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Key link between iron and the size structure
of threemajormesoplanktonic groups in the
upper ocean

Mathilde Dugenne 1 , Marco Corrales-Ugalde 2, Jessica Y. Luo 3,
Lars Stemmann 1, Jean-Olivier Irisson 1, Fabien Lombard1, Todd O’Brien4,
Charles Stock3, PSSdb data contributors* & Rainer Kiko 5

In marine ecosystems, critical services like fish production, carbon export, or
the delivery of nutrients through N2-fixation rely heavily on the size spectrum
of pelagic organisms, particularly mesoplankton (200-20,000 µm). However,
the linkages between environmental factors and mesoplankton spectral bio-
geography remain largely unresolved, as so far only limited datasets exist to
understand the large-scale shifts in mesoplankton size. Using global compi-
lations of Rhizarian, colonial N2-fixer, and Crustacean images, we reveal the
role of iron in shaping the size structure and related biogeography of these
groups. Our findings underscore the importance of atmospheric sources of
iron for N2-fixers and Rhizarians while total iron, accounting for organic and
inorganic compounds, appeared to explain a high percentage of the variance
in Crustacean size structure via apparent recycling. Using environmental
explanatory variables, our models reached high R2 (0.93, 0.88, and 0.79
respectively), providing robust predictions of mesoplankton size structure
related to elemental cycling and ecosystem services. Our results suggest that
without compensatory mechanisms, future increases in global temperatures
could have negative effects on mesoplankton size, possibly limiting carbon
export from the productive layers to sequestration depth, thatmight be offset
by expected increases in iron inputs that benefit N2-fixers, Rhizarians, and
eventually Crustaceans.

The decrease of organism abundances in increasing size classes is a
universal feature of both terrestrial and aquatic ecosystems1–4 that
relates to ecosystem functioning and services like carbon export and
fish biomass production for the latter5–8. Both services are affected by
size-dependent processes, such as CO2 uptake9 and respiration10,
predation11, organic matter packaging12,13 and passive sinking14, that
underpin all links ofmarine foodwebs, frombacteria towhales15–17. As a
result, changes affectingplankton communities arecurrently observed

through the lens of the size spectrum framework via three
parameters18: the spectral intercept (which will increase or decrease if
all plankton groups are equally affected), the slope (which will vary
with differences in transfer efficiency), and the linearity (which may
decrease under perturbations that alter only certain size classes).
Using this framework, ecologists have shown that most plankton
communities varied in size with latitudinal gradients19,20, following the
set of empirical rules and theoretical principles linking global
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environmental gradients to plankton size structure, here defined as
spectral biogeography, reviewed by Barton et al.21. In their review, the
authors identified seasonal and latitudinal variations of temperature
and oxygen levels, resource availability and prey size structure, as well
as ocean circulation as major structuring elements of the pelagic
realm. Yet in practice, their effects are often hard to disentangle as
most factors co-vary in marine ecosystems and some relationships
appear contradictory to explain the spectral biogeography of the three
groups that dominate mesoplankton communities in the upper
ocean22: heterotrophic Crustaceans, mixotrophic Rhizarians, and
autotrophic N2-fixers represented by the genus Trichodesmium. For
example, Crustacean body size decreases under high temperature and
low oxygen levels, a relationship known as the Temperature-Size
Rule23, but also surprisingly with phytoplankton productivity and cell
size24. Opportunist mixotrophs are equally unpredictable, as they
should be favored in oligotrophic ecosystems, where sources of inor-
ganic andorganic nutrients are scarce, andparadoxically in productive
systems that undergo large seasonal fluctuations in resource
availability21. Lastly, future projections of marine N2-fixation are still
difficult despite its importance in delivering new nutrients to oligo-
trophic ecosystems25, as greater temperatures should increase the
growth of large N2-fixers like Trichodesmium, but also limit the supply
of their essential nutrients that would require a lower surface:volume
ratio. Overall, previous meta-analysis presenting the biogeography of
Crustacean copepod24, mixotrophic26, and heterotrophic Rhizarians27,
and colonial N2-fixers

19 only explained up to 50% of the variance in
mesoplankton occurrences or sizes, leaving important sources of
variability unexplained that the authors often linked to missing
explanatory variables or to further clustering within broad groups.
Eventually, all relationships linking environmental factors to organism
size spectra remain largely enigmatic, in part due to the paucity of
direct size structure compilations and related environmental gra-
dients, and to additional traits (diet, morphotypes) underpinning
specific adaptations within broader phyla.

In recent years, the size-structure framework has been used in
conjunction with other traits (e.g., feeding strategy, migration, buoy-
ancy) to represent plankton communities along a few functional axes,
instead of numerous taxa that cannot all be monitored or
cultivated28–35. To do so, ecologists have been using new imaging
devices that provide high-throughputproxies of functional complexity
across the five orders of magnitude in plankton sizes36,37. Here, we
present a compilation of keystone mesoplankton groups’ size spectra
measured from imaging devices deployed globally between 0 and
200m. We depict the spectral biogeography of Crustaceans based on
net-collected samples imaged with benchtop scanners, as well as
colonial N2-fixers and Rhizarians using Underwater Vision Profilers
(UVPs), since these organisms are severely damaged by nets. We first
explore the relationships between their size distributions and envir-
onmental descriptors (e.g., temperature, resource availability, or
mesoscale circulation), including diverse iron supply proxies, before
searching for specific adaptations to environmental factors within
these broad groups. Ultimately, we aim at improving our mechanistic
understanding of marine ecosystem functioning under diverse stres-
sors, asweused the linkages between size structure andenvironmental
gradients in conjunction with machine learning models (i.e., boosted
regression trees) to generate global predictions of group-specific size
structure. These will help refine or validate plankton models, with the
goal to constrain the future projections of ecosystem processes under
climate change.

Results
A spectral analysis of three keystone mesoplankton biogeo-
graphy in the upper ocean
In this study, we compiled images from benchtop scanners and UVP
that have been regularly deployed in all major ocean basins since the

mid 2000s,with the highest concentration of samples recordedwithin
the epipelagic layer of the subtropics (Fig. 1a, b). Despite their relative
spatial proximity, regions with the strongest sampling bias were typi-
cally sampled months apart (Fig. 1c–f), providing discontinuous
records of mesoplankton size spectrum in space and time that helped
us disentangle the effect of seasonal or decadal trends from broad
spatial gradients on their spectral biogeography. After taxonomic
standardization, all image annotations pointed to the global impor-
tance of colonial N2-fixers, Rhizarians, and Crustaceans within meso-
plankton communities, as the first two groups represented 45% and
15% of the total images compiled from UVP datasets, while the latter
corresponded to 81% of the overall scanner images aligning with the
known bias for non-gelatinous taxa collected with traditional nets
(Fig. 1g, h). We combined UVP profiles and scanned nets to compute
the epipelagic size spectra of colonial N2-fixers (exclusively repre-
sented by two morphotypes of the colonial genus Trichodesmium),
Rhizarians (regrouping the 4 main classes of Acantharia, Collodaria,
Foraminifera, and Phaeodaria), and Crustaceans (including three
classes of Copepoda, Malacostraca, and Ostracoda), averaged by 1°
latitude, longitude, and by year-month bins to limit statistical bias
arising from autocorrelated measurements. Important similarities
across the three main groups’ size spectra can be seen in the global
compilation (Fig. 2a), as they all showa log-linear decline in abundance
with increasing size classes following slopes close to the canonical
value of −1 (Supplementary Fig. 1). Yet, their total abundances,
obtained by integrating individual size spectra across all observed
sizes, span four orders of magnitude, ranging between ~0.1 and ~1000
particles m−3. This represents a significant spatio-temporal variability
across the datasets, particularly for colonial N2-fixers, which present
the highest percentage of empty records, with 64% of the spatio-
temporal bins without occurrences (Fig. 2b), compared to Rhizarians
(36%) and Crustaceans (12%).

We found that colonial N2-fixers were largely restricted to the
subtropical latitudes, between −20 and 20 °N, similarly to Rhizarians,
though theywerealso relatively abundant at higher latitudes and in the
Californian upwelling system (Fig. 2c).

In comparison, Crustaceans were generally ubiquitous, with the
highest abundances observed in productive ecosystems (e.g., polar,
upwelling, and coastal regions). Caution shouldbe takenwhenusingor
interpreting the few observations located in the Southern Ocean, but
our results shed light on previously undersampled regions that could
be potential hotspots for marine mesoplankton, as reflected in other
parts of the globe where environmental conditions are highly similar
(Arctic Ocean, upwellings, etc.).

Iron, a key descriptor of mesoplankton spectral biogeography
in the upper ocean
Boosted regression tree models fitted to PSSdb records (response
variable) and global datasets of environmental descriptors (explana-
tory variables) yielded global predictions that match the magnitude
and variability of total abundances derived from spectral parameters
(Fig. 2c) with relatively high R2 (0.93, 0.88, and 0.79 for N2-fixers,
Rhizarians, and Crustaceans, respectively, Table 1). Bootstrapped
model predictions were generally more variable in regions of peak
abundances with fewer PSSdb observations, reflecting larger uncer-
tainties in subpolar and polar ecosystems, for all three mesoplankton
groups, with the highest coefficient of variations ranging between 60
and 120% on average (Supplementary Fig. 2).

Themain bottom-up factors explaining the spectral biogeography
of Crustaceans, Rhizarians, and colonial N2-fixers, indicated by their
respective ranks in terms of their gradual importance in the model
variance explained, typically included temperature as well as diverse
iron proxies (Table 1).

Our full model included several proxies linked to different, but
not mutually exclusive, pools of iron to reflect the diversity in natural
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iron compounds found in marine ecosystems38. Labile compounds
were mostly represented by aerosols, either from desert sources (best
approximatedbywet dustdeposition satellite products) or fromeither
volcanic andwildfire ashes or anthropogenic activities (all affecting the
total aerosol optical thickness satellite product). A third proxy,
representing the total iron concentration accounting for both mineral
and organically-bound Fe ligands, from the biogeochemical model
PISCES, was also tested given the similarity found between modeled
concentrations and monthly average observations of in situ dissolved
iron concentration measured as part of the GEOTRACES program
(Supplementary Fig. 3).When iron proxieswere excluded in ourmodel

construction, the total variance explained was reduced by 30-35% in
the caseofRhizarians andCrustaceans, forwhichaerosol and total iron
ranked second and first (together with integrated chlorophyll-a con-
centration) respectively, and by 20% for colonial N2-fixers, whose
biogeography appeared more linked to dust emissions alongside
temperature (Table 1).

The temporal correlation between predicted abundances and the
different iron proxies in individual grid cells (Supplementary Fig. 4)
highlights the importance ofmineral and other organically-bound iron
proxies in mesoplankton model predictions (Fig. 3). The seasonal
trends of NBSS predictions shows important similarities with dust and

Fig. 1 | Resolution and diversity in taxonomic annotations of the Scanner (left)
and Underwater Vision Profiler (UVP, right) imaging datasets. Spatial coverage
of the scanner (a) and UVP (b) datasets produced in the Pelagic Size Structure
database. The colors represent the number of temporal (year-month) bins in these
datasets. Each spatial bin has been sampled irregularly over time, often months
apart in the most biased regions of the tropical Atlantic (c, f), Mediterranean Sea
(d), or eastern Equatorial Pacific (e). Hence, our datasets represent a unique

opportunity to study howmesoplankton size structure fluctuates in space and time
because of environmental variables. Diversity of taxonomic annotations (n repre-
sents the total number of images in each dataset) separated by taxonomic ranks
(red to pink rings) and colored byplankton functional groups in the scanner (g) and
UVP (h) datasets. Blank portions correspond to organisms unassigned at the con-
sidered ranks, increasing in proportion for finer taxonomic ranks.
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aerosol proxies, ranked 1th and 5th in model’s feature importance,
suggesting a key role in shaping the size distribution of N2-fixers in the
Atlantic and Pacific subtropical gyres respectively (Fig. 3a, b, top
panels). In the latter ecosystem, amain peak in abundance is observed
in winter (Oct-Dec in the Northern hemisphere and Jun-Aug in the
Southern hemisphere), consistent with a negative correlation between
N2-fixer abundances and light availability (Supplementary Table 1) and
relatively high aerosol emissions (Fig. 3b). Correlations with aerosols
were highest in the South Pacific Subtropical Gyre (SPSG), where
anthropogenic dust is supplemented by ashes produced by volcanic
activities or wildfires. In the Atlantic, where the main iron pool is
provided by Saharan dust deposition, seasonal trends of N2-fixer NBSS

strongly followed the climatology of the dust product, marked by a
peak of iron supply early in the year that progressively decreases to a
minimum observed in June during the dry season. Similarly, N2-fixer
abundances were lowest in June and increased later in the year.

Likewise, both aerosols and wet dust deposition seemed to be
driving the relatively high abundance of Rhizarians in most of the
subtropical gyres (Fig. 3a, b, middle panels). The importance of aero-
sols was marked in several basins near the Equator, including in the
Indian, Pacific, and Atlantic oceans. Observed correlation with specific
classes of Rhizarians indicated that while aerosols were positively
related to all classes, only Collodarians seemed to be favored by dust
deposition (r = 0.28, Supplementary Table 1) with a peak in

Fig. 2 | Observed size spectra (left) and maps of observations and predictions
(right) of colonial N2-fixers (top panels), Rhizarians (middle panels), and
Crustaceans (bottom panels) total abundance. a Group-specific size spectra
derived from Underwater Vision Profiler (for colonial N2-fixers on top and Rhizar-
ians in the middle) and scanner (for Crustaceans at the bottom) images. Gray dots
mark size classes that were filtered out due to methodological bias (mesh of the
nets, particles too rare to be counted accurately), and black dots indicate all final
datapoints used to infer spectral parameters and predict Normalized Biovolume
Size Spectrum (NBSS). Note that x-axis limits differ depending on the instrument

resolution and detection limits. b Total abundance (ƩNBSS) of colonial N2-fixers
(top), Rhizarians (middle), and Crustaceans (bottom) in individual grid cells (1° × 1°
longitude/latitude and year-month) distributed globally. Note that the y-axis is
shared for (a, b). Number and percentage of empty records (not detected) are also
indicated in separate sub-panels beneath each row. c Maps of observed (open
circles) and predicted (colored tiles) average abundance, obtained by integrating
NBSS estimates (Ʃ) using predicted parameters (slope, intercept, size range). ND:
not detected.

Article https://doi.org/10.1038/s41467-026-75355-4

Nature Communications | (2026) 17:8645 4

www.nature.com/naturecommunications


abundances marked after the input of Saharan dust during the wet
season late in the year. Interestingly, the peak of modeled abundance
ofRhizarians (Fig. 2c) in the SouthernOcean andupwelling ecosystems
was likely linked to increased concentrations of total iron (Fig. 3a, b), as
monthly average observations of in situ dissolved iron concentration
measured as part of the GEOTRACES program also matched that of
Rhizarian groups (i.e Phaeodaria and Foraminifera), with very high
correlation coefficients (r >0.5, Supplementary Table 1). This gives us
further confidence in the linkages found between the total iron model
product and mesoplankton spectral biogeography.

Compared to N2-fixers and Rhizarians, Crustaceans were sub-
stantially linked to total iron concentration in all ecosystems (Fig. 3a, b,
bottom panels). This result was also evident from the correlation with
in situ observations from the GEOTRACES program, especially for
copepods with respective coefficients of 0.26 with PISCES iron and 0.2
with GEOTRACES iron (p value < 0.001, Supplementary Table 1). As a
result, predictions of Crustacean total abundance closely followed the
seasonal trends in total iron concentrations, especially in productive
regions like temperate, polar, coastal, or upwelling ecosystems
(Figs. 2c and 3c). In the North Pacific Temperate latitudes, Crustacean
abundances increased in the spring, following the peak in micro-
phytoplankton size fraction observed by satellite. Likewise, the pool of
total iron presented a peak of concentration between Feb-Apr, fol-
lowing the increased Ekman pumping and deep mixing events occur-
ring in thewintertime. In comparison, thewind-driven Ekmanpumping
located in the Eastern Equatorial Pacific is more sustained throughout
the year39, although Trade winds generally intensify between June-
August, resulting in a small increase in total iron and overall weaker
seasonal trends caused by upwelling (Fig. 3c). Yet, both the micro-
phytoplankton fraction observed by satellite and our predictions of
Crustacean abundances seemed to be linked to the overall availability
of total iron in this ecosystem, with a concentration peak recorded in
September. In polar ecosystems, our knowledge of seasonal trends is
limited by the sea ice coverage, the lack of sunlight, and higher cloud
coverage in the wintertime, as highlighted in important temporal and
spatial gaps in both satellite and model products (Supplementary
Fig. 2), resulting in only partial predictions of Crustaceans’ size dis-
tribution at least in the Southern Ocean (Figs. 2 and 3). Despite such
gaps, it appeared that total iron concentration and Crustacean abun-
dances were higher during the austral summer than during the winter
(Fig. 3c), which is unexpected given that phytoplankton blooms initi-
ated in the summer are thought to considerably draw down iron
concentrations in the upper ocean40. This phenomenonwas evenmore
apparent in the Arctic Ocean, where the demise of the spring bloom
does not appear to cause a decline in both iron and Crustacean con-
centrations, which both remain relatively high through the end of
the year.

Adaptations and partitioning of spectral biogeography within
broad mesoplankton groups in the upper ocean
Grouping image annotations by finer taxonomic resolution (classes in
the caseofRhizarians andCrustaceans)or bymorphotypes (in the case
of colonial N2-fixers) resulted in overall improvedmodel performances
compared to the full model presented above (Table 2), except for rare
groups of Phaeodaria (R2 = 0.48) and Foraminifera (R2 = 0.63). The
decrease in model information criteria (BIC and AIC estimates), indi-
cative of improved fit, wasmoremarginal for the colonial N2-fixers due
to the dominance of a specific class (i.e., Oscillatoriales) and mor-
photype (i.e., Tuff) in the UVP images (see data availability statement).
In comparison, both Rhizarians and Crustaceans presented larger
differences inmodel performancemetrics when images were grouped
in higher taxonomic ranks (classes or families) despite lower available
observations, supporting strong evidence for their niche partitioning
in theupper ocean.Using the samemodeling approachapplied to finer
taxonomic groups, including copepods specific families that oftenTa
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Fig. 3 | Main iron proxies, aerosol (red), dust (yellow), or total iron (gray),
linked to the spectral biogeography of colonial N2-fixers (top panels), Rhizar-
ians (middle panels), and Crustaceans (bottom panels). a Maps of maximum
correlation coefficients between predicted Normalized Biovolume Size Spectrum
(NBSS) integral and iron proxies. The main iron proxy was attributed according to
the variable that counted the most grid cells in specific ecosystems and ocean
regions. Ecosystems whose climatology is presented in (b) are outlined in black.

bClimatology ofmesoplankton groups (black dots), total abundance (ƩNBSS), and
the main iron proxy (ribbons) in ecosystems with significant correlations. Mean ±
Standarddeviations account for all simulationsbetween2008and2021,withn = 14.
Seasonal trends of microphytoplankton (red dots) are superimposed on the cli-
matology of Crustaceans NBSS integral to link their dynamics to that of phyto-
plankton prey.
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correlate with a certain diet (e.g., omnivores or carnivores) as com-
piled in Benedetti et al.41, we highlight the potential adaptations of
these subgroups to certain environmental conditions. In the case of
Trichodesmium morphotypes, differences in environmental linkages
are indicative of plasticity, since multiple species can form either
morphotype.

To identify the environmental factors involved in subgroup
adaptations/plasticity and assess the degree of partitioning within
subgroups, represented in Figs. 4–6a, we used the partial dependency
responses of both spectral intercept and slope to all environmental
factors tested. Partitioning was then calculated as the portion of the
area under the curve thatwasnot shared amongst all subgroups,which
can be compared across environmental descriptors and also across
broad mesoplankton phyla. Many iron proxies were involved in niche
partitioning, indicating that the link between iron proxies and meso-
plankton biogeography discussed in the section above was often
caused by one, often dominant, taxon. For example, aerosol thickness
seemed to promote both the intercept and slope of Puff (r = 0.14 and
0.22 respectively, Supplementary Table 1 and Fig. 4b) rather than Tuff
colonies, which better responded to phosphate concentration
(r = −0.11 and 0.07 respectively, Supplementary Table 1 and Fig. 4b).
This distinction caused the former to be more abundant in regions
where aerosols are released from hydrothermal vents near the Tonga
islands and anthropogenic activities located in Asia in the Pacific
Subtropical Gyres (Fig. 4c). Similarly, we found that both aerosol and
dust emissions must contribute significantly to the hotspots of two
mixotrophic Rhizarian classes, Collodarians and Acantharians, in the
Atlantic and Pacific Gyres (Fig. 5c). Inversely, heterotrophic members
like Phaeodaria and Foraminifera seemed more adapted to total iron
concentrations, promoting larger colonies (r =0.22 and 0.19 respec-
tively, Supplementary Table 1 and Fig. 5b) that also benefited from
higher chlorophyll-a concentration (r = 0.24 respectively, Supplemen-
tary Table 1 and Fig. 5b). As a result, these classes were dominant in
productive systems located inpolar regions, near the coasts, and in the
upwelling system off the Californian coast (Fig. 5c). Total iron con-
centrations were also important in driving Crustaceans adaptations, as
mostly Copepoda appeared correlated to increased trace metal avail-
ability, underlying the excessive dominance of Copepoda, especially
omnivorous families, in polar and other productive ecosystems. Con-
versely, Ostracoda seemed more adapted to stratified ecosystems
(r(Sea Surface Temperature, NBSS integral) = 0.34 and r(Mixed Layer
Depth, NBSS integral) = −0.02) (Supplementary Table 1) located in the
subtropics,whileMalacostraca appeared to thrive under higher nitrate
and silicate concentrations (r = 0.15) (Fig. 6).

Examples of second-order proxies involved in niche partitioning
also included indicators of mesoscale circulation and availability of
other nutrients, namely phosphates for colonial N2-fixers, carnivorous

copepods, and Foraminifera, silica for siliceous mixotrophic Rhizar-
ians (e.g., Collodaria) and omnivorous copepods, or large prey (indi-
cated by chlorophyll-a concentration, higher fraction of
microphytoplankton, and lower absolute slope of the particle size
distribution) for flux-feeding Phaeodaria, omnivorous copepods, and
Malacostraca (Supplementary Table 1 and Figs. 4–6). By pairing class-
or morphotype- specific spectral biogeography to mesoscale circula-
tion proxies, we found that elevated concentrations of both Copepoda
and Ostracoda were linked to cyclonic eddies (Fig. 6b), indicated by
negative sea level anomalies (r = −0.2 and −0.16, respectively, Supple-
mentary Table 1), as opposed to the class Malacostraca. While SLA did
not impact the intercept of colonial N2-fixers NBSS significantly, their
slopes appeared relatively flatter in cyclonic eddies. Similarly, diver-
ging fronts, indicated by a high absolute Lyapunov exponent,
appeared topromote the accumulationof larger colonies of Tuff, likely
through preferential attachments of individualfilaments leading to the
generation of long floating rafts at the surface of the Ocean (r = −0.33,
p value < 0.001).

Discussion
The spectral biogeography of mesoplankton groups in the upper
ocean: Implications for present and future ecosystems functioning

In this study, we present a comprehensive analysis linking the size
structure of colonial N2-fixers (main autotrophic mesoplankton), Rhi-
zarians (main mixotrophic mesoplankton), and Crustaceans (main
heterotrophic mesoplankton), compiled from actual size observations
to environmental gradients. We include diverse iron proxies to model
and understand how spectral parameters vary in space and time,
alongside traditional drivers like temperature, macronutrient/food
availability, or upper ocean mesoscale features. Besides identifying
potential drivers of trait distributions in the global ocean, our results
provide insights into how mesoplankton affect marine ecosystems’
biogeochemistry and services (N2- and CO2-fixation, carbon export,
and micronutrient cycling) in response to environmental stressors.
With the predictions of mesoplankton spectral biogeography and
associated compilations of pelagic size spectra, expressed as a func-
tion of cell abundances or carbon biomass, our hope is to inform the
development of biogeochemical and other size-structured models
used to foresee the changes in ecosystem functioning and services
under future climate change. Indeed, the complexity of plankton
functional types represented in the Coupled Model Intercomparison
Project 6 models has significantly increased with the support of data-
set compilations (e.g., MAREDAT, COPEPOD), representing bulk bio-
mass estimates so far. Since plankton functional type and size
structure, rather than bulk biomass and productivity estimates, is
considered the best predictor of ecosystem services like fish produc-
tion or carbon export, our dataset should represent a good

Table 2 | Statistical metrics to evaluate the goodness of fit of mesoplankton size spectra predictions in increasing
taxonomic ranks

Colonial N2-fixers Rhizarians Crustaceans

Phylum Family FG Phylum Class Phylum Class FG

Taxa Cyanobacteria Oscillatoriales Puff Tuff Radiozoa Acantharia Collodaria Phaeo-
daria Foraminifera

Crustacea Copepoda Malacostraca
Ostracoda

Carnivore
Omnivore

BIC 152.2 151.3 149.8 149.5 135.3 152.6 136.6 130.0

AIC 150.3 150.2 148.5 148.1 135.7 159.5 136.1 130.6

R2 0.93 0.93 0.95 0.88 0.88 0.69 0.85 0.90

0.95 0.76 0.96 0.92

0.48 0.92

0.63

Functional groups (FG): Morphotypes for colonial N2-fixers or trophic group for copepods according to the compilation of Benedetti et al.41.
Optimal models are indicated by low AIC/BIC and high R2.
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Fig. 4 | Environmental plasticity of colonial N2-fixers morphotypes. a Venn
diagram representing the top-5 stressors involved in morphotype partitioning
(numbers represent the degree of partitioning) based on partial dependence plots
for spectral intercept (left diagram) and slope (right diagram). b Correlations
between environmental factors and Tuff (green dots) or Puff (brown dots) NBSS
parameters (slope and intercept). Datapoints vary in size according to the surface

chlorophyll-a concentration in that same bin. c Predictedmaps of colonial N2-fixers
morphotypes relative abundance (same color code). SLA sea level anomaly, FSLE
finite size Lyapunov exponent, PSD particle size distribution. Significance levels for
Spearman correlation coefficients: *: 0.05, **: 0.01, ***: 0.001. P values: r(intercept,
phosphates): 0.02, r(intercept, aerosol):0, r(slope, aerosol): 0.006, r(intercept,
dust): 0, r(slope, FSLE): 0.0002.
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Fig. 5 | Environmental adaptations within Rhizarian classes. a Venn diagram
representing the top-5 stressors involved in classes partitioning (numbers repre-
sent the degree of partitioning) based on partial dependence plots for spectral
intercept (left diagram) and slope (right diagram). b Correlations between envir-
onmental factors and Acantharia (orange), Collodaria (pink), Foraminifera (blue),
or Phaeodaria(yellow) NBSS parameters (slope and intercept). Datapoints vary in
size according to the surface chlorophyll-a concentration in that same bin.
c Predicted maps of Rhizarian classes relative abundance (same color code). CHL:

integrated chlorophyll-a concentration. Significance levels for Spearman correla-
tion coefficients: *: 0.05, **: 0.01, ***: 0.001. P values: r(Acantharia intercept, aero-
sol): 0, r(Collodaria intercept, aerosol): 0, r(Acantharia slope, aerosol): 0.0004,
r(Collodaria slope, aerosol): 0.01, r(Phaeodaria intercept, iron): 0.03, r(Acantharia
intercept, phosphates): 0, r(Foraminifera intercept, phosphates): 0.04, r(Phaeo-
daria slope, phosphates): 0, r(Foraminifera slope, phosphates):0, r(Phaeodaria
intercept, CHL): 0, r(Collodaria intercept, silicates): 0.04.
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Fig. 6 | Environmental adaptations within Crustacean classes and trophic
groups. a Venn diagram representing the top-5 stressors involved in classes par-
titioning (numbers represent the degree of partitioning) based on partial depen-
dence plots for spectral intercept (left diagram) and slope (right diagram).
b Correlations between environmental factors and Copepoda (yellow), Ostracoda
(green), Malacostraca (red), and copepod functional groups (omnivore in blue,
carnivore in gray) NBSS parameters (slope and intercept). Datapoints vary in size
according to the surface chlorophyll-a concentration in that same bin. c Predicted

maps of Crustacean classes relative abundance (same color code). SLA: sea level
anomaly, CHL: integrated chlorophyll-a concentration. Significance levels for
Spearman correlation coefficients: *: 0.05, **: 0.01, ***: 0.001. P values r(Malacos-
traca intercept, iron) 0.002, r(Omnivore intercept, iron) 0.0005, r(Copepoda
intercept, SLA) 0.00001, r(Malacostraca intercept, phosphates) 0.03, r(Omnivore
intercept, CHL) 0.0005, r(Copepoda intercept, CHL):0, r(Omnivore slope, CHL) 0,
r(Omnivore intercept, silicates) 0.015.
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opportunity to examine the effects of climate change multi-faceted
stressors on essential marine ecosystem services.

In essence, our findings revealed that temperature remains a
primary factor influencing large-scale shifts in mesoplankton size.
Although their overall abundance showed contrasting correlations
with average temperature, all groups showed a negative correlation
between spectral slopes and average temperature (r(Colonial N2-fix-
ers) = −0.22, r(Rhizarians) = −0.28, r(Crustaceans) = −0.43, p values <
0.001), indicating that larger organisms were mostly found in rela-
tively colder environments: a general trend underpinning the
Temperature-Size Rule23. The first hypothesis explaining the emer-
gence of larger metazoans in cold environments was linked to
increased oxygen availability23, since spatial gradients in surface tem-
perature are opposed to that of dissolved oxygen in marine ecosys-
tems (Supplementary Fig. 2). Oxygen exerts a strong metabolic
constraint on Crustaceans, with concentrations between 15 and 50 µM
of dissolved oxygen typically defined as critical to maintain aerobic
reactions and survival42,43. All Crustacean groups showed a positive
correlation between spectral slopes and dissolved oxygen concentra-
tion (r =0.26 for Copepoda, 0.22 for Ostracoda, or 0.08 for Mala-
crostraca), indicating a flattening of their spectra under high oxygen
concentrations. Since endosymbiotic Rhizarians and colonial N2-fixers
do not require high oxygen concentration to fuel their metabolism
(they rather support the production or directly produce oxygen by
photosynthesis), it is unlikely that oxygen levels are responsible for the
Temperature-Size Rule observed for these groups. Instead, we hypo-
thesize that the apparent Temperature-Size Rule in colonial N2-fixers
and Rhizarians invokes differences in anabolic (i.e growth) versus
catabolic (i.e respiration) rateswith respect to changes in temperature.
These are typically quantified over a 10 °C change, and referred to as
temperature coefficients (Q10). Catabolic rates should increase more
rapidly with temperature compared to anabolic reactions in com-
paratively smaller organisms, as organisms that present higher Q10

coefficients for respiration than for growth44. High respiration rates at
high temperatures were shown to support the anoxic conditions that
favor N2-fixation within colonies of Trichodesmium45–47. Plus, Q10

measured from enclosed experiments with Foraminifera48 or
Collodaria49 suggests that similar regulatory effects on metabolic
reactions may come into play for symbiotic Rhizarians to explain the
negative correlation between temperature and their spectral slopes.
Our results therefore directly support published meta-analysis50 in
suggesting that increased warming and deoxygenation of future
marine ecosystems should decrease the size of most mesoplankton
groups in the upper ocean, likely disrupting both fisheries51,52 and
carbon export through reduced gravitational sinking53–55 and fecal
pellet production12.

Our study also highlights several aspects of ecosystem function-
ing that may limit the negative impacts of global warming and deox-
ygenation in the upper ocean. Compared to previous findings, we
captured more variance of mesoplankton trait biogeographies in
space and time, with R2 of 0.93, 0.88, and0.79 for N2-fixers, Rhizarians,
and Crustaceans, respectively, largely due to the inclusion of various
iron proxies underlining the strong linkage between keystone meso-
plankton and trace element cycling. Each phylum responded best to a
different proxy of iron supply in the epipelagic layer, with a noticeable
stimulation of dust andother aeolian iron-rich compounds on the sizes
and occurrences of large mixotrophic Rhizarians (e.g., Collodaria,
Acantharia) and colonial N2-fixers, and a strong link between Crusta-
ceans’ biogeography and total iron concentrations. While the peak of
N2-fixing Trichodesmium abundance in the Subtropical Atlantic has
already been largely attributed to Saharan dust deposition in this
ecosystem56–58, we also found a significant relationship between wet
dust deposition and occurrences of Rhizarians. To our knowledge, this
relationship has not been demonstrated before and could point to an
interesting adaptation of mixotrophic Collodaria and Acantharia,

which would require follow-up studies. In the Pacific Ocean, the same
groups responded mainly to elevated aerosol fluxes. Phytoplankton
blooms, followed by satellite chlorophyll-a concentration, have been
regularly linked to direct ash deposition fromSouthern Pacific tropical
islands (Papua New Guinea, Vanuatu and more recently Tonga) vol-
canic eruptions59, Australian wildfires60, and recently to shallow
hydrothermal emissions located across the Tonga-Kermadec volcanic
arc61. The latter have been implicated in the iron fertilization of surface
waters, leading to elevated concentrations of N2-fixers

62, more speci-
fically Trichodesmium, and a shift in the mesoplankton community63.
Zooscan analyses highlighted the presence of gelatinous zooplankton
in the vicinity of the volcanic arc, in an ecosystem otherwise domi-
nated by copepods. Since nets severely damage the fragile Rhizarians,
it was not possible to quantify the impact of iron supply by volcanic
emissions, and more generally by aerosols, on this taxonomic group.
Our predictions of Rhizarian NBSS appeared linked to aerosol proxy in
the SPSG, suggesting that volcanic ashes could also promote the
growth of symbiotic Rhizarians like Acantharia and Collodaria.
According to the latest CMIP6 simulations, natural dust deposition
should increase by 7–20% by the end of the century as a result of
enhanced desertification and precipitation, as well as changes in wind
regimes and land use64–66, thus potentially promoting carbon and
nitrogen fixation in the low and mid-latitude ecosystems by mixo-
trophic Rhizarians and colonial N2-fixers. Further, even though aerosol
emissions from anthropogenic activities should decline by 50–80% to
meet higher air quality standards and the 1.5 °C global warming target
above pre-industrial levels dictated by the Paris agreement by the mid
twenty-first century65, aerosol distribution might also be impacted by
alternative natural sources whose emissions could increase up to 125%
under global warming according to the CMIP6 models66.

Even though we expected these different iron proxies to be
important stressors of mesoplankton biogeography, especially for the
autotrophic colonial N2-fixers, the ranking of total iron concentration
in relation to the spectral biogeography of Crustaceans was the most
surprising given that we also included satellite proxies for phyto-
plankton producitivity (i.e integrated chlorophyll-a concentration and
net primary production) or size distribution (slope and fraction of
pico-, nano-, andmicrophytoplankton) in the full model. The coupling
between climatologies of satellite microphytoplankton, model total
iron concentrations, and predicted Crustacean occurrences in the
Equatorial Pacific, California Current upwelling systems, Southern
Ocean, subarctic Pacific, and subpolar North Atlantic supports the
long-standing recognition that dissolved iron exerts a strong control
on phytoplankton dynamics67 and associated grazers in the High
Nutrient Low Chlorophyll ecosystems. Further, the increased con-
centration of total iron and Crustaceans during and after phyto-
plankton blooms in polar latitudes highlights the possible role of
secondary producers in alleviating nutrient limitation, as noted in
Tagliabue et al.40: higher dissolved iron concentrations associatedwith
high chlorophyll-a could be reconciled by assuming high rates of Fe
recycling associated with greater biomass. Iron fertilization experi-
ments have confirmed the importance of copepods in driving iron
recycling and further sustaining phytoplankton blooms in both the
Southern68 and the Arctic Ocean69, even though exogenous inputs of
iron by river discharges could also be partly responsible for the peak
concentration observed after the spring bloom in this ecosystem70.
Moreover, a recent comparison between a compilation of total dis-
solved iron and gridded products71 similar to our analysis has shown
that iron was strongly correlated to Apparent Oxygen Utilization
(AOU), which appears positively correlated to Copepod biogeography
in our analysis (Supplementary Table 1). These empirical evidence,
together with our global analysis linking iron pool to mesozoo-
plankton spectral biogeography, suggest that Crustaceans could
maintain elevated iron concentrations by preying on large phyto-
plankton and remineralizing organic iron into bioavailable forms,
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further alleviating nutrient limitation of their prey, thus exerting a
positive feedback loop that could offset the decline of primary pro-
duction caused by enhanced stratification and reduced nutrient
delivery.

Methods
Global compilation of group-specific size spectrum
To understand and predict the global size distribution of colonial N2-
fixers, Rhizarians, and Crustaceans in the epipelagic layer, we compiled
direct size estimates measured by a range of UVPs of successive
generations72,73 and benchtop scanners like the ZooScan74 for nets
deployed in all major basins within 0 and 200m. This compilation
stems from a collaborative, international effort, termed the Pelagic Size
Structure database (https://pssdb.net), that aims at providing standar-
dized and homogenized size and count information collected by a
variety of commercially available plankton imaging instruments. We
used the Python workflow (publicly available at https://github.com/
jessluo/PSSdb) developed for the first PSSdb release75, with little mod-
ifications to produce our globally consistent estimates of group-specific
Normalized Biovolume Size Spectra (hereafter referred to as NBSS).

Briefly, the general pipeline consists in five automated steps that
follow image acquisition and near-real time segmentation (i.e., the
process of separating individual particles from background pixels to
extract their morphologic features)1: export of raw size, count and
annotation information with the associated metadata from the colla-
borative platform for image annotation EcoTaxa (https://ecotaxa.obs-
vlfr.fr/)2, standardization of the export tables following a unique for-
mat with standard labels and units3, quality control of individual
datasets that account for particle count uncertainty, sufficient manual
validation of the taxonomic classifications (UVP profiles of scanned
nets should have ≥95% validated annotations to pass our quality con-
trol), differences in size calibration factors, missing information or
incorrect GPS location of each sample4, aggregation of samples col-
lected in spatial and temporal proximity to provide accuratemeasures
of particle size distribution at the current resolution of biogeochem-
ical models and other global data compilations (i.e., 1° × 1° latitude/
longitude and year/month), and5 the computation ofNBSS andderived
parameters (slope, intercept, R2), using pre-defined size classes
matching the recent compilation of UVP5 particle size distribution by
Kiko et al.76.

The main addition to the Dugenne et al.75 workflow consists of
standardizing all taxonomic annotations assigned to individual parti-
cles by automated classifiers and later validated by taxonomic experts
using the World Register of Marine Species (https://www.
marinespecies.org/) as suggested in Neeley et al.77. We wrote a cus-
tom script based on existing web scraping functions to automatically
search for the taxonomic annotations in WORMS, allowing various
formats (e.g., hierarchical or nominal category) and ranks according to
the preset classes of automated classifiers, the expertise of human
annotators or the research question. The taxonomic look-up table
automatically generated by this script is available at https://github.
com/jessluo/PSSdb/blob/main/ancillary/plankton_annotated_
taxonomy.xlsx. Following this additional standardization, individual
annotations were grouped in increasing taxonomic ranks (e.g., phy-
lum, class or subclass, family to assign copepods’ trophic strategy
based on published compilation) and according to their morphotypes
when possible (e.g., solitary or colonial for Rhizarians, Puff or Tuff for
Trichodesmium) to estimate group-specific NBSS based on biovolume.
Biovolume estimates were computed using equivalent circular dia-
meter (ECD) derived from particles area following Eq. (1):

Biovolumeðμm3Þ=⅙×π × ECDðμmÞ3 =⅙×π × 2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
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The sumof all biovolume estimateswithin the discrete size classes
defined in Eq. (2) is then normalized to the volume analyzed, corre-
sponding to the total volume cumulated over depth (0–200m) and
within each spatio-temporal bin, and to the width of each size class to
produce NBSS according to Eq. (3).

ECDiðμmÞ =2i × 1=3 with i = 0, 1, . . . , 78 for size classes ranging between 1
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We then selected the maximum and the last normalized biovo-
lume estimate before observing one empty size class, respectively, as
the lower andupper limits of each size spectrum.This step is necessary
to select the effective size range of the individualmesoplankton group
and to ensure that estimates arenot biasedby the camera resolution or
the sampling gear (e.g., net mesh), or by the limited volume sampled,
respectively. After selection, unbiased NBSS estimates and associated
midpoint of individual biovolume size classes are log10-transformed to
estimate spectral slopes, intercepts, and size ranges for each 1° × 1°
latitude/longitude and year-month by linear regression (Supplemen-
tary Fig. 1). Intercept estimates were scaled to the minimum observed
size of individual mesoplankton groups since the abundance of 1 µm3

particles, the initial intercept for a spectrum starting at log(1 µm3) = 0,
is not representative of the actual abundanceofmesoplankton groups.
Some of the individual spatio-temporal bins did not contain enough
observations to construct a reliable NBSS and fit a log-linear regres-
sion, as group-specific PSSdb products necessarily included fewer
images than the first release. In addition, we selected only datasets that
spanned at least 80% of the epipelagic layer (e.g., 160m) to follow the
methodology established by Drago et al.78. As a result, the spatio-
temporal coverage in our study is slightly diminished compared to the
bulk datasets, constructed with all particles imaged except for meth-
odological artifacts. Overall, group-specific NBSS were computed
using 3068 UVP profiles and 2411 scans sampled between 2008 and
2021 and 2004 and 2022, respectively. These new products can be
downloaded at https://doi.org/10.5281/zenodo.10810190.

Linkages between mesoplankton size structure and environ-
mental covariates
In the absence of broadly concurrent and quality-controlled in situ
hydrographic measurements, we linked mesoplankton NBSS to
environmental gradients using global sets of objective analysis, satel-
lite proxies, andbiogeochemicalmodels (all accessed anddownloaded
in Sept. 2023). We used the latest World Ocean Atlas79 objective ana-
lysis (WOA, available at https://www.ncei.noaa.gov/access/world-
ocean-atlas-2018) to assign each grid cell (defined by 1° × 1° latitude/
longitude and month) its associated mean mixed layer depth (m),
along with the 0–200m average temperature (°C), and integrated
concentration in phosphate (molm−2), silicate (molm−2), or nitrate
(molm−2). In addition, we used WOA integrated AOU (molm−2) to
represent patterns in dissolved oxygen concentration resulting from
water mass ventilation and age or remineralization rather than the
temperature-dependent O2 solubility.

Given that iron is also considered an essential micronutrient for
phytoplankton growth67 but in situ measurements are still too scarce
to construct a reliable distribution of dissolved iron concentrations in
the global ocean with enough temporal coverage80, we relied on
diverse proxies, satellite measurements distributed by NASA; biogeo-
chemical models provided by Copernicus, of both mineral and total
iron compounds, respectively. In the surface ocean, most labile com-
pounds present are thought to originate from atmospheric aerosols,
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delivering mineral dust, ashes formed by volcanic activities and wild-
fires, or anthropogenic compounds, all relatively rich in iron38. These
can be approximated from space, as total aerosol optical thickness
(unitless variable termed Aerosol optical thickness at 869 nm) and
wet dust deposition (variable termed dust wet deposition bin 001
or duwt001, in kgm−2 s−1), with a 9 km, monthly resolution using
specific satellite algorithms whose products are distributed for
every year and month by NASA at https://oceandata.sci.gsfc.nasa.gov/
directdataaccess/Level-3%20Mapped/Aqua-MODIS and https://
goldsmr4.gesdisc.eosdis.nasa.gov/opendap/MERRA2_MONTHLY/
M2TMNXADG.5.12.4/ respectively. Alternatively, organic iron-
complexing ligands can also represent important sources of iron,
especially for organisms synthesizing siderophore transporters, which
are poorly characterized by current analytical methods due to the
diversity of compounds and reactivity within this pool81. To account
for all compounds in the complex pool of dissolved iron, we used
0–200m integrated predictions of total dissolved iron concentration
(molm−2) from thebiogeochemicalmodel PISCES82, distributed for any
given year, month within the period 1993–2022 by Copernicus (pro-
duct cmems_mod_glo_bgc_my_0.25_P1M-m available at https://data.
marine.copernicus.eu/product/GLOBAL_MULTIYEAR_BGC_001_029/)
with a resolution of 1/4° latitude/longitude. This model has shown a
strong agreement with benchmark sections from the GEOTRACES
program compared to other model predictions and also includes all
known source and sink processes (riverine, sediment, hydrothermal,
or dust inputs, remineralization, scavenging) affecting iron pools in
marine ecosystems80.

We downloaded monthly integrated photosynthetically available
radiation (PAR, in Em−2 d−1) and surface chlorophyll-a concentration
for all sampled years (2004–2022) from the same URL as the aerosol
NASA satellite products. The latter products were converted to inte-
grated chlorophyll-a concentration (CHL, in mgm−2) using the general
formula published in Tanner et al.83, adapted to fit concurring chlor-
ophyll concentration profiles measured by biogeochemical-Argo pro-
filing floats. In addition, we used integrated net primary production
gridded products, parameterized with satellite inherent optical prop-
erties and phytoplankton growth rates, downloaded from http://www.
science.oregonstate.edu/ocean.productivity/ following Silsbe et al.84.
Besides integrated chlorophyll-a concentration and net primary pro-
duction, we also included recent surface estimates of the particle size
distribution slope (PSD slope, in particles L−1 µm−2) and fractions of
pico- (0.2–2 µm), nano- (2–20 µm), and micro- (20–50 µm) phyto-
plankton retrieved from backscatter coefficients measured by remote
sensing at a resolution 4 km for everymonth year85 to characterize the
phytoplankton community representing the main food source for
mesozooplankton groups. Lastly, proxies formesoscale structure, like
sea level anomaly (SLA, in m), that indicate cyclonic and anticyclonic
eddies under negative and positive anomaly, and finite size Lyapunov
exponent (FSLE, in d−1), that measures the frontal divergence of
mesoscale eddies or other currents in close proximity, were accessed
on AVISO at https://www.aviso.altimetry.fr/en/data/products with a
resolution of 1/25° latitude/longitude. Since mesoscale features are
operationally defined as coherent vortex generally trackable for a
month or longer with a radius scale of ~100 km86, we consider that the
final 1° × 1° (~111 km) and year-month resolution of our datasets were
also representative of mesoscale circulation, even at the higher end
member of its operational resolution.

All variables were automatically downloaded and averaged to
match the resolution of our mesoplankton NBSS estimates (if the
resolution was greater than 1° × 1° latitude/longitude and year, month)
using custom scripts available at https://github.com/mdugenne/
PSSdb_Learning. Resulting spatial patterns are presented in Supple-
mentary Fig. 3. The environmental datasets were then merged to our
group-specific products according to the bin location (1° × 1° latitude/
longitude) and the sampling time (year, month for yearly resolved

variables or month for WOA climatologies). Locations with one or
moremissing environmental variable(s) (e.g., satellite products at high
latitude during winter) were filtered out to compute the Spearman
correlation coefficients between environmental factors and spectral
parameters (slope, intercept, size range) and train the machine learn-
ing model used to predict the size distribution of mesoplankton
groups globally. The scripts allow predictions with both depth-
integrated and surface covariates in case groups were more abun-
dant in the surface layer. In this study, model performances increased
significantlywith depth-integrated covariates, especially for Rhizarians
(from 0.61 to 0.88) and Crustaceans (from 0.69 to 0.79), while staying
similar for colonial N2-fixers, as they are typically found in greater
abundances in the surface (see code availability statement).

Global predictions of mesoplankton size structure using
machine learning models
We used our compilations of group-specific NBSS and associated
environmental factors in combination with machine learning habitat
models to estimate the global size distribution of the three major
mesoplankton groups (Colonial N2-fixers, Rhizarians, Crustaceans) in
the epipelagic layer. Like Barton et al.21, we recognize that meso-
plankton size biogeography is ultimately determined by the interplay
between both bottom-up and top-down (e.g., size-selective predation
by fish or other nekton) controls, though the latter are out of this
paper’s scope as this would require an extensive characterization of
larger predators (through space and time) that are poorly detected
with the imaging systems we used. Hence, our results underscore the
importance of specific covariates that may vary with the inclusion of
other global gridded datasets.

Our modeling effort builds on the recent publication of Drago
et al.78, who characterized andpredicted the total biomass estimates of
several mesozooplankton groups (e.g., Copepods, Rhizarians, not
including colonial N2-fixers) using UVP profiles globally distributed.
Since elevated biomass may result from increased abundance and/or
size, we expanded their work to help disentangle the effect of envir-
onmental factors on mesoplankton abundance (with the maximum
abundance representing the spectral intercept) and size (whose con-
tinuum is determined by spectral slopes and effective range). Habitat
models cover diverse statisticalmodels, including the relatively recent
boosted regression trees (also referred to as xgboost, ref. 87), that link
environmental factors to species or group distribution with the
objective to predict their occurrence in unsampled locations. Like
other machine learning models, xgboost learns simple or complex
rules (here a hierarchy of yes/no decisions delimited by the maximum
tree depth) linking the response variable (NBSS parameters) to
explanatory variables (environmental factors described in the “Meth-
ods” section “Linkages between mesoplankton size structure and
environmental covariates”) using a subset of the dataset (here 80%
random split), named the training set. The learning process is an
iterative process based on the progressive evaluation of a loss func-
tion, defined as the root mean square error between observations and
predictions.

Their performance is then assessed using the remaining subset
(here, 20% random split), termed the test set. The algorithm perfor-
mance evaluation is based on different metrics like the coefficient of
determination (R2), determined by the sum of squared errors between
test predictions and the test set, or the log-likelihood of the model,
which represents the goodness of fit between model predictions and
observations according to the data distribution. We used two para-
meters linked to the model log-likelihood (noted l), the Akaike (AIC)
andBayesian (BIC) InformationCriterion defined in Eq. (4), to compare
model predictions amongst increasing taxonomic ranks. While we
expect that grouping observations based on high taxonomic rank, like
class or families, should bemore appropriate to capture the variability
in mesoplankton NBSS on a global scale as a result of diverging
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environmental adaptations24, we also considered that the decrease of
available observations for these ranks or the differences in model
complexity could also result in overall lower performances of the
model. Since AIC and BIC take into account model likelihood, com-
plexity, and the number of available observations, we used these
estimates as a means to provide objective comparisons between
model performances. The likelihood of taxon-specific models was
averaged, with a weight corresponding to the proportion of observa-
tions, across all subgroups of colonial N2-fixers, Rhizarians, and Crus-
taceanswhen increased taxonomic rankswerecompared to the overall
model performed at the phylum level, following a similar approach as
mixture models88.

AIC = 2k � 2l andBIC = k × ln nð Þ � 2l, ð4Þ

with k the number ofmodel parameters,n the number of observations,
and l the model log-likelihood directly returned by the xgboost
package.

Unlike more traditional decision tree models that predict a set of
discrete values termed the leaves, xgboost models may apply to con-
tinuous variables by producing numerous leaves associated with a
specific score, which are ultimately summed up across all trees to
create a smooth gradient in the predicted response variable (i.e the
boosting process). Instead of discontinuous response, the resulting
predictions will thus present a smoother data distribution similar to
that of spectral parameters (Supplementary Fig. 1). Since thesemodels
are based on direct representation of the linkages between explana-
tory and response variables, estimates of feature importance, mea-
sured as the average gain inmodel performance (log-likelihood) across
all splits after the variable was used, are relatively straightforward.
Such models have additional advantages as they can deal with many
dependent variables (for example, dust and aerosol proxies for iron
deposition, or temperature and PAR) and predictmultivariate outputs.
In our study, we simultaneously predicted spectral slopes, intercepts,
and size range while accounting for their correlation (Supplementary
Fig. 1). The reconstructed NBSS, obtained by assuming a log-linear
decline with the modeled parameters, can then be integrated to pre-
dict the total abundances of mesoplankton groups at any given space
and time. 50 model predictions were performed on bootstrapped
observations in order to estimate model uncertainties represented by
the predicted coefficients of variation (Supplementary Fig. 2). Prior to
model training, both the spectral intercept and size range were log10-
transformed to ensure that predictions will be positive after reverse
transformation. To minimize the effect of irrelevant explanatory vari-
ables and avoid model overfitting, several parameters were tuned,
including score shrinkage (eta parameter tested between 0.1 and 0.5)
to homogenize the gradient boosting process in caseof overfitting, the
maximumnumberof splits in thedecision trees (max_depthparameter
tested between 3 and 10) that can lead to oversimplification/com-
plexification of the model, or the number of trees (n_estimators
parameter tested between 20 and 100). The best combination of
model parameters was determined objectively using the grid search
function implemented in the xgboost package.

Not all mesoplankton groups were abundant enough or sig-
nificantly correlated with the environmental factors tested to analyze
and predict their size structure in the epipelagic layer using a machine
learning model78. Overall, we could accurately predict (i.e., with high
R2) the spectral biogeography of one family of colonial N2-fixers
(Oscillatoriales), four classes of Rhizarians (Acantharia, Collodaria,
Phaeodaria, Foraminifera), and three classes of Crustaceans (Cope-
poda, Malacostraca, Ostracoda). The family of colonial N2-fixers was
represented exclusively by Trichodesmium in this study, although we
note the presence of a few Nostocales in the Baltic Sea that were too
rare for reliable predictions of their size spectrum (see data availability
statement). Some groups were further distinguished based on their

morphology (e.g., Trichodesmium puff or tuff), or into functional
groups (e.g., carnivorous or omnivorous copepods) based on pub-
lished correspondence between copepods’ families and trophic
groups41. Classes of Rhizaria were almost exclusively found as solitary
(Collodaria) or colonial (Phaeodaria, Foraminifera) forms in the epi-
pelagic, so we could not explore possible niche partitioning amongst
colonial and solitary Rhizarians. Predictions were generated with the
optimal set of parameters in every 1° × 1° grid cell for the full temporal
coverage of the UVP and scanners datasets. Temporal correlations
with the multiple iron proxies (total iron, dust or aerosol) were esti-
mated in each spatial bin to determine which proxy had the strongest
link with NBSS integral predictions, that result from predicted slopes,
intercepts and size ranges (Supplementary Fig. 4). Themain iron proxy
was then defined based on the maximum correlation across the 3
possible correlation coefficients in broad ecosystem categories (e.g.,
Polar, Temperate-Subpolar, Subtropical Gyres, Equatorial-Upwellings)
corresponding to adjacent Longhurst provinces (https://www.
marineregions.org/sources.php#longhurst), and in diverse ocean
basins (https://www.marineregions.org/sources.php#goas). For a full
description of the xgboost Python package used in this study, see the
documentation provided at https://xgboost.readthedocs.io/en/stable/
python. The code to train, check the model performance and feature
importance, and predict mesoplankton size distribution based on
xgboost functions is available at https://github.com/mdugenne/
PSSdb_Learning.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The datasets used in this study have been deposited in the Zenodo
repository under accession code: https://doi.org/10.5281/zenodo.
10810190. Raw data sources can be accessed on EcoTaxa (https://
ecotaxa.obs-vlfr.fr/) under project ID: 3, 4, 22, 28, 36, 37, 38, 110, 507,
545, 548, 556, 558, 559, 560, 563, 578, 579, 584, 585, 586, 587, 588, 589,
590, 593, 594, 595, 602, 603, 610, 620, 621, 622, 881, 1343, 1591, 2464,
2465, 4028, 4041, 5690, 5693, 7546, 14, 167, 271, 174, 338, 358, 371, 372,
377, 378, 395, 397, 398, 412, 418, 474, 477, 486, 493, 516, 517, 528, 530,
532, 580, 581, 652, 663, 709, 710, 711, 714, 751, 752, 788, 896, 966, 967,
968, 1309, 1603, 2307, 2480, 2535, 2771, 2832, 2979, 2980, 2989, 3391,
3607, 4024, 4025, 4429, 4598, 4904, 5260, 5262, 5304, 6048, 6111, 6212,
8788, 884. Model outputs can be downloaded at https://github.com/
mdugenne/PSSdb_Learning (https://doi.org/10.5281/zenodo.20559579).

Code availability
Code to generate the datasets from raw data sources can be found at:
https://github.com/jessluo/PSSdb. Code to generate model outputs is
available at: https://github.com/mdugenne/PSSdb_Learning (https://
doi.org/10.5281/zenodo.20559579).
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