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Planktonic communities are composed of complex and hetero-
geneous assemblages of small animals, single-celled eukary-
otes (protists), bacteria, archaea and viruses. They contribute 

to the regulation of the Earth system through primary production 
via photosynthesis1 and carbon export to the deep ocean2,3 and are 
at the base of the food webs that sustain the whole trophic chain in 
the oceans4.

The composition of planktonic communities varies over time 
at a given site with daily5 to seasonal fluctuations6 following envi-
ronmental variability7 (for example, temperature, nutrients). 
Overlying these relatively short-scale spatiotemporal variations, 
a more macroscale partitioning of the ocean has been revealed by 
different combinations of biological and physicochemical data8–10 
and recently documented at the resolution of community genom-
ics11. The basin-scale biogeographical structure has been proposed 
to result from a combination of multiple biophysicochemical pro-
cesses named the seascape7. These processes include both abiotic 
and biotic interactions12, neutral genetic drift13, natural selection14,15, 
temperature variations, nutrient supply but also advection and mix-
ing along currents11,13.

Today, knowledge of global-scale plankton biogeography at the 
DNA level is in its infancy. We lack understanding and theoretical 
explanations for the emergence and maintenance of biogeographical 
patterns at genomic resolution. Omics data (that is, the DNA/RNA 
sequences representative of the variety of coding and non-coding 
sequences of organisms) provide the appropriate resolution to 
track and record global biogeographical features11, modulation of 
the repertoire of expressed genes in a community in response to 
environmental conditions2,16,17 and eco-evolutionary processes13–15. 
Moreover, as recently demonstrated by global expeditions2,18–21, 
metagenomic sequencing can be consistently analysed across 
plankton organisms. The strong links between plankton and envi-
ronmental conditions suggest potentially major consequences of 
climate change on community composition and biogeography22,23. 

Time series observations have highlighted recent changes in the 
planktonic ecosystem such as changes in community composition24 
or poleward shifts of some species25, mainly attributed to tempera-
ture increase caused by anthropogenic greenhouse gas emissions. 
These changes are expected to intensify with ongoing global warm-
ing26 and could lead to major reorganization of plankton commu-
nity composition22 with a potential decline in diversity27–29. Another 
major consequence of global reorganization of the seascape on 
biological systems would be a decrease of primary production at 
mid-latitudes and an increase at higher latitudes26.

Here we report the global structure of plankton biogeography 
south of 60° N based on metagenomic data using niche models and 
its putative modifications under climate change. First, we define 
environmental niches30, that is, the envelope of environmental 
parameters suitable for an organism or a population at the scale of 
genomic provinces across size organism size fractions representing 
major plankton groups from nano- (viruses) to meso-zooplankton 
(small metazoans). Then, we spatially extrapolate their niches into 
climato-genomic provinces to derive the structure of plankton bio-
geography for each size fraction individually and for all combined. 
Next, considering the same niches, we assess the spatial reorgani-
zation of these provinces under climate change by the end of the 
century. We study compositional changes among planktonic groups 
known to be critical for two major biogeochemical cycles: nitrogen 
with nitrogen-fixing bacteria and carbon with phototrophs and 
copepods. By correlating our provinces with carbon export fluxes, 
these compositional changes would lead to a reduction of approxi-
mately 4% of carbon export. Finally, we quantify the relative impor-
tance of the environmental drivers explaining projected changes.

Niche models and signature genomes from genomic 
provinces
We define and validate environmental niches using four machine 
learning techniques for 27 previously defined genomic provinces11. 
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The impact of climate change on diversity, functioning and biogeography of marine plankton remains a major unresolved issue. 
Here environmental niches are evidenced for plankton communities at the genomic scale for six size fractions from viruses to 
meso-zooplankton. The spatial extrapolation of these niches portrays ocean partitionings south of 60° N into climato-genomic 
provinces characterized by signature genomes. By 2090, under the RCP8.5 future climate scenario, provinces are reorganized 
over half of the ocean area considered, and almost all provinces are displaced poleward. Particularly, tropical provinces expand 
at the expense of temperate ones. Sea surface temperature is identified as the main driver of changes (50%), followed by 
phosphate (11%) and salinity (10%). Compositional shifts among key planktonic groups suggest impacts on the nitrogen and 
carbon cycles. Provinces are linked to estimates of carbon export fluxes which are projected to decrease, on average, by 4% in 
response to biogeographical restructuring.
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These provinces cover major ocean regions except the Arctic  
for which no data were available at the time of this study. They  
correspond to 529 metagenomes for six size fractions (ranging from 
0 µm to 2,000 µm) sampled at 95 sites (Supplementary information 1,  
Extended Data Fig. 1 and Supplementary Fig 1). Niche definition 
relies on predictor variables that significantly differentiate genomic 
provinces11: sea surface temperature (SST), salinity, dissolved sil-
ica, nitrate, phosphate and iron, plus a seasonality index of nitrate 
(equation (2)).

The signal of ocean partitioning is probably due to abundant 
and small genomes whose geographical distributions closely match 
provinces. Within a collection of 1,778 bacterial, 110 archaeal and 
713 eukaryotic environmental genomes31,32 characterized from Tara 
Oceans samples without cultivation, we find a total of 324 signature 
genomes covering all but four provinces and displaying a taxonomic 
signal coherent with the size fractions (Fig. 1 for eukaryotes and 
Extended Data Fig. 2 for Bacteria and Archaea). Some of the signa-
ture genomes correspond to unexplored lineages with no cultured 
representatives, highlighting the knowledge gap for organisms that 
structure plankton biogeography and the strength of a rationale 
devoid of any a priori on reference genomes or species.

Structure of present-day biogeography of plankton
Niches are extrapolated to a global ocean biogeography for each size 
fraction at 1° × 1° spatial resolution using environmental predictors 
from 2006–2013 World Ocean Atlas 2013 (WOA13) climatology33. 
At each grid point, provinces with the highest probability of pres-
ence computed from the mean projection of four machine learn-
ing models are retained (Fig. 2 and Supplementary Fig. 2). They are 
referred to as dominant provinces and manually annotated based on 
their climate (Supplementary Table 1).

In agreement with previous observations11, provinces of large 
size fractions (>20 µm) are wider and partially decoupled from 
those of smaller size fractions, probably due to differential responses 
to oceanic circulation and environmental variations, different life 
cycle constraints, lifestyles7,11 and trophic network positions34. 
Biogeographies of small metazoans that enrich the largest size frac-
tions (180–2,000 µm and 20–180 µm) are broadly aligned with latitu-
dinal bands (tropico-equatorial, temperate and subpolar) dominated 
by a single province (Fig. 2a,b). A more complex oceanic structur-
ing emerges for the smaller size fractions (<20 µm) (Fig. 2c–f) with 
several provinces per large geographical region. For size fraction 
0.8–5 µm enriched in small protists (Fig. 2d), distinct provinces are 
identified for tropical oligotrophic gyres and for the nutrient-rich 
equatorial upwelling region. A complex pattern of provinces, mostly 
latitudinal, is found for the bacteria- (Fig. 2e, 0.22–3 µm) and the virus 
enriched size classes (Fig. 2f, 0–0.2 µm), although less clearly linked 
to large-scale oceanographic regions. A single province extending 
from temperate to polar regions emerges for size fraction 5–20 µm 
enriched in protists (Fig. 2c) for which fewer samples were avail-
able (Supplementary Fig. 1b,c), a likely source of bias. A consensus 
map combining all size fractions, built using the PHATE algorithm35, 
summarizes the main characteristics of the biogeographies described 
above (Supplementary Discussion 2 and Supplementary Fig. 3).

Finally, we compare genomic biogeographies and existing ocean 
partitionings8–10. Though each of them is unique (Supplementary 
Figs. 6–8), common borders highlight a global latitudinal partition-
ing independent of the type of data (Supplementary Discussion 3).

Future changes in plankton biogeography structure
We assess the impacts of climate change on plankton biogeography 
at the end of the century following the Representative Concentration 
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Fig. 1 | Eukaryotic signature genomes of provinces of eukaryote enriched size classes. For each plankton size class, indexes of presence enrichment 
(equation (1)) for 713 genomes of eukaryotic plankton31 in corresponding provinces are clustered and represented in a colour scale. Signature genomes 
(Methods) are found for almost all provinces; their number (N) and taxonomies are summarized (detailed list in Supplementary Table 6). For each size 
class, a genome is considered to be signature of a province if its presence enrichment index is superior to 0.5 for that province and inferior to 0.1 for  
other provinces.
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Pathway 8.5 (RCP8.5)36 greenhouse gas concentration trajectory. To 
consistently compare projections of present and future biogeogra-
phies, we use the bias-adjusted mean of six Earth System Model 
(ESM) climatologies (Supplementary Table 2 and Supplementary 
Fig. 9). The highest SST warming (7.2 °C) is located off the east  
coast of Canada in the North Atlantic while complex patterns 
of salinity and nutrient variations are projected in all oceans 
(Supplementary Fig. 10). Following this trajectory, future tem-
perature at most sampling sites will be higher than the mean and 
maximum contemporary temperature within their current province 
(Extended Data Fig. 3).

Our projections indicate multiple large-scale changes in biogeo-
graphical structure, including expansions, shrinkages and shifts in 
plankton organism size-dependent provinces (Fig. 3a–d, Extended 

Data Fig. 4 and Supplementary Figs. 11 and 12). A change in the 
dominant province in at least one size fraction would occur over 
60.1% of the ocean surface studied, ranging from 12% (20–180 µm) 
to 31% (0.8–5 µm) (Fig. 3 and Table 1). Consistent with previous 
studies22,37, the majority of shifts are poleward (Supplementary 
Discussions 2, 4 and 5).

We calculate a dissimilarity index (equation (4)) at each grid point 
between probabilities of future and present dominant provinces  
for all size fractions combined (Fig. 4a). Large dissimilarities are 
obtained over northern (25° to 60°) and southern (−25° to −60°) 
temperate regions (mean of 0.29 and 0.24, respectively), mostly 
reflecting the poleward shift of temperate provinces (red arrows  
in Fig. 4a). In austral and equatorial regions, despite important 
environmental changes (Supplementary Fig. 10) and previously 
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Fig. 2 | Global biogeographies of size-structured plankton provinces projected on WOA13 dataset. a–f, Maps showing biogeographies of metazoans 
enriched (180–2,000 µm) (a), small metazoans enriched (20–180 µm) (b), protist enriched (5–20 µm) (c), protist enriched (0.8–5 µm) (d), bacteria enriched 
(0.22–3 µm) (e) and viruses enriched (0–0.2 µm) (f) size fraction. At each grid point of the maps, the dominant province is represented using a darkness of 
colour proportional to its presence probability. Dots represent areas of uncertainty (where the delta of probability between the dominant and another province 
is inferior to 0.5). Simple biogeographies are observed in large size fractions (>20 µm) with a partitioning in three major oceanic areas: tropico-equatorial, 
temperate and polar. More complex geographic patterns and patchiness are observed in smaller size fractions. Maps generated using R package ‘maps’51.
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projected changes in diversity27–29 and biomass38, the contemporary 
provinces remain the most probable at the end of the century (mean 
dissimilarities of 0.18 and 0.02, respectively).

To further study the future decoupling between provinces of  
different size fractions, we analyse the assemblages of dominant 
provinces of each size fraction. Whether a threshold is applied to 
the dissimilarity index (>1/6; Methods), from 45.3% to 57.1% of the 
ocean surface, mainly located in temperate regions, would be inhab-
ited in 2090–2099 by assemblages that exist elsewhere in 2006–2015 
(Fig. 4b versus Fig. 4c). Contemporary assemblages would disappear 
on 3.5% to 3.8% of the surface, and, conversely, novel assemblages 
not encountered today would cover 2.9% to 3.0% of the surface. 
Changes of assemblages impact key economic zones with over 
41.8% to 51.8% of the surface of the main fisheries and 42.2% to 
55.2% of exclusive economic zones for which the future assemblage 
would differ from the contemporary one (Extended Data Fig. 5).

Impact on plankton groups driving carbon and nitrogen 
cycles
To assess the potential biogeochemical impact of biogeographical 
restructuring, we focus on compositional changes among nitrogen- 
fixing bacteria (diazotrophs), copepods and phototrophs, three 
groups considered important for the carbon and nitrogen cycles39,40 
that are well represented among the Tara Oceans environmental 
genomes. Focusing on marine areas where dominant provinces are 
projected to be replaced, we compare the present and future distri-
bution of environmental genomes corresponding to 27 diazotrophs, 
198 copepods and 231 phototrophs31,32.

We project statistically significant changes in composition for all 
three groups (Fig. 3e,f and Extended Data Figs. 6–9, Wilcoxon test, 
p < 0.05). Here we describe only changes in diazotrophs for which 
the genome collection most likely encompasses the whole diversity 
of the group (Supplementary Discussion 6 addresses changes in 
copepods and phototrophs).

Diazotrophy, the biotic fixation of atmospheric nitrogen, is an 
important process for both nitrogen and carbon cycles. It sup-
ports biological productivity in the nitrogen-limited tropical 
oceans41. Marine diazotrophs include cyanobacteria (for example, 
Trichodesmium) described as the principal nitrogen fixers42 and var-
ious heterotrophic bacterial diazotrophs (HBDs) that lack cultured 
representatives or in situ imaging32,41. Forty-eight of the bacterial 
environmental genomes are diazotrophs (eight cyanobacteria and 
40 HBDs). These genomes encapsulate 92% of the metagenomic 
signal of the known marker gene responsible for microbial nitro-
gen fixation32 (nifH, the nitrogenase subunit H). Twenty-seven are 
found in at least five samples of a given size class and have been used 
for the analysis.

In size fraction 0.8–5 μm, we project significantly higher rela-
tive abundances in cyanobacteria in the tropico-equatorial regions 
of the Pacific Ocean (C9 to C11 and C4; Fig. 3f), which might point 
towards an increase in nitrogen fixation in this region as previously 
suggested by other models40. Supporting this result, we find similar 
significant compositional changes towards an increase in cyano-
bacteria in size fraction 5–20 μm (Extended Data Fig. 7c). We also 
project significant compositional changes for some clades of HBDs 

(for example, increase in gammaproteobacteria: C8 to C3; Fig. 3f) 
though no global trend can be identified here. In the other size 
classes (20–180 μm, 180–2,000 μm and 0.22–3 μm), compositional 
changes are not significant (Extended Data Fig. 8). To summarize, 
although we cannot estimate nitrogen fixation rates using genomic 
data alone, genomic measurements of nitrogen-fixing cyanobacte-
ria are in agreement with a potential increase in nitrogen fixation in 
the tropics, echoing results from other models40.

Linking assemblages of provinces and carbon export fluxes
Carbon export refers to the processes by which organic carbon is 
transferred from the surface ocean to depth mainly by sinking par-
ticles that are derived from surface ocean plankton ecosystem pro-
cesses43. Surface plankton communities are reported to be important 
in determining carbon export fluxes through the water column2. We 
test this hypothesis by calculating mean fluxes of carbon export that 
can be associated to the assemblages of our climato-genomic prov-
inces from three datasets of extrapolated carbon fluxes3,43,44. We find 
significant differences of carbon fluxes for 46% of pairs of province 
assemblages (pairwise Wilcoxon test, Holm correction p <0.05). 
Total carbon export values are comparable to those computed from 
the reference datasets over the same regions (from 2.6 using Henson 
et al.3 to 6.7 Pg C per year using Eppley et al.43; Supplementary Table 9).  
Our projections of the reorganization of climate-genomic provinces 
correspond with a decrease in carbon export of 4.0% on average by 
the end of the century (from 3.3% for Laws et al.44 to 4.4% for Eppley 
et al.43; Fig. 4d).

We use the Apriori algorithm45 to identify associations between 
changes in the genome composition of communities and changes in 
carbon export among four main latitudinal zones of the ocean: equa-
torial, subtropical north/south and temperate/subpolar (Extended 
Data Fig. 10). In temperate/subpolar regions, no significant asso-
ciation rules are found (Extended Data Fig. 10a). In northern 
and southern subtropical regions, decreases in carbon export are 
associated with global decreases in nano-diatoms, nano-algae and 
pico-algae (0.8–5 μm and 5–20 μm; Extended Data Fig. 10b,c). In 
equatorial regions, the decrease in carbon export is mainly associ-
ated with decreases in nano-diatoms and nano-algae (5–20 μm and 
0.8–5 μm) and increases in diazotrophs (0.8–5 μm and 5–20 μm; 
Extended Data Fig. 10d). No significant rules are found for carbon 
export increase or changes in copepods and micro-algae.

Drivers of plankton biogeography reorganization
We quantify the relative importance of environmental predictors 
(SST, salinity, dissolved silica, phosphate, nitrate, iron and seasonal-
ity of nitrate) into niche definitions and in driving future changes of 
the structure of plankton biogeography (equation (6)). Among these 
environmental properties, temperature is the first influential param-
eter for niche definition (for 19 out of 27 niches) but with a relative 
contribution of only 22.6% on average (Supplementary Fig. 16a).

For each site highly dissimilar between 2006–2015 and 2090–
2099 (Bray-Curtis > 1/6), the relative impact of each environmental 
parameter in driving this change is calculated (equation (6) (ref. 22);  
Fig. 5a). Overall, comparing the relative contribution of each  
parameter to the reorganization of the provinces, SST would be 

Fig. 3 | Modelled present and future global biogeographies of the three and seven provinces for the small metazoan enriched size fraction (20–180 μm) 
and the protist enriched size fraction (0.8–5 μm) and associated compositional shifts in marine hexanauplia and diazotrophs. a–d, Presence probability 
and uncertainties are represented as in Fig. 2. e–f, At each grid point of the maps, the dominant province is represented using a darkness of colour 
proportional to its presence probability. Dots represent areas of uncertainty (where the delta of probability between the dominant and another province is 
inferior to 0.5). Top: locations of dominant province shifts in size fraction 20–180 μm (e) and 0.8–5 μm (f). Bottom: Summary of significant compositional 
shifts in marine Hexanauplia (copepods) (e) classified by size (‘not classified’ when no preferential size class was found) or bacterial diazotrophs (f). Each 
type of transition is coloured according to the one on the map or in grey (when less frequent). Bar plots represent mean relative abundances based on 
genome abundance in the given province. Statistically significant compositional changes in a type of genome are represented by triangles of the associated 
transition colour (Wilcoxon test, p < 0.05). Maps generated using R package ‘maps’51.
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responsible for 50% on average followed by phosphate (11%) and 
salinity (10.3%) (Supplementary Fig. 17). Over the majority of  
the ocean, SST is the primary driver of the reorganization (Fig. 5a).  

In some regions, salinity (for example, eastern North Atlantic) and 
phosphate (for example, equatorial region) dominate (Fig. 5a). 
When excluding the effect of SST, salinity and phosphate become 

Table 1 | Global statistics of covered areas and province changes and transitions

Size fraction 
(µm)

Present-day 
covered area 
(%)

End-of-century 
covered area 
(%)

% area with a  
change of dominant 
province

Most frequent transition % Second-most frequent 
transition

%

180–2,000 74 74 13 temperate → tropico-equatorial 
(F5 → F8)

67 polar → temperate (F1 → F5) 14

20–180 78 77 12 temperate → tropico-equatorial 
(E6 → E5)

67 polar → temperate (E1 → E6) 29

5–20 45 49 22 temperate → equatorial 
(D3 → D4)

47 equatorial → tropical 
(D4 → D6)

25

0.8–5 56 59 31 equatorial → tropical (C9 → C11) 22 temperate → equatorial 
(C8 → C9)

15

0.22–3 60 61 15 temperate → tropical (B7 → B5) 22 polar → temperate (B8 → B6) 16

0–0.2 64 66 16 equatorial → tropical (A6 → A3) 32 temperate → equatorial 
(A8 → A6)

31

Total 60

From 12% to 31% of the total covered area is estimated to be replaced by a different province at the end of the century compared with present day depending on the size fraction. In total, considering all size 
fractions, this represents 60% of the total covered area with at least one predicted change of dominant province across the six size fractions.
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the primary drivers of the reorganization of the provinces (Fig. 5b).  
The impact of SST varies across size classes with a significantly 
higher contribution in large size classes (>20 µm) compared with 
the small ones (mean of ~73% versus ~49%, t-test p <0.05; Fig. 5c).  
Though the contribution of combined nutrients to niche defi-
nition is similar for small and large size classes (mean of ~56%  
versus ~61%; Supplementary Fig. 16 and Supplementary Table 3), 
their future projected variations have a higher relative impact on 
the reorganization of biogeographies of small organisms (mean 
of ~39% versus ~20%, t-test p <0.05; Supplementary Fig. 16 and 
Supplementary Table 3). For instance, in the tropical zone, the 
shrinkage of the equatorial province C9 (size fraction 0.8–5 µm;  
Fig. 2b,d and Supplementary Fig. 18e) is 24% driven by a reduction 
of dissolved phosphate concentrations and 25% by a SST increase. 
In contrast, SST drives 56% of the shrinkage of the temperate prov-
ince F5 (size fraction 180–2,000 µm; Supplementary Fig. 18d). 
Finally, non-poleward shifts are found only within small size frac-
tions (<20 µm) (Extended Data Fig. 4 and Supplementary Fig. 11), 
highlighting differential responses to nutrients and SST changes 
between large and small organisms, the latter being enriched in 
phytoplankton that directly rely on nutrient supplies.

Discussion
We propose a novel partitioning of the ocean into plankton 
size-dependent climato-genomic provinces, complementing pre-
vious efforts based on other biophysicochemical data9–11. Though 
initially built at genomic scale, our biogeographies paradoxically 
reveal basin-scale provinces that are larger than Longhurst’s biogeo-
chemical provinces10 and Fay and McKingley biomes9. We propose 

that this apparent paradox emerges from the combination of the 
scale, nature and resolution of sampling. First, two proximal sam-
ples from the Tara Oceans expedition are separated by ~300 km on 
average, sampled over three years. This relatively large spatiotempo-
ral scale overlies shorter-scale compositional variations previously 
observed5,6. At the global scale, the limited effect of seasons on the 
frontiers of biogeochemical provinces10 does not affect their global 
topology which might be the case for the global structuring of the 
genomic biogeography. Second, our estimates of plankton com-
munity dissimilarities are highly resolutive as they are computed 
at genomic scale with billions of small DNA fragments11,18, thus 
smoothing out the more discrete species-level signals. Together, 
from these combinations of processes and patterns occurring at 
multiple scales emerge basin-scale provinces associated with coher-
ent environmental niches and signature genomes.

These climato-genomic provinces are structured in broad latitu-
dinal bands with smaller organisms (<20 μm) displaying more com-
plex patterns and partially decoupled from larger organisms. This 
decoupling is the result of distinct statistical links between prov-
inces based on organism size fractions and environmental param-
eters and could reflect their respective trophic modes11,34.

Complex changes of the parameters defining the niches are 
projected under climate change, leading to the reorganization of 
size-dependent provinces. Assuming a constant relationship to envi-
ronmental drivers that define the climato-genomic provinces, climate 
change is projected to restructure them over approximately 50% of 
surface oceans south of 60° N by the end of the century (Fig. 4).  
The largest reorganization is detected in subtropical and temper-
ate regions in agreement with other studies29,37 and is accompanied 
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by appearance and disappearance of size-fractionated provinces’ 
assemblages. In the tropical-equatorial and southern regions, envi-
ronmental conditions are projected to exceed current extremes by 
the end of the century. While some studies extrapolate important 
diversity and biomass changes in these zones27–29,38, here we proj-
ect shifts of their boundaries and maintenance of their climatic 
label. The present approach does not account for putative changes 
in community composition or the emergence of novel niches  
over these regions for which novel environmental selection  
pressure is expected.

Despite these limitations, genomic data allow us to project com-
positional shifts due to the reorganization of the provinces at a high 
phylogenetic and functional resolution. We find significant changes 
in composition of diazotrophs, copepods and phototrophs includ-
ing changes in size, a key trait for carbon export. These changes 
include increase of large copepods in subpolar regions (180–
2,000 μm), increase in nitrogen-fixing cyanobacteria in subtropical 
regions in agreement with modelling studies40 and complex changes 
in phototrophs. These changes might lead to novel prey–preda-
tor interactions, for example, in regions where new assemblages 
of communities are projected. Critically, carbon export fluxes are 
significantly different among climato-genomic province assem-
blages in agreement with theory3,26 and previous genomic studies2. 
By the end of the century, changes in these assemblages are linked 
to a global decrease of the carbon pump of ~4%, a consistent esti-
mation compared with most models26,46. This decrease is linked to 
decreases in nano-algae and diatoms and an increase in diazotrophs 
but not to changes in copepods or micro-algae. These results are 
to be taken with caution, especially for copepods and phototrophs, 
as our genome database does not account for the total diversity of 
these groups and is biased towards small and the most abundant 
genomes. Nevertheless, the presented association of metagenomic 
data with physicochemical data paves the way for the integration 
of multiple global-scale data for a better understanding of biogeo-
chemical cycles.

Overall, our projections for the end of the century do not take 
into account possible future changes of major biophysicochemi-
cal factors such as the dynamics of community mixing, trophic 
interactions through transport47, the dynamics of the genomes13–15 
(adaptation or acclimation) and biomass variations38. New sam-
pling in current and future expeditions48 and ongoing technological 
improvements in biophysicochemical characterization of seawa-
ter samples31,48,49 will soon refine functional16,17, environmental 
(micronutrients50) and phylogenetic31 characterization of plankton 
ecosystems for various biological entities (genotypes, species or 
communities) and spatiotemporal scales48. Ultimately, integrating 
this varied information will allow a better understanding of the con-
ditions of emergence of ecological niches in the seascape and their 
response to a changing ocean.
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Methods
Genomic provinces of plankton. Environmental niches are computed for 
trans-kingdom plankton genomic provinces from Richter et al.11. These provinces 
consist of the clustering of each of six metagenomic dissimilarity matrices (based 
on the amount of DNA k-mers shared between pairs of samples) from six available 
size fractions with sufficient metagenomic data from the Tara Oceans dataset. 
The six size fractions (0–0.2 μm, 0.22–3 μm, 0.8–5 μm, 5–20 μm, 20–180 μm and 
180–2,000 μm) were initially sampled to represent major plankton groups18–20,34. 
Two large size classes (180–2,000 µm and 20–180 µm) are enriched in zooplankton 
dominated by arthropods (mainly copepods) and cnidarians. Size classes 5–20 µm 
and 0.8–5 µm are enriched in smaller eukaryotic algae such as dynophytes  
(5–20 µm), pelagophytes and haptophytes (0.8–5 µm). Finally, size classes  
0.22–3 µm and 0–0.2 µm are respectively enriched in bacteria and viruses. Within 
each size fraction (from large to small), there are respectively 8, 8, 11, 6, 6 and  
8 (48 in total) provinces defined in Richter et al.11 formed by Tara Oceans 
metagenomes (644 metagenomes sampled either at the surface or at the deep 
chlorophyll maximum across 102 sites).

Genome signature of the provinces. We analysed the distribution of 713 
eukaryotic and 1,888 prokaryotic genomes31,32 within the genomic provinces. 
These genomes are metagenome-assembled genomes (MAGs) obtained from 
Tara Oceans metagenomes. For each size class, we select MAGs that are present 
(according to a criteria defined in Delmont et al.31) in at least five samples. We 
computed an index of presence enrichment of MAGs within provinces as the 
Jaccard index (J)52, defined as follows:

J = M11

M11 + M01 + M10
(1)

M11 is the number of samples where the MAG is present and matches a sample 
of the province. M01 and M10 are, respectively, the number of samples where the 
MAG is not present in a sample of the province and, reciprocally, the number of 
samples where the MAG is present outside the province. A MAG is considered to 
be signature of a province if the Jaccard index is superior to 0.5 for this province 
and inferior to 0.1 for all other provinces of the given size class (Fig. 1 and 
Extended Data Fig. 2).

WOA13 data. Physicochemical parameters proposed to have an impact on 
plankton genomic provinces11 are used to define environmental niches: SST, 
salinity (Sal), dissolved silica (Si), dissolved nitrate (NO3), dissolved phosphate 
(PO4), dissolved iron (Fe) and a seasonality index of nitrate (SI NO3). With the 
exception of Fe and SI NO3, these parameters are extracted from the gridded 
WOA1333. Climatological Fe fields are provided by the biogeochemical model 
PISCES-v255. SI NO3 is defined as the range of nitrate concentrations over the year 
in one grid cell divided by the maximum range encountered in WOA13 at the Tara 
Oceans sampling stations:

SI ([NO3](x, y, z)) =

max
t

([NO3](x, y, z, t)) − mint([NO3](x, y, z, t))

maxS(max
t

([NO3] (x, y, z, t)) − mint([NO3](x, y, z, t)))
(2)

[NO3] is the nitrate concentration. The indices t and S, respectively, refer 
to time (months) and spatial (Tara samples) coordinates. All parameters 
are co-located with the corresponding stations and extracted at the month 
corresponding to the Tara Oceans sampling. To compensate for missing 
physicochemical samples in the Tara Oceans in situ dataset, climatological data 
(WOA13) are used. The correlation between in situ samples and corresponding 
values extracted from WOA13 are high (r2: SST: 0.96, Sal: 0.83, Si: 0.97, NO3: 0.83, 
PO4: 0.89). In the absence of corresponding WOA13 data, a search is done within 
2° around the sampling location and values found within this square are averaged.

Nutrients such as NO3 and PO4 display a strong collinearity when averaged 
over the global ocean (correlation of 0.95 in WOA13), which could complicate 
disentangling their respective contributions to niche definition. However, 
observations and experimental data allow identification of limiting nutrients at the 
regional scale, characterized by specific plankton communities56. The projection 
of niches into the future climate would yield spurious results if the present-day 
collinearity is not maintained57, but there is up to now no evidence for large-scale 
changes in global nutrient stoichiometry58.

ESM and bias correction. Outputs from six ESMs (Supplementary Table 2) 
are used to project environmental niches under greenhouse gas concentration 
trajectory RCP8.536. Environmental drivers are extracted south of 60° N for 
present-day (2006–2015) and end-of-century (2090–2099) conditions for each 
model, and the multi-model mean is computed. A bias correction method, 
the cumulative distribution function transform (CDFt)59, is applied to adjust 
the distributions of SST, Sal, Si, NO3 and PO4 of the multi-model mean to the 
WOA13 database. CDFt is based on a quantile mapping approach to reduce the 
bias between modelled and observed data while accounting for climate change. 
Therefore, CDFt does not rely on the stationarity hypothesis and present and future 

distributions can be different. CDFt is applied on the global fields of the mean 
model simulations. By construction, CDFt preserves the ranks of the simulations to 
be corrected. Thus, the spatial structures of the model fields are preserved.

Environmental niche models: training, validation and projections. Provinces 
with similar metagenomic content are retrieved from Richter et al.11. From a 
total of 48 initial provinces, 10 provinces are removed either because they are 
represented by too few samples (7 out of 10) or they are found in environments 
not resolved by ESMs (for example, lagoons of Pacific Ocean islands, 3 out of 10). 
This narrows down the number of samples from 644 to 595 metagenomes. Four 
machine learning methods are applied to compute environmental niches for each 
of the 38 provinces: gradient boosting machine (gbm)60, random forest (rf)61, single 
hidden layer neural networks (nn)62 and generalized additive models (gam)63. 
Hyper parameters of each technique (except gam) are optimized. These are  
(1) for gbm, the interaction depth (1, 3 and 5), learning rate (0.01, 0.001) and the 
minimum number of observations in a tree node (1 to 10); (2) for rf, the number of 
trees (100 to 900 with step 200 and 1,000 to 9,000 with step 2,000) and the number 
of parameters used for each tree (1 to 7); (3) for nn, the number of neurons of the 
network (1 to 10) and the decay (1.10−4 to 9.10−4 and 1.10−5 to 9.10−5). For gam 
the number of splines is set to 3, respectively 2 only when not enough points are 
available (for fraction 0–0.2, 65 points). R packages ‘gbm’ (2.1.3), ‘randomForest’ 
(4.6.14), ‘mgcv’ (1.8.16) and ‘nnet’ (7.3.12) are used for gbm, rf, nn and gam 
models.

To define the best combination of hyper parameters for each model, we 
perform random cross-validation by training the model on 85% of the dataset 
randomly sampled and by calculating the area under the curve64 (AUC) on the 
15% remaining points of the dataset. This process is repeated over 30 random 
subsets of the entire training set for each combination of hyperparameters. We 
work in a presence/absence framework, that is, for each province separately, the 
dataset consists of the variable to predict (‘presence’ or not of the province in the 
sample) and the predictors consisting of the environmental variables for each 
sample. A fixed probability threshold of 0.5 for presence/absence detection is used 
to calculate the AUC. Fixing the probability threshold allows optimization of all 
models according to this threshold so that the dominant province has a reasonably 
high probability of presence (at least in regions with similar environmental 
parameters to the training dataset) and for the four types of statistical model we 
use. The best combination of hyper parameters is the one for which the mean 
AUC over the cross-validation is the highest. A model is considered valid if at least 
three out of the four techniques have a mean AUC superior to 0.65, which is the 
case for 27 out of the 38 provinces (Supplementary Fig. 1a). A climatic annotation 
is given to the 27 validated niches (Supplementary Table 2). Final models are 
trained on the full dataset and only the techniques that have a mean AUC higher 
than 0.65 are considered to make the projections. The vast majority (23) of the 
27 validated niches is validated by all 4 models and the remaining 4 niches by 
only 3 models. Relative influences of each parameter in defining environmental 
niches are calculated using the ‘feature_importance’ function from the DALEX 
R package65 for all four statistical methods (Supplementary Fig. 16a). To evaluate 
the consistency and coherence of environmental niche models, we first make 
global projections on the 2006–2013 WOA2013 climatology. Projections are 
consistent with sampling regions for provinces encompassing vast oceanic areas. 
For example, the genomic province sampled in temperate Atlantic regions of size 
fraction 180–2,000 µm is projected to be present in the north and south temperate 
Atlantic but also other temperate regions (Supplementary Fig. 2). For model 
training and projections, physicochemical variables are scaled to have a mean of 
0 and a variance of 1 (using means and standard deviations of the training data). 
This standardization procedure allows for better performance of neural networks 
models. Finally, as statistical models often disagree on projection sets whereas they 
give similar predictions on the training set (Supplementary Figs. 4, 5), we use the 
ensemble model approach for global-scale projections of provinces66, that is, the 
mean projections of the validated machine learning techniques.

Combined size class provinces and ocean partitioning comparisons. To combine 
all size classes’ provinces, we use the PHATE algorithm35,67 from the R package 
‘phateR’. This algorithm allows visualization of high dimensional data in the 
requested number of dimensions while best preserving the global data structure67. 
We choose to train PHATE separately on WOA13 projections and present-day 
and end-of-century projections including presence probabilities of non dominant 
provinces. We use three dimensions and set hyper parameter k-nearest neighbours 
(knn) and decay, respectively, to 1,000 for WOA13 and 2,000 for model data as 
in this case there are twice as many points. The hyper parameter knn reflects the 
degree to which the mapping of PHATE from high to low dimensionality should 
respect the global features of the data. We argue that 1,000 and 2,000 are good 
choices as it will be sufficient to have a highly connected graph, conserve global 
structure, allow visualization of structures of the size of the provinces (mean 
number of points in a province: 4,867) and have a reasonable computational time. 
Decay is set to 20 in both cases. Then we cluster the resulting distance matrix using 
the k-medoïds algorithm68, and the silhouette average width criteria69 is used as an 
indicator of good fit. The silhouette criterion is maximal for two, three and four 
clusters, and two peaks are found at seven and 14 clusters (not shown). We choose 
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to present the four and seven cluster geographical patterns as they seem more 
relevant with respect to the resolutions of our environmental datasets (WOA13 
and climate models). We compare the three polar clusters of the seven cluster 
geographical patterns with Antarctic Circumpolar Currents fronts70 by overlying 
them on the map (black lines in Supplementary Fig. 3b).

To visualize the global biogeography structure, the resulting three vectors of 
PHATE are plotted using an RGB colour code. Each coordinate of each vector is 
respectively assigned to a given degree of colour component between 0 and 255 (8 
bits red, green or blue) using the following formula (Supplementary Figs. 3 and 13):

C_col(i) =
C (i) − min (C (1) , C (2) , C (3))

max (C (1) , C (2) , C (3)) − min (C (1) , C (2) , C (3)) × 255 (3)

C(i) is the ith component of the PHATE axes and C_col(i) is the corresponding 
degree of color of C(i). Respectively, components 1, 2 and 3 are assigned to red, 
green and blue.

To compare the six size fraction biogeographies, the combined size class 
biogeography and existing biogeochemical partitions of the oceans9,10, we use the 
adjusted rand index71 (Supplementary Figs. 6–8) and overlay their boundaries 
above our partitions.

Centroids and migration shifts. The centroid of each province is defined as the 
average latitude and longitude for which the probability of presence is superior to 
0.5 and weighted by both the probability of presence at each grid point and the grid 
cell area. The migration shift is calculated as the distance between the present-day 
and the end-of-the-century centroids considering the Earth as a perfect sphere of 
radius 6,371 km. For consistency (that is, to avoid long distance aberrant shifts), it 
is only calculated for provinces with an area of dominance larger than 106 km2 in 
the given basin.

Bray–Curtis dissimilarity index. Climate change impact on global projections is 
calculated at each grid point as the Bray–Curtis dissimilarity index72,73 defined as 
follows:

BC =

∑

n

∣

∣

∣

Pnfuture − Pnpresent
∣

∣

∣

∑

n
∣

∣Pnfuture + Pnpresent
∣

∣

(4)

where (Pnpresentand Pnfuture) are, respectively, the probability of presence of the 
province n in present day and at the end of the century. Only the probabilities of 
dominant provinces are non-null, and all others are set to zero. The mask of main 
fisheries53 (chosen as the first four deciles) and exclusive economic zones54 are 
overlaid on the Bray–Curtis map.

Change in province assemblages. A province assemblage is defined as the 
assemblage of dominant provinces of each size fraction at a given grid point of 
the considered ocean. We consider two criteria of change in province assemblage 
between present-day and end-of-the-century conditions. The first one, more 
straightforward and less stringent, considers that a province assemblage occurs 
when a change of dominant province is found in at least one size fraction. In a 
more stringent way, a change of assemblage is considered important for BC > 1

6 
(previous section). This threshold corresponds to an idealized case where each 
dominant province has a probability of 1, and a change of dominant province is 
found in only one size fraction. This criterion allows us to discard assemblage 
changes for which the changes in probability of presence of dominant provinces are 
very low.

Differential genomic composition across provinces. We characterize the 
composition in marine Hexanauplia (copepods), marine diazotrophs and 
phototrophs of provinces by considering the mean relative abundances of groups of 
MAGs31,32 characterized taxonomically and by size (for copepods and phototrophs) 
in each province for all size fractions except the viral one and for size fractions 
>5 μm (for marine Hexanauplia). Marine Hexanauplia are annotated taxonomically 
(either as belonging to clade A (109 MAGs) or clade B (105 MAGs)) from which 
198 are found in at least five samples that we use (98 clade A and 100 clade B). 
To attribute a preferential size class to these MAGs, mean relative abundances 
over all sites of each of them are compared across size fraction 180–2,000 μm, 
20–180 μm and 5–20 μm using Welch ANOVA74 (p value <0.05). When the test is 
significant, the MAG is annotated to its preferential size class (Meso-zooplankton: 
180–2,000 μm, Micro-zooplankton: 20–180 μm or 5–20 μm). When the test is not 
significant, the MAG is annotated as unclassified. Then for each group of MAG 
(defined by the preferential size class plus the clade), the mean of the sum over the 
MAGs from this group is calculated in each province to characterize the province. 
The same procedure is applied for 27 out of 48 bacterial diazotrophs (present 
in at least five samples) from the prokaryotic MAG collection32, distinguishing 
groups at the phylum level (Gammaproteobacteria n = 8, Cyanobacteria n = 8, 
Deltaproteobacteria n = 2, Alphaproteobacteria n = 4, Planctomycetes n = 3, 
Verrucomicrobiota n = 2) and for 231 phototrophs (present in at least five samples) 
distinguishing algae (n = 172), diatoms (Bacillariophyta, n = 11) and cyanobacteria 
(n = 48) and their preferential size class (pico: 0.22–3 μm, nano: 0.8–5 μm and 

5–20 μm and micro: 20–180 μm and 180–2,000 μm). Finally, significant differential 
composition between provinces are annotated using Holm corrected75 pairwise 
Mann–Whitney U test76 (p <0.05 for significance).

Estimation of carbon export fluxes in assemblages of provinces. We use 
three sets of carbon export data at 100 m depth (extrapolated data)3,43,44 to 
estimate an average particulate organic carbon (POC) flux for each assemblage 
of climato-genomic provinces. These extrapolations are based on estimates of 
carbon export efficiency from in situ measurements either using the POC/234Th 
radioisotope ratio3 or the f-ratio technique43,44. They both derive a relation between 
carbon export efficiency and SST. Then to obtain extrapolations of carbon export, 
these ratios are multiplied by estimates of primary production from satellite 
estimates of sea surface chlorophyll concentrations. For each dataset, we associate 
each extrapolation of POC fluxes to the assemblage of present-day provinces 
from the nearest point of the flux estimate. An average flux is associated with an 
assemblage if at least three data points are associated with that assemblage. Each 
grid point is associated to a given assemblage and is assigned to its average carbon 
flux. Thus, we calculate carbon export estimates where an assemblage from the set 
of present-day assemblages can be projected in the future. Next we calculate total 
carbon export for current and projected end-of-century assemblages, summing 
fluxes over these areas (Supplementary Table 9). Similar conclusions are reached 
using median values of carbon export. We verified that using whole assemblages as 
predictors of carbon export is more robust than using single size fraction dominant 
provinces (ANOVA77, Akaike Information Criterion78).

Linking changes in carbon export and compositional changes. We use the 
Apriori algorithm45 to identify associations between changes in community 
composition and changes in carbon export. From the relative abundance values 
of phototroph, diazotroph and copepod MAGs31,32, we consider only significant 
changes in their composition among communities by a pairwise Wilcoxon test 
(Holm correction p <0.05). We also consider only phototrophic and copepod 
MAGs for which a preferred size class was found. The Apriori algorithm 
determines association rules between sets of ‘transactions’, here community 
changes with carbon export. The algorithm identifies sufficiently frequent 
associations between transactions and computes a lift as follows:

lift(A → B) =
confidence(A → B)

support(B) (5)

where confidence(A → B) is the number of transactions where both A and B 
occur divided by the number of transactions where A occurs, and support(B) 
is the percentage of transactions where B occurs in the whole dataset. The lift 
corresponds to the increase factor in likeliness that B occurs when A occurs. 
The Apriori algorithm is launched for four latitudinal zones of the ocean: 
equatorial, subtropical (north and south) and temperate/subpolar zones. Only the 
directionality of changes is considered (increase/decrease in either carbon flux or 
a type of organism). If rules overlap perfectly, only the largest association rules are 
kept (maximum rule length is set to 7). Only association rules pointing towards 
changes in carbon fluxes are kept (A = change(s) in one or several plankton group 
and B = change in carbon export in equation (5)). Minimum support is set to 0.05.

Driver analysis. To assess the relative importance of each driver in province 
changes, the methodology from Barton et al.22 is adopted. For a set N of n 
provinces (individual provinces or all provinces together), the probability of 
presence of each province is recalculated for present-day conditions except for 
driver d (from the set of drivers D) for which the end-of-the-century condition is 
used (Pnfuture for dth driver only). The set of driver D can be either all drivers (Fig. 5a,c) 
or all drivers except SST (Fig. 5b). The relative importance of driver d at a given 
grid point for the set of N of provinces is computed as follows:

RI (d) =

∑

n∈N

∣

∣

∣

Pnfuture for dth driver only
− Pnpresent

∣

∣

∣

∑

d∈D
∑

n∈N
∣

∣Pnfuture for dth driver only
− Pnpresent

∣

∣

(6)

RI(d) is computed at grid cells where BC > 1
6 and is calculated with either 

the set of all drivers (Fig. 5a,c) or all drivers except SST (Fig. 5b). When RI(d) is 
calculated for individual provinces (Fig. 5c and Supplementary Fig. 18d,e), it is 
computed only at grid cells where BC > 1

6 and the concerned province is either 
dominant in present-day and/or end-of-century conditions.

Maps. We use the continents map background from R package ‘maps’51 for all map 
figures in this study.

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

Data Availability
All data used are available at https://github.com/institut-de-genomique/NCLIM-
20102618B. All coordinates of ocean partitionings from this study  
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are available at https://figshare.com/articles/dataset/Biogeographies_genomic_ 
provinces/1907162079.

Code Availability
All codes used are available at https://github.com/institut-de-genomique/
NCLIM-20102618B.
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Extended Data Fig. 1 | Study pipeline. Metagenomic data from the 2009–2013 Tara Oceans expedition and in situ measurements of physicochemical 
variables (World Ocean Atlas 2013, WOA13)33 are combined to define environmental niches at the plankton community level across 6 size fractions. 
Bias corrected outputs from a mean model of 6 Earth System Models (Supplementary Table 1) and WOA13 data are then used to project global plankton 
provinces for present day and end of the century conditions under a high warming scenario (RCP8.5)36. Variables are Sea Surface Temperature (SST), 
Salinity (Sal), Dissolved silica (Si), Nitrate (NO3), Phosphate (PO4), Iron (Fe) and a seasonality index of nitrate (SI NO3).
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Extended Data Fig. 2 | Prokaryotic signature genomes of provinces of the prokaryote (0.22–3 μm) and protist (0.8–5 μm) enriched size classes. Indexes 
of presence enrichment52 for 1888 genomes of prokaryotic plankton32 in corresponding provinces are clustered and represented in a colour scale. Signature 
genomes (see Methods) are found for almost all provinces, their number and taxonomies are summarized (detailed list in Supplementary Table 6). A 
genome is considered to be signature of a province if the presence enrichment index is superior to 0.5 with this province and inferior to 0.1 for all other 
provinces of the given size class.
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Extended Data Fig. 3 | Distribution of deltas between future temperature at each sampling site (surface) minus either the mean or maximum 
temperature within their contemporary genomic province. For most of the sites and across size fractions the future temperature projected by the bias 
adjusted ESM ensemble model is higher than both the maximum and mean contemporary temperature of their genomic province.
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Extended Data Fig. 4 | Global geographical patterns for provinces of four plankton size fractions in present day and at the end of the century.  
(a, c, e, g) Present day and (b, d, f, h) end of century biogeographies of size classes 180–2000, 5–20, 0.22–3 and 0–0.2 μm respectively. At each grid point 
of the maps the dominant province is represented using a darkness of colour proportional to its presence probability. Dots represent areas of uncertainty 
(where the delta of probability between the dominant and another province is inferior to 0.5). Expansion of tropical provinces and shrinkage of temperate 
provinces are consistently projected in all size fractions. We generated these map using R-package maps51.
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Extended Data Fig. 5 | Bray-Curtis dissimilarity index and assemblage change maps comparing present day with end of the century projections of 
dominant provinces in principal fisheries53 (4 last deciles) and Exclusive Economic Zones54. Bray-Curtis dissimilarity index and assemblage changes in 
(a, c) Principal fisheries and (b, d) Exclusive Economic Zones. Assemblage changes in (e) Principal fisheries and (f) Exclusive Economic Zones in areas 
projected to encounter an important change (Bray-Curtis dissimilarity index superior to 1/6). We generated these map using R-package maps51.
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Extended Data Fig. 6 | Projected compositional shifts in marine hexanauplia in areas of dominant province change. (a) 180–2000 μm and (b) 5–20 μm.  
Top: Locations of dominant province change using colours corresponding to the type of province transition. Bottom: Circular plots summarizing 
significant compositional shifts in marine hexanauplia classified by size (‘not classified’ when no preferential size class is found). Each type of transition 
is represented by an arrow coloured according to the map and in grey if they represent less than 2% of the transitions. Barplots represent mean relative 
abundances of each group of organism. Arrows point towards the end of the century projected province and their widths are proportional to the area of 
change. Significant compositional changes in a type of organism are represented by triangles of the associated transition colour. We generated these map 
using R-package maps51.
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Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7 | Projected compositional shifts in bacterial diazotrophs in areas of dominant community change. (a) 180–2000 μm (b) 20–180 μm  
(c) 5–20 μm and (d) 0.22–3 μm. Top: Locations of dominant province change using colours corresponding to the type of province transition. Bottom: 
Circular plots summarizing significant compositional shifts in marine diazotrophs. Each type of transition is represented by an arrow coloured according 
to the map and in grey if they represent less than 2% of the transitions. Barplots represent mean relative abundances of each group of organism. Arrows 
points towards the end of the century projected province and their widths are proportional to the area of change. Significant compositional changes in a 
type of organism are represented by triangles of the associated transition. We generated these map using R-package maps51.
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Extended Data Fig. 8 | See next page for caption.
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Extended Data Fig. 8 | Projected compositional changes in phototrophs in areas of dominant community change. (a) 180–2000 μm (b) 20–180 μm  
(c) 5–20 μm (d) 0.8–5 μm and (e) 0.22–3 μm. Top: Locations of dominant province change using colours corresponding to the type of province transition. 
Bottom: Circular plots summarizing significant compositional shifts in phototrophs classified by size (‘not classified’ when no preferential size class is 
found). Each type of transition is represented by an arrow coloured according to the map and in grey if they represent less than 2% of the transitions. 
Barplots represent mean relative abundances of each group of organism. Arrows point towards the end of the century projected province and their widths 
are proportional to the area of change. Significant compositional changes in a type of organism are represented by triangles of the associated transition 
colour. We generated these map using R-package maps51.
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Extended Data Fig. 9 | See next page for caption.
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Extended Data Fig. 9 | Maps of carbon export flux changes in link with organisms’ projected changes. Significant composition changes based on 
genomes relative abundances are represented for phototrophs, marine nitrogen fixers (Diazotrophic cyanobacteria) and copepods. For each map, 
transitions from several characteristic size classes are represented (a) Top: Diatoms 0.22–20 μm. Bottom: Diatoms 20–2000 μm (b) Top: Cyanobacteria 
0.22–20 μm. Bottom: Cyanobacteria 20–2000 μm (c) Top: Other Algae 0.22–20 μm. Bottom: Other Algae 20–2000 μm (d) Diazotrophs 0.8–20 μm  
(e) Copepods 20–2000 μm. We generated these map using R-package maps51.
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Extended Data Fig. 10 | See next page for caption.
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Extended Data Fig. 10 | Association rules between changes in carbon flux and changes in organism relative abundances. Association rules in  
(a) temperate/subpolar (latitude > 40° (<−40°)), (b) subtropical North (20° to 40° latitude), (c) subtropical South (−20° to −40° latitude) and  
(d) equatorial regions (-20° to 20° latitude). Each line represents an association rule between a change in carbon export found by the Apriori algorithm45 
(first column: mean change in carbon export and second column: sign of the change and lift of the rule (equation 5). The other columns represent the 
changes in community composition (red: decrease of the given group, green: increase) associated with this change in carbon export.
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