general limitation of applying 
variance-partitioning spatial models to opportunistically compiled 
datasets. Isoscapes can be derived when sampling designs allow key 
sources of variation to be represented across space in a way that enables 
their effects to be distinguished statistically. When this condition is not 
met, variance is partitioned according to the structure of the data rather 
than underlying processes, and resulting isoscapes cannot be interpreted 
as true geographic signals. These challenges are not unique to the 
Mediterranean, but are likely to arise in any system where sampling is 
unstructured relative to spatially and ecologically structured sources of 
variation. For spatial isotope applications, reference datasets must be 
built from spatially explicit, coordinated, and appropriately replicated 
sampling efforts – such as basin-scale epipelagic surveys or Continuous 
Plankton Recorder-type programs (Richardson et al., 2006). High- 
quality data alone are not sufficient; alignment between sampling 
structure and modeling requirements is essential.

4.3. Implications for spatial inference from compiled datasets and future 
sampling design

Broad-scale gradients in δ15N and δ13C values have been successfully 
identified in several marine systems using opportunistic or mixed-source 
datasets (e.g., McMahon et al., 2013; Espinasse et al., 2020; St John 
Glew et al., 2021; Espinasse et al., 2022). However, these cases were 
generally more amenable to spatial modeling than the Mediterranean 
Sea. Samples were typically more homogenous and often restricted to 
specific epipelagic compartments (e.g., POM; St John Glew et al., 2021; 
copepods; Espinasse et al., 2020, 2022; or gelatinous plankton; St John 
Glew et al., 2019b), and in some cases were explicitly collected for 
isoscape construction (St John Glew et al., 2019b). This allowed models 
to more effectively separate spatial structure from species- or time- 
related effects and recover coherent isotope patterns. In contrast, the 
Mediterranean dataset integrates a broader range of sample types across 
an environmentally complex and dynamic basin. While this increases 
ecological relevance and spatial coverage, it also introduces multiple, 
interacting sources of variability that limit the ability of spatial models 
to accurately partition variance.

These findings have broader implications as compiled isotope data
sets become increasingly available (e.g., Berto et al., 2025; IsoBank, 
2025; IsoArcH, 2025; see also Arnoldi et al., 2023; Silva et al., 2022) and 
are applied to spatial modeling (Perga et al., 2026). When key sources of 
variance are uncontrolled or spatially confounded, even advanced 
Bayesian spatial models cannot compensate for limitations in sampling 
design. This has consequences not only for isoscape construction but for 
any analysis relying on hierarchical or spatial inference from opportu
nistic data.

Several diagnostic indicators can help assess whether a dataset is 
suitable for spatial applications: (i) semivariograms showing only short- 
range autocorrelation; (ii) spatial fields with short estimated ranges and 
high variances; (iii) random effects (e.g., category) with posterior dis
tributions that deviate from ecological expectations; and (iv) environ
mental covariates that fail to improve predictive performance or to 
reduce the spatial field’s range and variance. Together, these signals 
indicate that spatial isotope structure is unresolved. In such cases, iso
scape predictions should not be extrapolated beyond sampled locations, 
and even local predictions should be interpreted cautiously, as the 
spatial field may primarily reflect non-attributable variance rather than 
genuine local signals. More broadly, these limitations extend beyond 
spatial analyses. In non-spatial analyses (e.g., mixing models, niche 
analyses, or time-series), it may be even more difficult to determine 
whether a lack of predictable structure reflects true ecological vari
ability or an artefact from uncontrolled variance in opportunistic 
datasets.
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To support robust spatial inference, sampling design must be aligned 
with the structure of isotopic variation. This does not require uniform 
coverage, but key sources of variability must be represented across space 
in a way that allows their effects to be distinguished statistically. In 
practice, this means ensuring that different levels of important factors (e. 
g., category, season, depth, etc.) are not systematically clustered in 
specific regions or confounded with spatial gradients.

Future efforts in the Mediterranean and similar systems should pri
oritize systematic, targeted, and coordinated sampling strategies. To 
separate spatial from non-spatial effects, key sources of variance should 
be represented across space at scales comparable to observed or ex
pected autocorrelation ranges. Replication does not need to occur at 
every location, but variation must be structured such that contrasts can 
be estimated independently of location. Stratified designs (e.g., inshore 
vs offshore systems; see Fanelli et al., 2022; Tesán-Onrubia et al., 2023) 
may also be effective when environmental drivers operate at different 
scales. Without such structure, increasing sample size alone will not 
improve inference, as unresolved variability will continue to be absor
bed into spatial components. In contrast, fine-scale, structured sampling 
– particularly in spatially heterogeneous areas such as coastal and island 
systems – would allow non-spatial variance to be explicitly modeled, 
reduce overfitting by the spatial field, and improve the detection of 
meaningful gradients. That said, resolving spatial variation across 
multiple scales simultaneously remains logistically constrained: 
capturing kilometer-scale variability across the entire Mediterranean 
would require sampling densities that are not realistically achievable. 
Where full standardization is not feasible, comprehensive, high-quality 
metadata remain essential to ensure that data structure can be incor
porated into models.

Large-scale coordinated programs such as GEOTRACES (2025)
demonstrate the feasibility of spatially extensive, intercalibrated sam
pling. In the Mediterranean, similar progress could be achieved by 
integrating isotope analyses into existing monitoring programs (e.g., 
MEDITS; Spedicato et al., 2019; MEDIAS; Giannoulaki et al., 2021; 
PELMED; Ifremer, 2022). Embedding isotope sampling within ongoing 
surveys would also align with ecosystem-based monitoring frameworks 
(de Boois, 2019). Adding δ13C and δ15N analyses to routine sampling of 
low-mid trophic level organisms – such as benthic filter feeders (e.g., 
bivalves; Jennings and Warr, 2003; Liénart et al., 2025; Barnes et al., 
2009; and pelagic species, e.g., forage fish, scyphomedusae; St John 
Glew et al., 2019b) – would provide spatially coherent proxies for 
baseline variation at relatively low cost, complementing efforts under 
Descriptor 4 (“Marine Food Webs”) of the EC Marine Strategy Frame
work Directive (MSFD; EU, 2008) to assess trophic structure. Such taxa 
offer advantages for isoscape development: primary producers and POM 
are often too dynamic to resolve large-scale patterns, zooplankton often 
include mixed trophic strategies, and higher trophic levels integrate 
signals over too broad spatial and temporal scales. In contrast, shorter- 
lived forage fish and similar organisms provide a balance between 
spatial coverage, ecological integration, and limited mobility (Rumolo 
et al., 2025; Ortiz et al., 2024).

Ultimately, progress toward reliable isoscapes in the Mediterranean 
region and elsewhere will depend not on data volume alone, but 
alignment between sampling strategies and modeling objectives.

5. Conclusions

We compiled thousands of stable isotope measurements from across 
the Mediterranean Sea, revealing substantial isotopic variation and 
spatial structuring at multiple ecological and spatial scales across the 
region. These patterns indicate that meaningful isotopic heterogeneity 
exists within Mediterranean food web baselines and confirm that iso
topic variation in the basin contains a spatially informative signal. 
However, advanced Bayesian models were unable to reliably resolve this 
heterogeneity into a single continuous isoscape from the available 
opportunistic dataset, despite its size and the high quality of the 

individual studies. This does not imply isotopic homogeneity or the 
absence of spatial gradients across the Mediterranean, but rather an 
inability to resolve and reliably generalize those gradients given the 
mismatch between sampling design and the requirements of spatial 
inference. Our results demonstrate that even sophisticated hierarchical 
models do not yield reliable isoscapes when sampling is not structured 
relative to the underlying spatial and ecological gradients (Rumolo 
et al., 2025).

The compiled dataset nevertheless represents a valuable resource 
and diagnostic framework. Beyond documenting basin-wide isotopic 
variability, it provides empirical insight into the conditions under which 
spatial inference succeeds or fails, and therefore informs future sampling 
strategies. Assembled from thousands of measurements spanning the 
Mediterranean basin, it represents one of the most comprehensive stable 
isotope syntheses currently available for the region. Reliable isoscape 
development will require systematic, spatially explicit, and targeted 
sampling designs integrated with coordinated monitoring programs to 
constrain key sources of variability. In the Mediterranean, this challenge 
is amplified by oceanographic and ecological features that promote 
strong fine-scale variability, including oligotrophy, restricted circula
tion, localized inputs, mesoscale processes such as fronts, eddies, and 
upwelling, and complex habitat mosaics (Darnaude et al., 2004; Fanelli 
et al., 2011; Rumolo et al., 2018; Cartes et al., 2024; Bury et al., 2024), 
representing an ecological limit to the generalization of isotopic base
lines. More broadly, as large datasets become increasingly available, 
caution is warranted (see Kerr et al., 2025). Opportunistic datasets are 
often biased (St John Glew et al., 2019b, 2021; Espinasse et al., 2022; 
Courtiol and Rousset, 2017), and sophisticated hierarchical models are 
no substitute for well-structured sampling. Robust ecological inference 
therefore depends not only on data availability, but on critically eval
uating dataset structure and aligning sampling design with analytical 
objectives.

6. Data availability

All data and R code used in this study are publicly available on 
Zenodo (Magozzi and Cobain, 2026).
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Côtière); the OCEAN-CERTAIN campaign was supported by the project 
OCEAN-CERTAIN (GA #603773) of the European Commission; Louise 
Merquiol’s PhD fellowship funded by the Stazione Zoologica Anton 
Dohrn (Open University – Stazione Zoologica Anton Dohrn PhD Pro
gram); Nives Ogrinc’s research supported by the Slovenian Research and 
Innovation Agency under the program P1-0143. Research by Salvatrice 
Vizzini, Antonio Mazzola, and Geraldina Signa was funded by the pro
ject INTERREG-MED BLUEISLANDS (Ref: 613/1MED15_3.1_M12_273). 
Research by Alexandra Gogou, Constantine Parinos, Aristomenis P. 
Karageorgis, Nikolaos Lampadariou, Alexandra S. Pavlidou, Spyros 
Chaikalis, Ester Skylaki, and Ioanna Stavrakaki was supported by the 
following projects: “Support for upgrading the operation of the National 
Network for Climate Change - CLIMPACT” (Grant Agreement: 
2023NA11900001, MIS 5201588), funded by national Greek funds 
under the Ministry of Development & Investment; “MARine monitoring 
system of the Hellenic Seas using REmote sensing satellite data and 

S. Magozzi et al.                                                                                                                                                                                                                                Progress in Oceanography 248 (2026) 103794 

15 



insitu measurements - MARRE” project (T1EDK-02966) (EPAnEK, ESPA 
2014–2020; European Regional Development Fund); “Integrated Ob
servatories of the Greek Seas” (KRIPIS; NSRF/GR – EU ESPA 2007- 
2013); “Monitoring Program for the Implementation of the Marine 
Strategy Framework Directive (MSFD; 2008/56/EC) in the Hellenic 
Seas” (EPAnEK 2014-2020 GR / European Regional Development Fund); 
MarinERA (EU-RTD, FP6 ERA-NET), REDECO (CTM2008-04973-E/ 
MAR), and MEDECOS (CTM2008-04365-E) projects; PERLE cruise fun
ded in the framework of the French MISTRALS-MERMEX (CNRS/INSU) 
project: CONAN Pascal, DURRIEU DE MADRON Xavier (2019) PERLE2 
cruise, RV Pourquoi pas?, Doi: 10.17600/18000865. Rut Pedrosa- 
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Álvarez, M., Catalá, T.S., Civitarese, G., et al., 2023. Mediterranean Sea general 
biogeochemistry. In: Oceanography of the Mediterranean Sea. Elsevier, pp. 387–451. 
https://doi.org/10.1016/B978-0-12-823692-5.00004-2.

Andrews, A.J., Pampoulie, C., Di Natale, A., et al., 2023. Exploitation shifted trophic 
ecology and habitat preferences of Mediterranean and Black Sea bluefin tuna over 
centuries. Fish Fish. 24, 1067–1083. https://doi.org/10.1111/faf.12785.

Arcioni, M., D’Ambra, I., Vizzini, S., et al., 2025. Trophic ecology of the deep-sea skate 
Dipturus oxyrinchus (Linnaeus, 1758) in the bathyal food web of the central 
Mediterranean Sea. Deep Sea Res. Part I 225, 104602. https://doi.org/10.1016/j. 
dsr.2025.104602.

Arnoldi, N.S., Litvin, S.Y., Madigan, D.J., et al., 2023. Multi-taxa marine isoscapes 
provide insight into large-scale trophic dynamics in the North Pacific. Prog. 
Oceanogr. 213, 103005. https://doi.org/10.1016/j.pocean.2023.103005.

Azzurro, E., Sbragaglia, V., Cerri, J., et al., 2019. Climate change, biological invasions, 
and the shifting distribution of Mediterranean fishes: a large-scale survey based on 
local ecological knowledge. Glob. Chang. Biol. 25, 2779–2792. https://doi.org/ 
10.1111/gcb.14670.
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Koppelmann, R., Böttger-Schnack, R., Möbius, J., et al., 2009. Trophic relationships of 
zooplankton in the eastern Mediterranean based on stable isotope measurements. 
J. Plankton Res. 31, 669–686. https://doi.org/10.1093/plankt/fbp013.

Krom, M.D., Emeis, K.-C., Van Cappellen, P., 2010. Why is the Eastern Mediterranean 
phosphorus limited? Prog. Oceanogr. 85, 236–244. https://doi.org/10.1016/j. 
pocean.2010.03.003.

Kubin, E., Menna, M., Mauri, E., et al., 2023. Heat content and temperature trends in the 
Mediterranean Sea as derived from Argo float data. Front. Mar. Sci. 10, 1271638. 
https://doi.org/10.3389/fmars.2023.1271638.

Laws, E.A., Popp, B.N., Bidigare, R.R., et al., 1995. Dependence of phytoplankton carbon 
isotopic composition on growth rate and [CO2aq]: theoretical considerations and 
experimental results. Geochim. Cosmochim. Acta 59, 1131–1138. https://doi.org/ 
10.1016/0016-7037(95)00030-4.

Laws, E.A., Bidigare, R.R., Popp, B.N., 1997. Effect of growth rate and CO2 concentration 
on carbon isotopic fractionation by the marine diatom Phaeodactylum tricornutum. 
Limnol. Oceanogr. 42, 1552–1560. https://doi.org/10.4319/lo.1997.42.7.1552.

Liénart, C., Savoye, N., Bozec, Y., et al., 2017. Dynamics of particulate organic matter 
composition in coastal systems: a spatio-temporal study at multi-systems scale. Prog. 
Oceanogr. 156, 221–239. https://doi.org/10.1016/j.pocean.2017.03.001.

Liénart, C., Garbaras, A., Qvarfordt, S., et al., 2022. Spatio-temporal variation in stable 
isotope and elemental composition of key-species reflect environmental changes in 
the Baltic Sea. Biogeochemistry 157, 149–170. https://doi.org/10.1007/s10533- 
021-00865-w.

Liénart, C., Fournioux, A., Garbaras, A., et al., 2024. Bivalve tissues as a recorder of 
multidecadal global anthropogenic and climate-mediated change in coastal areas. 
Limnol. Oceanogr. Lett. 9, 653–666. https://doi.org/10.1002/lol2.10399.

Liénart, C., Fournioux, A., Garbaras, A., et al., 2025. Bivalve monitoring over French 
coasts: multi-decadal records of carbon and nitrogen elemental and isotopic ratios as 
ecological indicators of global change. Earth Syst. Sci. Data 17, 799–815. https:// 
doi.org/10.5194/essd-17-799-2025.

Lotze, H.K., Lenihan, H.S., Bourque, B.J., et al., 2006. Depletion, degradation, and 
recovery potential of estuaries and coastal seas. Science 312, 1806–1809. https:// 
doi.org/10.1126/science.1128035.

Ma, C., Vander Zanden, H.B., Wunder, M.B., et al., 2020. assignR: an r package for 
isotope-based geographic assignment. Methods Ecol. Evol. 11, 996–1001. https:// 
doi.org/10.1111/2041-210X.13426.

Mackelworth, P.C., Teff Seker, Y., Vega Fernández, T., et al., 2019. Geopolitics and 
marine conservation: synergies and conflicts. Front. Mar. Sci. 6, 759. https://doi. 
org/10.3389/fmars.2019.00759.

MacKenzie, K.M., Palmer, M.R., Moore, A., et al., 2011. Locations of marine animals 
revealed by carbon isotopes. Sci. Rep. 1, 21. https://doi.org/10.1038/srep00021.

MacKenzie, K.M., Longmore, C., Preece, C., et al., 2014. Testing the long-term stability of 
marine isoscapes in shelf seas using jellyfish tissues. Biogeochemistry 121, 441–454. 
https://doi.org/10.1007/s10533-014-0011-1.

MacKenzie, K.M., Robertson, D.R., Adams, J.N., et al., 2019. Structure and nutrient 
transfer in a tropical pelagic upwelling food web: from isoscapes to the whole 
ecosystem. Prog. Oceanogr. 178, 102145. https://doi.org/10.1016/j. 
pocean.2019.102145.

Madurell, T., Fanelli, E., Cartes, J.E., 2008. Isotopic composition of carbon and nitrogen 
of suprabenthic fauna in the NW Balearic Islands (western Mediterranean). J. Mar. 
Syst. 71, 336–345. https://doi.org/10.1016/j.jmarsys.2007.03.006.

S. Magozzi et al.                                                                                                                                                                                                                                Progress in Oceanography 248 (2026) 103794 

17 

https://doi.org/10.1098/rsos.210345
https://doi.org/10.1098/rsos.210345
https://doi.org/10.17895/ices.pub.4703
https://doi.org/10.1016/0016-7037(78)90199-0
https://doi.org/10.1016/0016-7037(78)90199-0
https://doi.org/10.1016/0016-7037(81)90244-1
https://doi.org/10.1016/0016-7037(81)90244-1
https://doi.org/10.1038/s41598-020-67858-x
https://www.eea.europa.eu/en/analysis/indicators/european-sea-surface-temperature
https://www.eea.europa.eu/en/analysis/indicators/european-sea-surface-temperature
https://doi.org/10.1029/2009JG001214
https://doi.org/10.3389/feart.2021.702285
https://doi.org/10.3389/feart.2021.702285
https://doi.org/10.1111/geb.13022
https://doi.org/10.1111/geb.13022
https://doi.org/10.3389/fevo.2022.986082
http://refhub.elsevier.com/S0079-6611(26)00128-X/h0960
http://refhub.elsevier.com/S0079-6611(26)00128-X/h0960
http://refhub.elsevier.com/S0079-6611(26)00128-X/h0960
http://refhub.elsevier.com/S0079-6611(26)00128-X/h0960
https://doi.org/10.1016/j.dsr.2009.04.004
https://doi.org/10.1016/j.dsr.2009.04.004
https://doi.org/10.1016/j.jmarsys.2011.03.003
https://doi.org/10.3354/meps10430
https://doi.org/10.3354/meps10430
https://doi.org/10.1007/s10530-015-0868-5
https://doi.org/10.5194/bg-19-1833-2022
https://doi.org/10.5194/bg-19-1833-2022
https://doi.org/10.1007/s00027-024-01127-1
https://doi.org/10.1016/j.marpol.2010.02.001
https://doi.org/10.1016/j.marpol.2010.02.001
https://www.geotraces.org/
https://doi.org/10.12681/mms.29068
https://doi.org/10.1038/s41598-024-52256-4
https://doi.org/10.1038/s41598-024-52256-4
https://doi.org/10.1126/science.1149345
https://doi.org/10.1126/science.1149345
https://doi.org/10.1016/j.csr.2008.03.002
https://doi.org/10.1016/j.csr.2008.03.002
https://doi.org/10.1175/1520-0485(1988)018<1320:CWMEAJ>2.0.CO;2
https://doi.org/10.1175/1520-0485(1988)018<1320:CWMEAJ>2.0.CO;2
https://doi.org/10.1073/pnas.1909726116
https://doi.org/10.1371/journal.pone.0149599
https://doi.org/10.1029/2009GL041635
https://doi.org/10.1029/2009GL041635
https://sextant.ifremer.fr/geonetwork/srv/api/records/81834290-2946-4fb7-93b1-7d1655ef80f3
https://sextant.ifremer.fr/geonetwork/srv/api/records/81834290-2946-4fb7-93b1-7d1655ef80f3
https://isoarch.org/
https://isobank.org/
https://doi.org/10.1002/rcm.4792
https://doi.org/10.1002/rcm.4792
https://doi.org/10.1093/icesjms/fsv120
https://doi.org/10.1007/s00227-003-1020-0
https://doi.org/10.1007/s00227-003-1020-0
https://doi.org/10.3354/meps146109
https://doi.org/10.1007/s00227-002-0905-7
https://doi.org/10.1007/s00227-002-0905-7
https://doi.org/10.1002/rcm.3497
https://doi.org/10.1016/j.ecolind.2015.03.006
https://doi.org/10.1111/ecog.07355
https://doi.org/10.1029/2002JC001351
https://doi.org/10.1029/2002JC001351
https://doi.org/10.1093/plankt/fbp013
https://doi.org/10.1016/j.pocean.2010.03.003
https://doi.org/10.1016/j.pocean.2010.03.003
https://doi.org/10.3389/fmars.2023.1271638
https://doi.org/10.1016/0016-7037(95)00030-4
https://doi.org/10.1016/0016-7037(95)00030-4
https://doi.org/10.4319/lo.1997.42.7.1552
https://doi.org/10.1016/j.pocean.2017.03.001
https://doi.org/10.1007/s10533-021-00865-w
https://doi.org/10.1007/s10533-021-00865-w
https://doi.org/10.1002/lol2.10399
https://doi.org/10.5194/essd-17-799-2025
https://doi.org/10.5194/essd-17-799-2025
https://doi.org/10.1126/science.1128035
https://doi.org/10.1126/science.1128035
https://doi.org/10.1111/2041-210X.13426
https://doi.org/10.1111/2041-210X.13426
https://doi.org/10.3389/fmars.2019.00759
https://doi.org/10.3389/fmars.2019.00759
https://doi.org/10.1038/srep00021
https://doi.org/10.1007/s10533-014-0011-1
https://doi.org/10.1016/j.pocean.2019.102145
https://doi.org/10.1016/j.pocean.2019.102145
https://doi.org/10.1016/j.jmarsys.2007.03.006


Magozzi, S., Cobain, M., 2026. MedSea isoscape Data + Code (v2-acceptance) [Data set]. 
Zenodo. https://doi.org/10.5281/zenodo.17660854.

Magozzi, S., Yool, A., Vander Zanden, H.B., et al., 2017. Using ocean models to predict 
spatial and temporal variation in marine carbon isotopes. Ecosphere 8, e01763. 
https://doi.org/10.1002/ecs2.1763.

Mancinelli, G., Vizzini, S., Mazzola, A., et al., 2013. Cross-validation of δ15N and 
FishBase estimates of fish trophic position in a Mediterranean lagoon: the 
importance of the isotopic baseline. Estuar. Coast. Shelf Sci. 135, 77–85. https://doi. 
org/10.1016/j.ecss.2013.04.004.

Mara, P., Mihalopoulos, N., Gogou, A., et al., 2009. Isotopic composition of nitrate in wet 
and dry atmospheric deposition on Crete in the eastern Mediterranean Sea. Global 
Biogeochem. Cycles 23, GB4002. https://doi.org/10.1029/2008GB003395.

Martino, J.C., Trueman, C.N., Mazumder, D., et al., 2022. The universal imprint of 
oxygen isotopes can track the origins of seafood. Fish Fish. 23, 1455–1468. https:// 
doi.org/10.1111/faf.12703.
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