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Biome partitioning of the global ocean based on 
phytoplankton biogeography 
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A B S T R A C T   

Biomes are geographical units that can be defined based on biological communities sharing specific environ-
mental and climatic requirements. Contemporary ocean biomes have been constructed based on various ap-
proaches. These included the biogeographic patterns of higher trophic level organisms, physical and 
biogeochemical properties, or bulk biological properties such as chlorophyll-a, but none considered the 
biogeographic patterns of the first trophic level explicitly, i.e. phytoplankton biogeography. A global description 
of marine biomes based on phytoplankton and defined in analogy to terrestrial vegetation biomes is still lacking. 
A bioregionalization based on phytoplankton appears particularly timely, as phytoplankton have a high sensi-
tivity to climatic changes and fuel marine productivity. Here, we partition the global ocean into biomes by using 
self-organizing maps and hierarchical clustering, drawing on the biogeographic patterns of 536 phytoplankton 
species predicted from empirical evidence. Our approach reveals eight different biomes at the seasonal scale, and 
seven at the annual scale. The biomes host characteristic phytoplankton species compositions, and differ in their 
prevailing environmental conditions. The largest differences in phytoplankton composition are found between a 
Pacific equatorial biome and other tropical biomes, and between subtropical and high latitude biomes. The 
Pacific equatorial biome is characterized by species with narrower ecological niches, the tropical and subtropical 
biomes by cosmopolitan generalists, and the high latitudes by species with a heterogeneous biogeography. The 
strongest differences between biomes are found along gradients of temperature and macronutrient availability, 
associated with latitude. We test whether our biomes can be reproduced based on indicator species, or potential 
co-occurrence networks of species determined from the predicted species distributions that are wide-spread in 
some but rare in other biomes. We find that our biomes can be reproduced by the 51 species identified, which 
together form significant species co-occurrences. This suggests that species co-occurrences, rather than indi-
vidual indicator species drive oceanic biome partitioning at the first trophic level. Our biome partitioning may be 
especially useful for comparative analyses on the functional implications of phytoplankton organization, and 
impacts on zoogeographical partitionings. Furthermore, it provides a framework for predicting large-scale 
changes in phytoplankton community structure due to anthropogenic climate and environmental change.   

1. Introduction 

Biomes classify global natural biodiversity, including species as-
semblages and countless ecosystem types into geographic realms with 
distinct life forms, which provide similar ecosystem services. Classically, 
terrestrial biomes have been delimited by rather sharp transitions in 
vegetation type driven by global climatic gradients of temperature and 
precipitation (Bailey, 1998; Townsend et al., 2008). These biomes have 
emerged from characteristic life-forms and plant functional traits that 

represent adaptations to the climatic zones (Ringelberg et al., 2020). 
Originally focusing on vegetation (e.g. Clements, 1917; Whittaker, 
1970), the biome concept was later expanded to include differences in 
ecosystem services and functions (e.g. Higgins et al., 2016; Silva de 
Miranda et al., 2018), with results being compared to terrestrial 
zoogeographic partitionings (Ficetola et al., 2017; Holt et al., 2012; 
Wallace, 1876). Over the past three decades, biomes have been 
increasingly delineated in the ocean system, yet the biotic and envi-
ronmental factors used to define such biomes vary strongly between 
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studies. While some studies relied on environmental and biogeochem-
ical characteristics (Sarmiento et al., 2004; Oliver and Irwin, 2008; Fay 
and McKinley, 2014; Zhao et al., 2019), others implemented biological 
criteria. Recent studies have drawn on the taxonomic biogeography of 
zooplankton and higher trophic level organisms (Reygondeau et al., 
2011; Sutton et al., 2017; Costello et al., 2017), both biological and 
physical factors (Longhurst, 1995; Spalding et al., 2012), or they have 
contested the applicability of the biome concept to the ocean (van der 
Spoel, 1994; Ekman, 1953). 

Currently, the most widely-used marine classification separates the 
ocean into 57 provinces using physical properties (temperature, salinity, 
turbulence), chlorophyll concentration, primary production, and in-situ 
zooplankton observations (Longhurst, 1995, 2007). In similarity to the 
terrestrial biomes concept, this partitioning aimed to establish a link 
between ecosystem structure and function, and strived to characterize 
the ocean’s carbon budget and its seasonality (Longhurst, 1995). The 
approach by Longhurst (1995) assumed a bottom-up control of abiotic 
factors over marine ecosystems structure and species composition, in 
which physical processes shaped plankton communities via nutrient 
supply, ambient temperature, and light availability. Similar studies have 
expanded on Longhurst’s work and objectively distinguish ecoregions 
from satellite observables such as sea surface temperature, nutrient 
concentration, and chlorophyll-a concentration (Vichi et al., 2011; 
Hardman-Mountford et al., 2008). Nevertheless, the definition of these 
marine provinces has been debated, given the lack of inclusion of more 
detailed biogeographic information on taxa, their static nature (e.g. 
Vichi et al., 2011; Reygondeau et al., 2013), and given their possible lack 
of significance for biological communities and ecosystem functions 
(Vichi et al., 2011). 

Marine bioregionalizations based on taxonomic biogeography have 
often been of regional character (Waters et al., 2010; Kulbicki et al., 
2013; Griffiths et al., 2009; Briggs and Bowen, 2011), have focused on 
individual taxa (e.g. Radiolaria Polycistina; Boltovskoy and Correa, 
2016), taxa of coastal and shallow seas (Briggs and Bowen, 2011; 
Spalding et al., 2007), or higher trophic level taxa, including top pred-
ators such as tuna and billfish (Reygondeau et al., 2011). Although 
global biodiversity distributions in the ocean have been recently char-
acterized for phytoplankton (Righetti et al., 2019a) as well as 
zooplankton and marine mammals (Tittensor et al., 2010), Costello et al. 
(2017) defined the only generalized, global-scale, multi-taxa marine 
bioregionalization (Zhao et al., 2019). Costello et al. (2017) partitioned 
the ocean into 30 marine regions based on the occurrence observations 
of 65′000 pelagic and benthic species spanning eleven different phyla (of 
which 96% are heterotrophic, e.g. Arthropoda, Mollusca, Chordata). 
This partitioning resulted in a set of unique ecological provinces with a 
high degree of species endemicity (Costello et al., 2017). Similar 
zoogeographic studies in terrestrial and marine systems have suggested 
that biomes may be strongly dependent on the trophic level addressed 
and the climatic or evolutionary drivers of individual taxa, within a 
hierarchically nested structure (Ficetola et al., 2017; Spalding et al., 
2012). Hence, Costello’s regionalization of the open ocean may be 
characteristic for fauna, but does not consider the degree of geographic 
variability in lower trophic level organisms, such as autotrophs, that 
inhabit the niche space of the entire surface ocean, with many abundant 
cosmopolitan species (Brun et al., 2015). 

In summary, current ocean partitionings have either been based on 
environmental, biogeochemical, and bulk biological properties such as 
chlorophyll-a (e.g. Oliver and Irwin, 2008; Fay and McKinley, 2014; 
Vichi et al., 2011; Kavanaugh et al., 2014) or the distribution and 
biogeographic patterns of higher trophic level organisms (Reygondeau 
et al., 2011; Costello et al., 2017). However, none of them has consid-
ered the biogeographic patterns of the ocean’s main primary producers, 
the phytoplankton. Partitionings based on environmental and biogeo-
chemical properties (e.g. Longhurst, 2007) have revealed distinct dif-
ferences in environmental conditions between biomes, but biomes have 
tended to overlap in their biological bulk properties (e.g. chlorophyll-a 

concentration or bacterial and heterotrophic biomass; Vichi et al., 
2011). The first zoogeographic partitionings lead to a large number of 
biologically unique biomes with a high degree of endemicity, yet these 
biomes are sensitive to specific taxa and trophic levels considered 
(Costello et al., 2017; Ficetola et al., 2017), and the links between 
ecosystem structure and ecosystem function have not yet been 
established. 

Owing to the recent increase in global plankton distribution data 
based on satellites (e.g. Moisan et al., 2017; Navarro et al., 2014; 
Bracher et al., 2015; Sathyendranath et al., 2014), research cruises (see 
e.g. Villar et al., 2018), and global species projections (Righetti et al., 
2019a), a classification of the ocean into biomes using phytoplankton 
biogeography has now become possible. Phytoplankton constitute the 
basis of marine food-webs (Litchman, 2007), and changes in matter and 
energy input from phytoplankton communities therefore cascade to-
wards higher trophic levels (Voigt et al., 2003; Sarmento et al., 2010). 
Phytoplankton have been shown to influence global biogeochemical 
cycles (e.g. Falkowski, 1998; Bopp et al., 2005; Morán et al., 2010; 
Litchman et al., 2015; Guidi et al., 2016), and to respond sensitively to 
environmental change (e.g. Reid et al., 2007; Beaugrand, 2009). Hence, 
analogous to terrestrial primary producers counterparts, major marine 
primary producers (Field, 1998) are likely to partition the ocean into 
geographically constrained and ecologically distinct units with rele-
vance for ecosystem function and global biogeochemical cycling. The 
wide environmental niches found in phytoplankton (Brun et al., 2015), 
spanning on average 16 ◦C in the surface ocean (Righetti et al., 2019a), 
suggest that an ocean partitioning based on phytoplankton species dis-
tribution will result in a lower number of biomes compared to parti-
tionings based on higher trophic level taxa, with the latter partitionings 
potentially being nested within phytoplankton-based biomes (Costello 
et al., 2017). Moreover, differences in phytoplankton composition from 
one region to another have been shown to reflect seasonal variability of 
environmental and biogeochemical patterns (Mojica et al., 2015; Righ-
etti et al., 2019a). Biomes based on phytoplankton biogeography may 
integrate top-down and bottom-up factors controlling ecosystem struc-
ture and function, since both biotic and abiotic factors have been shown 
to govern phytoplankton composition (Lima-Mendez et al., 2015; Boyd 
et al., 2010; Brun et al., 2015; Endo et al., 2018), and phytoplankton 
species communities display local associations with distinct physico- 
chemical conditions (Logares et al., 2014; Endo et al., 2018), as well 
as processes related to global biogeochemical cycling and the biological 
carbon pump (Guidi et al., 2016). 

A major quest associated with the biogeochemical and ecological 
relevance of marine biomes is their link to specific ecosystem functions 
(Hattam et al., 2015; Townsend et al., 2018) such as the maintenance of 
biodiversity, productivity or essential biogeochemical processes (Gam-
feldt and Roger, 2017; Manning et al., 2018). To this end, the link be-
tween biodiversity, ecosystem structure, or species composition, and 
essential ecological or biogeochemical functions needs to be investi-
gated. At present, it is unclear to what degree planktonic ecosystem 
functions may be quantified based on the abundance or activity of in-
dividual predominant species (Schwartz et al., 2000), species networks 
(Guidi et al., 2016), or the full spectrum of species diversity (Goebel 
et al., 2014; Vallina et al., 2014; Cermeño et al., 2013). Phytoplankton 
species diversity has been shown to be positively correlated with 
ecosystem services such as primary productivity (Ptacnik et al., 2008; 
Goebel et al., 2014). Primary productivity may be predominantly car-
ried out by the most abundant species rather than the full spectrum of 
diversity (see Schwartz et al., 2000; Cermeño et al., 2013), and certain 
ecosystem functions tend to increase rapidly with increasing species 
richness and saturate asymptotically at higher richness, (see Schwartz 
et al., 2000; Goebel et al., 2014; Vallina et al., 2014). While a few 
dominant species may essentially drive ecosystem processes at any 
particular snapshot in time (Lyons et al., 2005; Cermeño et al., 2016), a 
vast number of rare species present in the plankton (Ser-Giacomi et al., 
2018) may stabilize these processes over time, as species may quickly 
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assemble and raise to dominance in a variable environment. As a 
consequence, phytoplankton networks rather than individual dominant 
species may maintain ecosystem function and services in the ocean, 
including the biological carbon pump (Strom, 2008; Decelle et al., 2012; 
Lima-Mendez et al., 2015; Guidi et al., 2016). Hence, a key task in 
plankton ecology is to determine ecosystem constituents (e.g. dominant 
species or species networks) that are essential to ecosystem functions. 
Delineating biomes that emerge from these constituents that emerge 
from the most common and wide-spread species may offer a valid 
alternative to traditional biomes and become essential tools for global 
marine ecosystem monitoring and management. 

In this study, we partitioned the open ocean into biomes using newly 
available, monthly biogeographic patterns of 536 phytoplankton species 
(Righetti et al., 2019b), and self-organizing maps (Fendereski et al., 
2014; Kavanaugh et al., 2014). Our partitioning of the ocean into biomes 
allowed us to test the hypotheses that (i) the open ocean can be parti-
tioned into ecologically relevant biomes based on biogeographic pat-
terns of phytoplankton species, (ii) biome boundaries are dynamic in 
nature and vary throughout the year, (iii) biomes are characterized by 
distinct phytoplankton species compositions, and (iv) by characteristic 
indicator species or phytoplankton species co-occurrence networks, and 
(v) biomes differ in their prevailing environmental and biogeochemical 
conditions, as well as in their productivity. 

2. Data and methods 

2.1. Phytoplankton species occurrence projections 

Biomes were constructed based on monthly distribution maps of 
species’ presence derived from statistical species distribution model 
(SDM) ensembles developed by Righetti et al. (2019a). These models 
were adapted to the relatively sparse data available for many species and 
addressed the spatio-temporal bias present in sampling density through 
pseudo-absence selection techniques (i.e. target group selection at the 
level of phytoplankton groups; Phillips et al., 2009). Adaptations to the 
sparse data also included the use of SDM ensembles with varying pre-
dictor choice and simplicity in the tuning of statistical algorithms fitted 
on the empirical data. Generalized additive model (GAM; Hastie and 
Tibshirani, 2017) ensembles with multiple predictors served as the 
standard in Righetti et al. (2019a), along with Generalized Linear 
Models (GLMs; Nelder and Wedderburn, 1972) and Random Forests 
(RFs; Breiman, 2004). We stick to the GAM-based species projections as 
the basis for our analysis of species’ monthly biogeographic patterns. 

Original data used to train successful GAM ensembles included 
541′926 phytoplankton presence records, spanning 536 open ocean 
species, and ten phyla or classes: Cyanobacteria, Chlorophyta, Crypto-
phyta, Dinophyceae, Haptophyta, Bacillariophyceae, Chrysophyceae, Pela-
gophyceae, Raphidophyceae, and Euglenoidea. Additionally, observations 
of Prochlorococcus, Synechococcus, and Phaeocystis were included at the 
genus level, but treated as species herein. Data spanned all major ocean 
basins, latitudes, and most seasons. Data were cleaned according to 
multiple criteria, and taxonomically harmonized between sources 
following the backbone taxonomy of the World Register of Marine 
Species and Algaebase (Guiry and Guiry, 2017). Sources included the 
Global Biodiversity Information Facility, the Ocean Biogeographic In-
formation System, Villar et al. (2015), Sal et al. (2013), and MAREDAT 
(Buitenhuis et al., 2013). Data collected at locations where the water 
depth was shallower than 200 m and/or at locations with surface sa-
linities below 20 PSU were excluded to address open ocean conditions 
and to avoid coastal effects. The final occurrence data considered were 
sampled mostly near the surface of the open ocean (median observa-
tional depth of 7.5 m), and predominantly during the period from 1950 
to 2000 (1984 ± 17; mean ± standard deviation; Righetti et al., 2019a). 

Prior to their inclusion in SDMs, the phytoplankton occurrence data 
were binned to monthly (climatological) 1◦ latitude × 1◦ longitude 
resolution. For each monthly 1◦-pixel, multiple presence records of a 

species were thereby counted as single presence, and abundances larger 
than zero were transformed to presence-only data (Righetti et al., 
2019a). The latter served to minimize methodological heterogeneity in 
the data, as presence-absence data are typically less sensitive to the 
original sampling volumes. Second, the pooling to 1◦ spatial and 
monthly climatological resolution considered the presence information 
of potentially several cruises or sampling methods in an aggregate 
manner. Five individual GAMs, used to build the GAM ensemble, were 
fitted on the pooled presences of each individual phytoplankton species. 
These statistical fits of species’ realized ecological niches, obtained from 
the five GAMs were projected on the global ocean and averaged to 
obtain a monthly ensemble mean presence-absence projection of the 
species (Righetti et al., 2019a). 

Predictor variables in individual GAMs used to form the ensembles, 
were selected in a species-specific manner from a pool of 25 environ-
mental variables that are proxies for ocean productivity and biotic in-
teractions (e.g. chlorophyll-a concentration; O’Brien et al., 2016) or 
affect phytoplankton physiology and ecology (Brun et al., 2015; Rivero- 
Calle et al., 2015). The selection of variables was guided by an initial 
ranking procedure of the importance of the 25 potential predictors for 
the species in question, and a subsequent randomized and balanced 
inclusion of higher-ranked predictors into the five GAMs of the species 
(Righetti et al., 2019a). This procedure served to capture predictors of 
high importance for the particular species, while avoiding allocation 
bias during predictor selection. Variables included but were not limited 
to: sea surface temperature from Locarnini et al. (2013), (excess) nitrate, 
(excess) phosphate (NO3, PO4, N*, P*), and (excess) silicic acid (SiOH4, 
Si*) from Garcia et al. (2013), salinity from Zweng et al. (2013), mixed 
layer depth from Montégut (2004), photosynthetically active radiation 
from NASA (2018b), chlorophyll-a concentration from NASA (2018a), 
sea surface wind stress from Atlas et al. (2011), and sea surface CO2 
partial pressure from Landschützer et al. (2014). 

To obtain valid species distribution patterns in the presence of 
limited or uneven observational data (e.g. 45% of data stemmed from 
the north Atlantic; Righetti et al., 2019b), a critical choice in the GAMs 
was the selection of pseudo-absences through a ‘target-group’ approach 
(Phillips et al., 2009). This approach assumes that the total sampling 
sites of an entire study group (e.g. phylum or class) reflect the sampling 
effort applied to each individual species within the group. Pseudo- 
absences were selected from the target-group (i.e. from all sites where 
measurements of species of the same taxonomic group were made; 
Righetti et al., 2019a), in a randomized and stratified manner. Sampling 
the pseudo-absences from target-groups, thus served two purposes: 
pseudo-absences of species received a similar bias as the species’ pres-
ence observations, thus balancing the presence-data distribution bias 
(Righetti et al., 2019a). Second, none of the pseudo-absences were 
selected from areas devoid of observations, thus avoiding the problem of 
classifying vast areas with sampling gaps as areas of species absence 
(Righetti et al., 2019a). For major taxa, namely the Bacillariophyceae, 
Dinoflagellata and Haptophyta, which showed different global sampling 
distribution patterns (Righetti et al., 2019b), target-groups were defined 
as all species of the respective taxon. For the remaining taxa, too few 
species were available to define a reasonable target-group (Righetti 
et al., 2019a). Thus, a broader set of phytoplankton species served as the 
target-group, reflecting the global phytoplankton sampling effort in 
general (Righetti et al., 2019a). 

Original species projections have been subjected to SDM quality 
criteria (Righetti et al., 2019a), using a true skill statistic (Allouche et al., 
2006) threshold of at least 0.35 during cross validations, and sensitivity 
tests to methodological choices affecting projections (e.g. pseudo- 
absence selection, complexity, or predictor choice). The final GAM- 
based projections used in subsequent analyses include a total of 536 
phytoplankton species, spanning 166 genera and nine higher-rank taxa 
(Table 1). Monthly ensemble mean projections were transformed to 
presence-absence, with values larger than 0.5 counting as present. The 
twelve months of the year provide collectively 341′647 1◦ latitude × 1◦
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longitude cells with presence-absence predictions of species community 
composition, where each 1◦ × 1◦ grid cell in each month is characterized 
by a 536-dimensional (number of species) presence-absence vector. For 
each 1◦ × 1◦ grid cell, the presence-absence projections of the 536 spe-
cies are referred to as the (projected) phytoplankton community. The 
phytoplankton communities were the basis to determine open ocean 
biomes using a self-organizing map algorithm (SOM; Kohonen, 1990) 
and hierarchical agglomerative clustering (Jain et al., 1999). 

2.2. Self-organizing map 

The projected phytoplankton community information (at global 
monthly 1◦ × 1◦ resolution) was used to train a self-organizing map 
(SOM; Kohonen, 1990). We used the Neural Network Toolbox® of 
Matlab R2017b with batch learning and hexagonal topology for the 
neuron lattice (Beale et al., 2017). The SOM is an unsupervised clus-
tering tool, which projects high-dimensional input data onto a two- 
dimensional lattice of neurons (Kohonen, 1990, 2001), i.e. for this 
project it groups input data into subsets of similar patterns of presence- 
absence observations. All observations in a subset are thus assigned to a 
neuron, which represents the mean presence-absence pattern of the 
subset (Vesanto and Alhoniemi, 2000). These neurons are represented as 
a 536-dimensional vector of the mean presence-absence pattern, and 
their ID/label indicates their position in the two-dimensional lattice of 
neurons. We chose batch learning to ensure that all observations are 
shown to the neurons prior to updating their values (Beale et al., 2017). 
The Manhattan distance was chosen to assess the similarity between 
neurons and species projection patterns, because it is more sensitive to 
small differences than the Euclidean distance for high-dimensional data 
(Aggarwal et al., 2001). 

The training of the SOM required the selection of an optimal number 
of neurons, and epochs, i.e. the number of times the SOM is trained with 
the input data (Sinha et al., 2009). In a first step, we approximated the 
optimal number of neurons M of the two dimensional neuron lattice 
based on the total number of data points n in the training dataset (n =

341′647), following the approach by Vesanto and Alhoniemi (2000): 

M = 5 ×
̅̅̅
n

√
=

1
12
∑12

i=1
(5 ×

̅̅̅̅
ni

√
) = 834, (1)  

where the number of data points (ni) denotes the number of 1◦ × 1◦

pixels with phytoplankton species community information resolved to 
monthly resolution (average ni = 28′471). 

The approximation M = 843 corresponds to a 29 × 29 neuron lattice, 
which formed the starting point for our optimization. The optimal 
number of neurons corresponds to the first neuron lattice size where the 
total error does not decrease significantly when further neurons are 
added, with the threshold for improvement in the total error being 5% of 
the initial performance gradient (see supplement in Fendereski et al., 
2014). To identify the optimal lattice size, we trained SOMs with 
different values for M ranging between 25 (5× 5) and 4′900 (70× 70) 
neurons (Fig. A.9), and compared them to one another in terms of their 

total error (Fendereski et al., 2014), defined as the sum of the topolog-
ical error (TE; Kiviluoto, 1996) and the Manhattan distance based 
quantization error (QE; Kohonen, 2001; Section A.1). A lattice size of 
31 × 31 neurons (M = 961) was identified as the optimal lattice size 
(Fig. A.9a). 

The optimal number of epochs was determined by evaluating the 
total error of the standard 31 × 31 lattice as a function of the number of 
epochs, i.e. where the number of data presentations ranged between [1,
1000] (Fig. A.9b). The optimal number of epochs was determined to be 
200, since a further increase in the number of epochs did not reduce the 
total error (Fig. A.9b). As these appear to be the optimal settings for our 
SOM in relation to the phytoplankton presence projections, for the 
remainder of the study we only used SOMs with a lattice size of 31 × 31 
neurons, 200 epochs, and the Manhattan distance as its similarity 
metric. Using this SOM, we performed a first dimensionality reduction of 
the phytoplankton presence projections, which formed the basis of our 
subsequent analysis. 

2.3. Clustering and identification of the optimal number of clusters 

A major challenge in cluster analysis is the objective determination 
of an optimal number of clusters (Xu and II, 2005), which best sum-
marizes the dataset in question (Milligan and Cooper, 1985; Vesanto and 
Alhoniemi, 2000; Salvador and Chan, 2004; Oliver, 2004; Fendereski 
et al., 2014). We used a K-fold cross validation approach to determine 
the optimal number of clusters, to avoid both over-generalization and 
overfitting of data (Sugar and James, 2003; Zaki et al., 2014; Aggarwal, 
2015). 

The optimal number of clusters was identified through four sets of K- 
fold cross-validation experiments. K was set to ten, five, three, and two, 
i.e. the fraction of data left out in the training process was increased 
from 10% to 20%, 33%, and 50% (Fig. 1; De’ath and Fabricius, 2000; 
Zaki et al., 2014; Fendereski et al., 2014; Aggarwal, 2015). The cross- 
validation experiments consisted of three steps: (i) splitting of the data 
into K equally sized, randomly chosen, non-overlapping subsets prior to 
training one SOM on K-1 of these subsets, (ii) clustering of the trained 
neurons of the SOM into 2 to 100 clusters, and (iii) predicting the data 
structure of the remaining subset of the data (i.e. of the data left out). 
This procedure was repeated until all K subsets were used K-1 times for 
training, and once for validation. 

In step (i), we trained ten, five, three, and two optimized SOMs 
(Section 2.2) with 90%, 80%, 66%, and 50% of the 1◦ × 1◦ pixels with 
phytoplankton species composition projections, respectively. For each 
SOM, this resulted in 961 trained neurons with a specific biogeographic 
phytoplankton species composition presence-absence pattern (consist-
ing of 536 species). This step group the phytoplankton species presence 
data into a 961 × 536 matrix. This means that each of the 961 neurons is 
representative for a subset of the global monthly grid cells with phyto-
plankton community projections. 

Following step (i), we performed an additional dimensionality 
reduction of the 961 × 536 matrices through a principal component 
analysis (PCA; Abdi and Williams, 2010). This step was necessary, since 
the performance of clustering algorithms generally decreases with an 
increasing number of features (here defined by the total number of 
projected species; N = 536 Bellman, 2015), and the number of neurons 
(M = 961) should significantly exceed the number of projected species 
that characterize each neuron (Cunningham, 2008). Thus, we projected 
our 961 trained neurons onto their principal components with an 
eigenvalue above 1 (Kaiser’s rule; Wilks, 2011). 

After reducing the 961 × 536 matrix through PCA, we applied a hi-
erarchical agglomeration clustering (HAC; Jain et al., 1999) with the 
Manhattan distance as the similarity metric in step (ii). We used the 
weighted average-linkage (Hastie et al., 2009), because this linkage is 
statistically more robust than the complete- or single-linkage clustering 
(Hastie et al., 2009). Through HAC, we grouped the PCA-transformed 
neurons into 2 to 100 clusters, which is equal to 99 levels of 

Table 1 
Number of genera and species per phylum/class found in the monthly phyto-
plankton species presence dataset.  

Phylum/Class Number of genera Number of species 

Dinoflagellata 61 258 
Bacillariophyceae 72 232 
Haptophyta 21 32 
Chlorophyta 3 4 
Cyanobacteria 3 4 
Cryptophyta 2 2 
Dictyochophyceae 2 2 
Chrysophyceae 1 1 
Euglenozoa 1 1  
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granularity in the clustering. This chosen range in the amount of clusters 
(2 to 100), includes the amount of biomes and provinces reported pre-
viously (e.g. 57 in Longhurst, 2007), while allowing for unanticipated 
higher—or lower—levels of structural detail than reported in Long-
hurst’s scheme or other biome ocean partitionings (e.g. Oliver and Irwin, 
2008; Fay and McKinley, 2014; Kavanaugh et al., 2014; Reygondeau 
et al., 2011; Costello et al., 2017). For each level of granularity, each of 
the 961 neurons was dynamically associated with one of the available 
clusters, e.g. for the first level (two clusters) each neuron was either 
dynamically associated with the first or the second cluster, and the 
second level (three clusters) each neuron was dynamically associated 
with one of the three clusters, and so forth. 

Following Fendereski et al. (2014), we calculated the cluster cen-
troids, to evaluate the goodness of fit of each individual level of gran-
ularity tested during the clustering procedure. For each individual 
cluster at each level of granularity, we calculated the mean of the trained 
neurons associated with the cluster (without PCA transformation). This 
mean value was weighted by the number of times a cluster occurred 
throughout the year (cluster centroids). To this end, we associated each 
1◦-pixel in the validation set to a neuron based on the minimum Man-
hattan distance between the community presence of a pixel and the 
trained neurons. Using the association between neurons and clusters, we 
then assigned a cluster centroid to each 1◦-pixel. 

During the final step (iii), we calculated the goodness of fit for each 
level of granularity based on the difference between each 1◦-pixel in the 
validation set and its corresponding cluster centroid. This difference was 
calculated as the mean validation error Dxy for each of the K cross- 
validation experiments x = [1,K] (K = 10, 5, 3, 2), at each level of 
granularity y = [2, 100] (Fendereski et al., 2014). Dxy represents the 
difference between phytoplankton species presence projections vijxy 

contained in the validation dataset and the corresponding predicted 
cluster centroids wijxy: 

Dxy =
1

536
∑536

j=1

(
1
N
∑N

i=1
|vijxy − wijxy|

)

, (2)  

where i denotes a specific 1◦ × 1◦ pixel in a specific month, j denotes one 
of the 536 phytoplankton species, and N stands for the number of ob-
servations in the validation set (34′165). 

After calculating Dxy for each of our four validation experiments, we 
calculated an average validation error (Dy) at any given K as follows: 

Dy =
1
K
∑K

x=1
Dxy. (3) 

We analyzed the evolution of Dy as a function of the increasing 
number of clusters, and for each fraction of data left out during training 
(Fig. 1). We identified the minimum number of clusters beyond which Dy 

did not decrease by more than 1% relative to the maximum Dy for at 
least three consecutive increases in the number of clusters (Oliver, 
2004). The stagnation in the decline of the mean validation error was 
reached at ten clusters in the 10-fold cross-validation (Fig. 1a), at eight 
clusters in the 5-fold cross-validation (Fig. 1b), and at nine clusters in the 
3-, and 2-fold cross-validations (Fig. 1c, d). We chose nine clusters as our 
decisive number of clusters beyond which the mean validation error 
stagnated, as this value was the mean value of our four cross-validation 
experiments, and also the result of the most stringent cross-validation 
tests (i.e. at the largest fractions of data left out; 33%, and 50%). 
These insights from the cross-validation experiments were used to 
calculate the final clusters used in all further analyses as follows: first, 
we trained a new SOM using the entire dataset, which resulted in a 
961 × 536 matrix. Second, we reduced the dimensionality of the 961 ×

536 matrix to a 961 × 8 matrix using the principal components found 
based on Kaiser’s rule (n = 8; associated eigenvalue > 1; Table A.6). The 
resulting principal components explained 75.19% of the variance in the 
trained neurons across all 536 species, where the first three principal 
components (PCs) captured the majority of the variance (40.89% 
explained by PC1; 12.36% by PC2; 7.87% by PC3, 4.69% by PC4, and the 
remaining 9.38% by PC5 to PC8). Third, we clustered the 961 × 8 matrix 
into the optimal number of nine clusters using HAC, and we calculated 
the cluster centroids for these nine clusters. 

2.4. Transforming clusters into biomes and smoothing procedure 

We assessed the spatial distribution of the nine clusters (Section 2.3) 
at the monthly, seasonal mean, and annual mean scale. At the monthly 
scale, we defined spatially coherent biomes that covered at least 0.5% of 
the surface ocean area. Based on these monthly biomes, we derived bi-
omes at the seasonal and annual scale using the biome that was most 
frequently predicted at monthly scale, at any particular location, as the 
seasonal or annual biome, respectively. 

To obtain monthly biomes, we eliminated small heterogeneities in 
the distribution of our nine monthly clusters. Heterogeneities were 
defined as small patches of a particular cluster that were fully or partly 
contained within one of the other eight clusters, and with an area 
below 0.5% of the global surface ocean area. We reassigned these small 
patches to the cluster with the most similar cluster centroid (as visu-
alized in the dendrogram of Fig. 4a). In cases where reassignment was 
not possible because patches were surrounded by land or missing 

Fig. 1. Results of the four K-fold cross- 
validation experiments with increasing 
increasing leave-out data, i.e. fractions of 
the data that are left out during training and 
spared for validation. The leave-out data 
amounted to: (a) 10%, (b) 20%, (c) 33%, 
and (d) 50%. Blue lines show the mean 
validation error as a function of the number 
of clusters. Red lines show the mean abso-
lute change of the validation error (i.e. the 
loss in validation error by adding one more 
cluster). The mean validation error is 
calculated as the average difference be-
tween observations in the validation dataset 
and the centroid of their corresponding 
clusters emerging from the training dataset.   
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values (e.g. in the Sea of Japan), we assigned a missing value. This 
reassignment was repeated until each patch was assimilated by 
another cluster, and the combination covered an area above 0.5% of 
the available surface ocean area. 

To visualize seasonal or annual biomes (integrating three months, or 
twelve months, respectively), an aggregation of the monthly biomes was 
needed. To each 1◦-pixel, we assigned a seasonal biome by selecting the 
monthly biome that occurred more often than 50% of the months in that 
season, or over the full year, respectively. If monthly biomes occurred at 
even frequency in a pixel and season or year, we assigned the phyto-
plankton community of that pixel to the biome with the most similar 
cluster centroid. The similarity was defined as the distance between the 
phytoplankton community matrix and the biome centroids. Potential 
emerging patches (with area coverage below 0.5% of the global ocean 
area) were reassigned to the next most similar cluster as described above 
(smoothing procedure). The aggregation and post-processing of monthly 
biomes resulted in eight seasonal biomes, and seven annual biomes. We 
note that one out of the nine monthly biomes only occurred in four 
months. This biome was not frequent enough to be reflected in seasonal 
or annual biomes and had overall the least mean spatial coverage (1.2%; 
A.8). We thus excluded it from further analysis, leading to a final 
distinction of eight monthly biomes. 

2.5. Robustness assessment of the optimal number of clusters 

Next, we assessed the robustness of our classification in terms of its 
sensitivity to information loss, i.e. we tested whether the optimal 
number of clusters and their spatio-temporal distribution depended 
strongly on subsets of the initial training data. To this end, we tested the 
robustness of our eight biomes to (i) spatial/temporal information loss 
and (ii) feature (species) loss during training. 

First, we assessed the robustness of our classification to loss of spatio- 
temporal phytoplankton community information. To this end, we 
retained all 536 species, but trained five optimized SOMs (Section 2.2) 
on a decreasing fraction of 99%, 95%, 90%, 80%, and 70% of the 
original monthly 1◦ × 1◦ phytoplankton community projections, chosen 
at random from the original data set (spatial/temporal data loss exper-
iment). Second, we trained five optimized SOMs (Section 2.2) with all 
monthly 1◦ × 1◦ phytoplankton community projections, but excluded 
1%, 5%, 10%, 20%, and 30% of the 536 species chosen at random 
(species data loss experiment). 

The training of the SOMs in both tests resulted in 961 neurons, which 
we grouped into nine clusters. We calculated the cluster’s spatial 
monthly distribution, and transformed them into seasonally corrected 
monthly biomes (Section 2.4). We quantified the robustness of the 
method with respect to data loss, using the Kappa index of agreement 
(Cohen, 1960; Landis and Koch, 1977). The Kappa index ranges between 
one and zero, where a Kappa index above 0.6 indicates a substantial/ 
good agreement between maps (Landis and Koch, 1977; Monserud and 
Leemans, 1992; Fendereski et al., 2014). This index has previously been 
used to assess the robustness of the biogeographic classification of the 
Caspian Sea (Fendereski et al., 2014), and for the comparison of global 
vegetation maps (Monserud and Leemans, 1992). Here we used the 
surface area of the individual 1◦-pixels to weight the Kappa index. We 
calculated the average monthly Kappa index between our monthly bi-
omes and those produced using test data (Table 2). 

Overall, the average monthly Kappa index ranged between 0.66 ±

0.06 and 0.85 ± 0.10 in the spatial/temporal data loss experiment, and 
between 0.72 ± 0.08 and 0.94 ± 0.03 in the species data loss experiment 
(Table 2). This indicates a substantial (Landis and Koch, 1977; Monserud 
and Leemans, 1992) agreement between our biomes and the biomes 
produced using test data. However, in both robustness experiments, the 
average monthly Kappa index does not decrease monotonically with 
increasing fraction of missing data. This suggests that the general pat-
terns remain consistent across experiments, but the exact spatial distri-
bution of our biomes in the robustness experiments depended on the 
data subsets. Additionally, the Kappa index is generally higher in the 
species loss experiment compared to the spatial/temporal data loss 
experiment (except for the 70% data loss level; Table 2). Thus our bi-
omes are more sensitive to spatial/temporal data loss than species loss, 
which is likely due to the decreasing performance of our clustering al-
gorithms with increasing number of features (species) in a given dataset 
(Bellman, 2015), as randomly removing 1◦ × 1◦-pixels effectively results 
in an increase of species compared to the available observations. 

2.6. Testing our hypotheses 

Our hypotheses were tested using the monthly biomes (Section 2.4). 
For each biome, we calculated the median number of species found 
across the months as a proxy for the projected species composition. We 
visualized the difference between biomes with regard to their phyto-
plankton species composition using non-parametric multidimensional 
scaling (Section 2.6.1; NMDS; Clarke, 1993). Indicator species were 
identified for each biomes using the monthly surface area occupied by 
the 536 phytoplankton species (Section 2.6.2). The role of species net-
works was assessed by identifying phytoplankton species that frequently 
occurred together in the monthly biomes (Section 2.6.3). Finally, we 
characterized the environmental conditions of the monthly biomes 
(Section 2.6.4). 

2.6.1. Comparison of phytoplankton species composition between biomes 
To test whether our biomes harbor unique phytoplankton composi-

tions (Townsend et al., 2008), we quantified and inter-compared four 
aspects of phytoplankton diversity: (i) biome-specific species richness, 
(ii) taxon-specific diversity, which takes into account the number of 
species occurring within each phylum and acts as a proxy for dominance 
of certain taxa, (iii) species composition, i.e. the presence-absence pat-
terns of all species within each biome, and (iv) differences in dominant 
species across biomes. 

To calculate the biome-specific temporal mean diversity, we (i) 
integrated monthly species richness at the biome scale, i.e. we counted 
the total number of phytoplankton species across all 1◦-pixels within 
each monthly biome (Table A.9). We then calculated the median and 
interquartile range of the monthly numbers of phytoplankton species 
per biome across the twelve months. To examine aspect (ii), we 
calculated the median number and interquartile range of different 
species per phyla/class separately, across the twelve months 
(Tables A.10,A.11,A.12). 

To quantify differences between biomes in terms of species compo-
sition (iii), we applied a NMDS (Cardoso et al., 2017; Fendereski et al., 
2014) to the species presence-absence patterns contained within each of 
the trained neurons in our optimal SOM (Section 2.3). The NMDS 

Table 2 
The average and standard deviation of the monthly kappa index of agreement between our biomes and biomes produced using a decreasing fraction of 99%, 95%, 90%,

80%, and 70% of the original monthly 1◦ × 1◦ phytoplankton community projections, chosen at random from the original dataset (Spatial/temporal data loss 
experiment), and the monthly kappa index of agreement for the comparisons between our biomes and monthly biomes produced after excluding 1%, 5%, 10%, 20%, 
and 30% of the 536 species chosen at random (Species data loss experiment).  

Biome 99% 95% 90% 80% 70% 

Spatial/temporal data loss 0.77 ± 0.16  0.78 ± 0.12  0.73 ± 0.17  0.66 ± 0.06  0.85 ± 0.10  
Species data loss 0.94 ± 0.03  0.78 ± 0.07  0.76 ± 0.12  0.79 ± 0.11  0.72 ± 0.08   
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projects the multidimensional data onto a two dimensional space, where 
the distances between the projected points correspond to the (dis) sim-
ilarity in the multidimensional data (Clarke, 1993). We used the Man-
hattan distance as our dissimilarity metric of species composition. The 
NMDS was used to visualize both between-biome differences in species 
community compositions, and within-biome differences in species 
community composition. To examine differences between biomes in 
community composition, we first depicted the core region of each biome 
in the two-dimensional scaling space. To this end we drew an envelope 
embracing the 10th to 90th percentile ranges of the species communities 
of each biome (i.e. we used the median-centered 80% confidence in-
terval of species communities, in the two-dimensional scaling space). 
Between-biome differences in the range of community compositions 
were quantified using the envelope overlap between two biomes 
(Table A.13). Within-differences in projected species communities were 
calculated using the spread of the envelope in both dimensions 
(Table A.14). 

To denote dominant species in each biome we determined the dis-
tribution and taxonomy of the most frequently found wide-spread spe-
cies within each biome, i.e. we assumed that species with a large area 
coverage also represent dominant species. This assumption stems from 
the observation that the majority of species in our analysis (490 out of 
536) are representatives of the comparatively larger-bodied marine 
micro-plankton (Table 1). The relative representation of species 
included in our analyses, relative to the total marine phytoplankton 
species known in the literature, is roughly 7% to 14% (depending on the 
exact phylum or class). By contrast, smaller-sized plankton groups, 
containing also less species, are represented by only about 3% of the 
species known (Righetti et al., 2019a). Thus, our species projections 
reflect the occurrence patterns of the larger micro-phytoplankton spe-
cies groups—including functionally important, silicifying Bacillar-
iophyceae, calcifying haptophytes, and the large group of 
dinoflagellates—to a better degree compared to the nano- and pico- 
pythoplankton. 

The original phytoplankton occurrence data remain incomplete with 
regards to species detection (Cermeño et al., 2014), and does not allow 
us to include particularly rare species into our biome definitions, despite 
the fact that they account for a large fraction of the local species richness 
(Ser-Giacomi et al., 2018). Thus, the species for which enough occur-
rence data were available to train SDMs, are species that have frequently 
been observed, possibly due higher abundances and commonness. 
Frequent species have been shown to account for the majority of 
phytoplankton biomass or abundance within different phytoplankton 
groups, with 16 species of coccolithophore out of 195, or 43 diatom 
species out of 552, accounted for 75% of coccolithophore abundance 
(O’Brien et al., 2013), or 90% of total diatom biomass (Leblanc et al., 
2012), in marine analyses. In addition, common species, unlike rare ones 
(Ser-Giacomi et al., 2018), have been shown to carry most biogeo-
graphical information and ecosystem function (Lyons et al., 2005; 
Cermeño et al., 2013), suggesting that their distribution patterns reflect 
the ecologically and biogeochemically important processes. 

For each biome, wide-spread species were defined as those which 
rank in the top 100 based on the species’ biome-specific area coverage. 
To this end, we calculated the area-weighted fraction of pixels covered 
by each species within a biome, relative to the total biome area 
(Table A.19). 

2.6.2. Identification of indicator species 
In analogy to the flora and fauna characteristic of certain terrestrial 

biomes (e.g. Picea abies as species typical for the boreal biome; Yang 
et al., 2020), we explored whether our biomes can be discerned based on 
indicator species. This analysis served to test the fourth hypothesis, i.e. 
that biomes can be characterized through indicator species or species 
composition (Section 2.6.3). 

To assess whether our biomes can be unequivocally identified based 
on a common, easily identifiable subset of species, we categorized the 

phytoplankton species found in each biome using the core-satellite 
species hypothesis (Hanski, 1982). This hypothesis differentiates be-
tween two types of species (Gibson et al., 1999; Ellison, 2019): core 
species, which are abundant and common (i.e. found in > 90% of a re-
gion), and satellite species, which are sparse and uncommon (i.e. found in 
⩽10% of a region). While the species found between these thresholds are 
not specified in the core-satellite hypothesis, an extension of this hy-
pothesis recognizes them as subordinate species (Gibson et al., 1999), 
adopted herein. 

To classify a species as a core, subordinate, or satellite species, we 
calculated the relative presence area for each of the 536 phytoplankton 
species, based on the 1◦ × 1◦ phytoplankton species presence data for 
each biome in each month (normalized area coverage). The normalized 
area coverage of each phytoplankton species (ranging between 0 and 1) 
was used as a proxy for the ubiquity of a species within a biome, i.e. the 
generality of its spatial presence within a biome. The normalized area 
coverage of all species per biome was used as a proxy for habitat het-
erogeneity, where biomes harboring many species with a minor 
normalized area coverage are more heterogeneous than biomes 
harboring the same number of species, with each species covering a 
large relative area. For each biome and month we calculated a vector of 
536 species with a number between zero and one specifying the 
normalized area where the species was present. For each biome, we then 
calculated the average normalized area from the twelve monthly vectors 
to visualize the habitat heterogeneity of our biomes. 

To identify core, subordinate, and satellite species we used the 
monthly vectors of the normalized area coverage of the 536 species for 
each biome and the thresholds mentioned above (Gibson et al., 1999). 
Thus, the core, subordinate, and satellite species were identified for each 
month and each biome, and indicator species were defined as those that 
are core species in one specific biome (i.e. found in > 90% of a biome), 
and satellite species in all other biomes in a given month (i.e. found in ⩽ 
10% of a biome). 

2.6.3. Identification of phytoplankton species co-occurrences 
We further tested whether the species compositions of our biomes 

were determined by the potential species co-occurrences derived from 
the species presence-absence projections, and whether biomes can be 
identified solely based on a subset of species that characterize biome- 
specific phytoplankton compositions. For this, we used a text analysis 
algorithm that identified pairs of species which co-occurred more 
frequently than expected by chance, given their individual areal 
coverage (Dunning, 1993; Wahl and Gries, 2018). 

The text analysis algorithm assigned an association score to pairs of 
phytoplankton species found in all 1◦ × 1◦ pixels of a biome during all 
months (Dunning, 1993), reflecting the intensity of links between spe-
cies. The first step served to construct a contingency table, which con-
tained the number of times both species were present (k11; co- 
occurrence), the number of times only the second species was present 
(k12; alternating occurrence), the number of times only the first species 
was present (k21; alternating occurrence), and the number of times both 
species were absent (k22; co-absence) at the 1◦ spatial and monthly 
resolution per biome. Based on this contingency table, the algorithm 
used Shannon’s entropy (H), to compare the presence probability of the 
two species found together against the presence probability of the two 
species found individually. H is a measure for the uncertainty in the 
observed probability distribution (Ricotta, 2002; Ricotta, 2005), and is 
then used to define the following likelihood ratio (LLR; Dunning, 1993): 

LLR = 2⋅(
∑

k)⋅[H(k) − H(kr) − H(kc)], (4)  

H(k) =
kij
∑

k
log
(

kij
∑

k

)

, (5)  
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k =

⎛

⎜
⎜
⎝

k11
k12
k21
k22

⎞

⎟
⎟
⎠, (6)  

kr =

(
k11 + k12
k21 + k22

)

, (7)  

kc =

(
k11 + k21
k12 + k22

)

. (8)  

The values of LLR are non-negative, and the magnitude of the value 
indicates the level of significance of the co-occurrence (Dunning, 1993; 
Evert, 2009). The differentiation between positive (k11) and negative 
(k12, k21, k22) associations is done by multiplying the LLR by − 1, if the 
observed occurrence frequency of the species pair is lower than the 
product of occurrence frequencies of the individual species divided by 
the sample size (i.e. the total amount of pixels in a biome across all 
months; Evert, 2009). Thus, negative values indicate pairs of species that 
co-occur less than the product of occurrence frequency of the individual 
species (i.e. the expected co-occurrence). 

This procedure resulted in a 536 × 536 matrix with the LLR-values 
for all possible species pairs per biome and month. As our goal was to 
find species co-occurrences characteristic to individual biomes, we were 
interested in significant species pairs, i.e. species pairs with positive co- 
occurrences in one biome and alternating occurrences or co-absences in 
all other biomes. Additionally, the positive co-occurrences should be 
common for a biome (i.e. the pairs should be present in most of the 
biome area). For each month, common positive co-occurrences were 
those with a positive LLR-value and a minimum area coverage (cf. 
Section 2.6.2) of the involved species above the 90th percentile of the 
area coverage of individual species in that biome. Alternatively, un-
common or rare co-occurrences were those with a negative LLR-value or 
a minimum area coverage of the involved species below the 10th 
percentile of the area coverage of individual species in all other biomes. 
We used the area coverage approach to exclude species pair that had a 
large LLR value, yet were only present in a few 1◦-pixels of a biome. 

Next, we defined species co-occurrences that consisted of at least two 
significant species pairs with strong co-occurrences. For instance, a 
strong co-occurrence of species A and B, and species A and C represented 
a co-occurrence consisting of A, B, and C. 

Finally, we used the presence distribution of all species that formed 
significant pairs in this analysis to train a SOM and produce biomes. The 
monthly spatial patterns of these biomes were compared to those of the 
original biomes based on the area overlap between the biomes of both 
clusterings. This resulted in a measure of how well the biomes were 
represented using only the selected species co-occurrences. 

2.6.4. Biome-specific differences in environmental conditions 
To identify variables that could facilitate biome monitoring through 

easily measurable environmental (e.g. using satellites or Argo-floats), 
rather than biological properties, we inter-compared prevailing envi-
ronmental conditions at the biome scale. Any statistically significant 
biome differences in measurable environmental parameters such as sea 
surface temperature, chlorophyll-a concentration, or light could serve to 
compare our ocean partitioning to previous biogeochemical ocean 
classifications (e.g. Fay and McKinley, 2014; Gregor et al., 2019; Zhao 
et al., 2019). 

We consider the ten core environmental predictors used to model the 
species’ presence-absence distribution (Righetti et al., 2019a), and net 
primary production at monthly climatological 1◦-resolution (Table A.5): 
sea surface temperature (SST; Locarnini et al., 2013), surface nitrate (N; 
Garcia et al., 2013), phosphate (P; Garcia et al., 2013), silicic acid (Si; 
Garcia et al., 2013) concentration, sea surface salinity (SSS; Zweng et al., 
2013), photosynthetic active radiation (PAR; NASA, 2018b), surface 
chlorophyll-a concentration (chl; NASA, 2018a), mixed layer depth 

(MLD; Montégut, 2004), net primary production (NPP; Behrenfeld and 
Falkowski, 1997, 2008, 2017), sea surface wind stress (wind; Atlas et al., 
2011), sea surface CO2 partial pressure (pCO2; Landschützer et al., 
2014). In addition to the eleven variables listed above, we considered 
excess phosphate (P*; Deutsch et al., 2007) using the surface nitrate and 
phosphate concentrations. 

To identify a set of environmental variables suitable for the distinc-
tion of phytoplankton-based biomes, we tested for differences in indi-
vidual environmental parameters between our biomes, using a Kruskal- 
Wallis test (Wilks, 2011). We tested whether biomes differed in their 
distribution of these environmental parameters at the 1% significance 
level using all 1◦-pixels of each biome across all months (Fig. A.18). For 
those environmental parameters in which at least one biome differed 
from all others, we compared the environmental conditions between 
each pair of biomes (p⩽0.01) with a Tukey-Kramer multi-comparison 
test (Kramer, 1956). For each month, and each pairwise comparison 
between biomes, we counted the number of months where we could not 
differentiate between the two biomes based on each environmental 
factor. Lastly, for each biome we determined a set of two environmental 
parameters that were best suited to separate this biome from all others. 
Thus, for each combination of two environmental factors we counted the 
number of months where we could not differentiate between two biomes 
using either one or both environmental factors individually. 

3. Results 

3.1. Can the open ocean be partitioned into ecologically relevant biomes 
based on phytoplankton species biogeography? 

We predict a partitioning of the open ocean into seven statistically 
separable annual biomes (Fig. 2), which are derived from eight seasonal 
and monthly biomes. This partitioning shows a clear differentiation 
between the high latitudes and the low latitudes. Overall, we found 
three tropical biomes, one high-latitude biome, one transitional biome 
between the high-latitudes and lower latitudes, two seasonally alter-
nating subtropical biomes and a tropical/temperate biome that is absent 
on the annual scale, but present during spring, summer, and winter 
(Fig. 3). The dynamic nature of the seasonal biomes is mostly seen 
around the subtropics (Fig. A.15), and evident for all seasons, where 
between 15.8% (spring) and 37.4% (winter) of the 1◦-pixels have a 
different biome association relative to the annual distribution. 

The TRoPical biome (TRP) is found equatorward of 30◦ in both 
hemispheres of the Indian, Pacific, and North Atlantic Ocean (Fig. 2). 
TRP covers 26.8% of the surface open ocean in the annual analysis 
(Table 3). It is largest in summer (39.0%), where it extends between 
42◦N and 40◦S (Fig. 3b), and smallest in winter (8.3%), where it 
stretches from 21◦N to 18◦S (Fig. 3d). 

The HIgh Latitude biome (HIL) extends from the poles to around 40◦

in both hemispheres (Fig. 2) and covers 25.4% of the surface open ocean 
on average (Table 3). The area covered by the HIL biome shows little 
seasonality (26.3% to 30.1%; Fig. 3). Differences between seasons are 
linked to the loss and gain of 1◦ × 1◦ projections available poleward 
from 60◦ in the Southern Hemisphere and the North Atlantic Ocean. 

The WInter Subtropical biome (WIS) is located in the Pacific and 
Atlantic Oceans (Fig. 2), and covers on average 19.9% of the surface 
open ocean (Table 3). This biome is largest in winter (31.1%) and is 
found between 30◦ and 5◦ in both hemispheres in all ocean basin 
(Fig. 3d). The WIS biome is absent during all summer months 
(Table A.8). 

The SUmmer Subtropical biome (SUS) is located in the Pacific and 
Atlantic Oceans (Fig. 2), and covers 14.6% of the surface open ocean in 
the annual analysis (Table 3). Similarly to the WIS biome, it varies in size 
between seasons. SUS is absent during winter months (Table A.8) and is 
largest in summer (18.8%), where it is located between 15◦ and 45◦ in 
the Atlantic Ocean and South Pacific, and between 30◦ and 45◦ in the 
Indian and North Pacific Ocean (Fig. 3b). 
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The HIgh latitude Transition biome (HIT) is located between 30◦ and 
40◦ in both hemispheres of all ocean basins, except for the North Pacific 
Ocean (Fig. 2). It covers on average 9.9% of the surface open ocean 
(Table 3), with little seasonality. HIT is largest in winter (14.0%; Fig. 3d) 
and smallest in fall (4.7%; Fig. 3c). 

The Monsoon and TRopical biome (MTR) is located in the Arabian 
Sea and around the Pacific and Atlantic Eastern equatorial region be-
tween 15◦N and 15◦S (Fig. 2). MTR covers on average 8.8% of the global 
surface ocean area (Table 3). The location and extent of the MTR biome 
remains relatively constant throughout the seasons with maximum area 
coverage in winter (10.5%; Fig. 3d) and minimum area coverage in 
summer (6.1%; Fig. 3b). 

The Pacific Equatorial Upwelling biome (PEU) is located in the Pa-
cific Eastern equatorial region (Fig. 2). PEU covers on average 4.4% of 
the surface ocean area, and its area displays little seasonality (Fig. 3). 
PEU is largest in summer (4.4%; Fig. 3b) and smallest in fall (3.8%; 
Fig. 3). In spring and fall (Fig. 3a and c), PEU extends to 150◦W, and in 
summer and winter (Fig. 3b and d) it extends to 180◦W. 

The Seasonal MoNsoon biome (SMN) does not appear on the annual 
scale, but it is present during spring, summer and winter in the Indian 

and Pacific Oceans (see Fig. 3a,b,c). SMN covers on average 1.2% of the 
surface ocean area. SMN is largest in winter (1.7%) where it is located in 
the Central Indian Ocean around 10◦S, and the South China Sea 
(Fig. 3d). In spring, it is located in the Central Indian Ocean at 15◦S as a 
small patch (1.0%; Fig. 3a). In summer, the SMN biome is located at the 
boundary between TRP and HIL in the North Pacific Ocean (0.6%; 
Fig. 3b). 

In summary, phytoplankton-based biomes divide the ocean into 
tropical and high latitude biomes, with more complexity found in the 
tropical latitudes. Four biomes are characterized by a rather constant 
extent throughout the year (HIL, HIT, MTR, and PEU), and four biomes 
are variable in their spatio-temporal extent (TRP, WIS, SUS, and SMN). 
WIS and SUS transcend ocean basins, or vanish for an entire season. SMN 
is the smallest and temporally most variable biome as its location 
changes in each season. 

3.2. How do biomes differ in terms of their overall and taxon-specific 
diversity? 

In a first step we assessed differences in species richness between 

Fig. 3. Seasonal distribution of our 
phytoplankton-based biomes in (a) 
spring, (b) summer, (c) fall, and (d) 
winter. The Southern Hemisphere was 
shifted by six months for the calculation 
of the seasonally integrated biomes 
based on the monthly scale distribution 
of our biomes. The seasonal distribution 
of each biome was based on the 
respective monthly distribution of the 
biome, assigning the most frequent 
biome to each 1◦-pixel. The final sea-
sonal biome boundaries were smoothed 
by reducing the patchiness of initial bi-
omes (Section 2.4). Biomes are 
numbered according to their mean 
annual geographic coverage across 
months. The following abbreviations 
were used: TRP for TRoPical biome; HIL 
for HIgh Latitude biome; WIS for WInter 
Subtropical biome; SUS for SUmmer 
Subtropical biome; HIT for HIgh latitude 
Transition biome; MTR for Monsoon and 
TRopical biome; PEU for Pacific Equa-

torial Upwelling biome; SMN for Seasonal MoNsoon.   

Fig. 2. Annual distribution of 
phytoplankton-based biomes. The 
annual distribution of each biome was 
based on monthly distributions of bi-
omes, assigning the most frequent 
biome to each 1◦-pixel. The final annual 
biome boundaries were smoothed by 
reducing the patchiness of initial bi-
omes (Section 2.4). Biomes are 
numbered according to their mean 
geographic coverage across months. 
The following abbreviations were used: 
TRP for TRoPical biome; HIL for HIgh 
Latitude biome; WIS for WInter Sub-
tropical biome; SUS for SUmmer Sub-
tropical biome; HIT for HIgh latitude 
Transition biome; MTR for Monsoon 
and TRopical biome; PEU for Pacific 
Equatorial Upwelling biome; SMN for 
Seasonal MoNsoon biome. Note that the 
SMN biome is absent on the annual 
scale.   
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biomes. The monthly species richness (median of months ± interquartile 
range) of our biomes ranges from 395 ± 42.25 in SMN to 510.5 ± 12.5 in 
TRP (Table 4), suggesting that the overall diversity of species differs 
between biomes. However, this finding is not supported statistically in 
pairwise biome comparisons, since the interquartile range of the 
monthly median species richness in any biome overlaps with that of at 
least one other biome (Table 4). Based on the monthly median richness, 
our biomes can be separated into two groups. The HIL, WIS, HIT, PEU, 
and SMN biomes are characterized by a generally lower overall median 
species richness (< 500) compared to the TRP, SUS, and MTR biomes 
(> 500; Table 4). This separation between higher species richness in 
TRP, SUS, and MTR relative to the other biomes is also consistently seen 
for taxon-specific species diversity of the dinoflagellata, bacillar-
iophyceae, and haptophyta. 

3.3. How do biomes differ in terms of their phytoplankton species 
compositions? 

Since we found significant overlaps in overall and taxon-specific 
species richness in certain pairs of biomes, we assessed the between- 
, and within-biome differences in species compositions, and species 
communities, respectively. With regard to between-biome differences 
in phytoplankton community compositions, as shown by their level of 
dissimilarity in Fig. 4a, we find that the first partitioning of the ocean 
divides biomes according to latitude, i.e. into three clusters consisting 
of the equatorial PEU biome, the higher latitudes (HIL and HIT), and 
the tropics and subtropics (TRP, WIS, SUS, MTR, SMN; Fig. 4a). Thus, 
the projected species compositions of these three regions differ most 
strongly between one another. This latitudinal differentiation of bi-
omes is also displayed in the two-dimensional projection of the 
phytoplankton species compositions (Fig. 4b; NMDS Section 2.6.1). 
On this two-dimensional projection, biomes located at higher lati-
tudes (HIL and HIT) are associated with higher values on the first 
dimension, unlike biomes found at lower latitudes (Fig. 4b). The 
second dimension in NMDS space appears to relate to the surface 
nutrient concentrations, and/or the efficiency of the biological pump 
(see Section 3.8). Here, the PEU biome is associated with higher 
values on the second dimension compared to all other biomes. The 
two-dimensional projection confirms a clear separation of the 
phytoplankton species compositions of the HIL, WIS, HIT, PEU, and 
SMN biomes, but overlaps in the species compositions of the TRP, 
SUS, and MTR biomes (Table A.13). Additionally, the within-biome 
differences in projected phytoplankton communities are largest for 
biomes located near the equator, and decreasing with increasing 
latitude (Table A.14). 

3.4. Do biomes differ in their most wide-spread, dominant species? 

We examined whether the dissimilarities identified between biomes 
were also reflected in the biogeographic patterns of dominant species 
(top 100 most wide-spread species per biome; Section 2.6.1). 

The dominant species identified for the TRP, WIS, SUS, MTR, PEU, 
and SMN biomes cover a large fractions (between 72.2% and 100.0%; 
Table A.19) of the respective biome areas, and are homogeneously 
distributed in space and time at the biome level. The dominant species 
identified for our biomes belong to relatively few genera. For instance, 
for the Dinoflagellata within the top 100 species of all biomes, the genera 
Tripos, Prorocentrum and Oxytoxum are found most prevalently. For the 
Bacillariophyceae, the genus Chaetoceros is most prevalent (Table A.19). 
Moreover, the cyanobacterial genera Prochlorococcus, Synechococcus 
(treated as species in our analysis), are among the top 100 most wide- 
spread taxa in all biomes, except in the PEU biome. 

Some of the most dominant species occur in multiple biomes, such 
as the dinoflagellate Tripos extensus, which is found in 76.7% of the 
global ocean area on the monthly average, and covers at least 95.7% 
of the monthly area of each individual biome (except for the HIL 
biome; Table A.19). However, among these dominant species there 
are characteristic biome-specific patterns in the occurrence of 
dominant phytoplankton species, including diatom species known to 
form endosymbiotic associations with cyanobacteria in TRP, the 
haptophyte Phaeocystis antarctica in HIL, the red-tide forming dino-
flagellate Lingulodinium polyedra (Moorthi et al., 2006) in MTR and 
PEU, and the haptophyte Umbilicosphaera sibogae (Table A.19), 
which is usually found in the subtropics in SMN, WIS (Baumann 
et al., 2016). This finding suggests that certain biomes can be defined 
based on the biogeographic patterns of some of their dominant spe-
cies, and further opens the question of whether a characterization of 
our biomes based on a subset of its overall diversity, i.e. the presence 
of biome-specific, easily identifiable indicator species (see Section 
2.6.2), were possible. 

Table 3 
Names of the annual and seasonal open ocean biomes and their respective 
maximum and minimum relative area across all twelve months. Brackets indi-
cate the month or season in which this value was reached. The mean monthly 
area corresponds to the biome area relative to the available open ocean area on a 
monthly scale, calculated using only months where the biome was present. The 
biomes are sorted by geographic coverage across months.  

Abbreviation Name Max. monthly 
area [%] 

Min. monthly 
area [%] 

Mean 
monthly 
area [%] 

TRP TRoPical biome 43.0 
(September) 

6.5 (January) 26.8 

HIL HIgh Latitude 
biome 

30.9 (March) 18.2 
(December) 

25.4 

WIS WInter 
Subtropical 
biome 

38.6 
(December) 

0 (Summer) 19.9 

SUS SUmmer 
Subtropical 
biome 

23.4 (June) 0 (Winter) 14.6 

HIT HIgh Latitude 
Transition 
biome 

16.4 (March) 4.5 (August) 9.9 

MTR Monsoon and 
TRopical biome 

12.7 
(December) 

6.4 (July) 8.8 

PEU Pacific 
Equatorial 
Upwelling 
biome 

5.0 
(December) 

3.8 (October) 4.4 

SMN Seasonal 
MoNsoon 
biome 

2.5 (January) 0 (Fall) 1.2  

Table 4 
Monthly median numbers and interquartile ranges of overall and taxon-specific 
species richness found in our biomes. Taxon-specific richness was calculated for 
Dinoflagellata (Din), Bacillariophyceae (Bac), and Haptophyta (Hap). Numbers 
refer to the monthly number of species found in each biome as denoted in A.8. 
The following abbreviations were used: TRP for TRoPical biome; HIL for HIgh 
Latitude biome; WIS for WInter Subtropical biome; SUS for SUmmer Subtropical 
biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and TRopical 
biome; PEU for Pacific Equatorial Upwelling biome; SMN for Seasonal MoNsoon.  

Biome Total Din Bac Hap 

TRP 510.5 ± 12.5  249 ± 6.5  217 ± 4  31 ± 1  
SUS 507 ± 22.5  249 ± 7.5  215 ± 12.75  31 ± 1  
MTR 506 ± 9.5  248.5 ± 4.5  215 ± 6  30 ± 0  
HIT 484 ± 19  237.5 ± 8  212 ± 13  30 ± 5.5  
PEU 480 ± 13.5  239 ± 5.5  201 ± 7.5  29 ± 1  
WIS 459 ± 49.5  218 ± 30.5  201 ± 15.75  27 ± 2.5  
HIL 445 ± 108.5  192.5 ± 73.5  218 ± 22  23.5 ± 14  
SMN 395 ± 42.25  178 ± 20.75  183 ± 23  23 ± 4.5   
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3.5. Are biomes characterized by indicator species? 

To identify biome-specific indicator species, i.e. species that are 
wide-spread in one, but rare in other biomes, we ranked all phyto-
plankton species in descending order of their global average normalized 
area coverage (see Section 2.6.2), i.e. the normalized area coverage 
averaged across all biomes. This resulting list (Table A.18) exhibits a 
gradient from wide-spread species with a high normalized area coverage 
across all months towards localized species with a smaller global, 
normalized area coverage during only a few months. For instance the 
biogeographic distribution of the species with the largest average global 
normalized area coverage (rank 1), dinoflagellate Tripos extensus, ex-
tends from 30◦N and 30◦S throughout the year (Fig. A.16a). By contrast, 
the dinoflagellate Pyrophacus vancampoae (rank 179) is always present 
near the equator and its geographic habitat extends from 45◦N to 45◦S in 
at least one month (Fig. A.16b). The dinoflagellate Heterodinium black-
manii (rank 358) occurs only in the Pacific equatorial region and the 
West Indian Ocean (Fig. A.16c). Lastly, the species with the lowest 
average global normalized area coverage Fragilaria striatula (Bacillar-
iophyceae) occurs mainly in the North Pacific Ocean (Fig. A.16d). 

The average normalized area coverage of all phytoplankton species is 
shown in Fig. 5 at global and at biome scale. The gradient from wide- 
spread species to more localized species is apparent in the global 
perspective. Using the same sequence in species at a biome scale results 
in biome specific bar-code-like patterns, which highlight differences in 
the within-biome heterogeneity of species’ coverage (Section 2.6.2) 
using their 100 most wide-spread species, each (Section 3.4). These 
biome specific patterns do not show a continuous decrease in average 
relative area coverage by the species as is the case for the global 
perspective. Notable patterns are seen in the HIL, HIT, and PEU biomes. 
The HIL and HIT biomes show higher levels of heterogeneity, and spe-
cies that are wide-spread in all other biomes have a relatively low area 
coverage in these two biomes. Several wide-spread species of the PEU 
biome generally have a low average area coverage in other biomes. 

Using the biome-specific patterns of relative area coverage, we 
categorized each of the 536 phytoplankton species into a core, subor-
dinate, or satellite species, for each biome and month (Section 2.6.2). 
Although we found core species for all biomes during at least one month 
(Table A.16), we were not able to identify indicator species for any of 
our biomes, since the core species of a biome were also identified as 

Fig. 4. (a) Similarity between the 
eight biomes based on the similarity of 
the respective centroids. The similarity 
was measured using the Manhattan 
distance as similarity metric, and the 
weighted average-linkage (see Section 
2.3). (b) Non-metric multidimensional 
scaling ordination plot of the trained 
961 neurons, associated with the eight 
biomes. The trained neurons associ-
ated with each 1◦ × 1◦ pixel in each 
month were projected onto two di-
mensions, and are displayed as open 
dots, with different colors indicating 
the association to the different biomes. 
The black dot shows the respective 
median biome value in these two di-
mensions. Envelopes show the convex 
hull defined by projected points be-

tween the 10th and 90th percentile of all projected points of each biome. The following abbreviations were used: TRP for TRoPical biome; HIL for HIgh Latitude 
biome; WIS for WInter Subtropical biome; SUS for SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and TRopical biome; PEU 
for Pacific Equatorial Upwelling biome; SMN for Seasonal MoNsoon.   

Fig. 5. Average normalized area 
coverage of each of the 536 phyto-
plankton species at a global scale and 
for each individual biome. The average 
normalized area coverage of each spe-
cies was calculated as the mean of the 
twelve months. The colorbar denotes 
the average normalized area coverage 
of each phytoplankton species in each 
biome with values ranging between 
zero (absent everywhere throughout 
the year) and one (present everywhere 
throughout the year). The 536 species 
are sorted in descending order accord-
ing to their global average normalized 
area coverage, shown in the first row 
(labelled “global”). The corresponding 
sorted list of the phytoplankton species 
is found in Table A.18. The following 
abbreviations were used: TRP for 
TRoPical biome; HIL for HIgh Latitude 
biome; WIS for WInter Subtropical 
biome; SUS for SUmmer Subtropical 
biome; HIT for HIgh latitude Transition 

biome; MTR for Monsoon and TRopical biome; PEU for Pacific Equatorial Upwelling biome; SMN for Seasonal MoNsoon.   
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subordinate or core species in at least one other monthly biome 
(Fig. A.17). This means that we cannot distinguish our biomes based on 
a unique set of biome-specific phytoplankton species alone. 

3.6. Do biomes harbor characteristic species co-occurrences? 

Since we could not identify indicator species for specific biomes 
(Section 3.5), we tested whether there are characteristic species co- 
occurrences that would allow for the discrimination of our biomes 
based only on a subset of their diversity. 

To this end, we explored the co-occurrence patterns of the 536 
phytoplankton species, and identified significant species pairs, which we 
defined as the smallest building blocks of species co-occurrences of our 
biomes (Section 2.6.3). We visualized the species co-occurrences using a 
schemaball (Fig. 6; Layden, 2020), whereby two species involved in a 
species pair are linked by a dark line if the species pair can be found in 
the biome, and significant pairs are highlighted in red to orange colors. 
The brightness of the line indicates the magnitude of co-occurrence of 
the linked species. We identify 72 significant species pairs (Section 
2.6.3; Table A.20) across biomes. We found at least one significant 
species pair for all of our biomes (red lines in Fig. 6), except for the SMN 
biome (depicted by the lack of red lines in Fig. 6). The number of sig-
nificant pairs identified for each biome ranges from one for the TRP, 
WIS, and SUS biomes to 58 in the HIL biome. We found at least two 
significant species co-occurrences for the HIL, HIT, MTR, and PEU bi-
omes, each. 

All 72 significant species pairs together involve 51 different species 
(15 Dinoflagellata, 33 Bacillariophyceae, 1 Haptophyta, Dictyochophyceae, 
and Chlorophyta). Species involved in significant species pairs of the 
TRP, and HIT biomes include the diatom Eucampia cornuta (125) for the 
TRP biome, or Nitzschia longissima (168) for the HIT biome (Fig. 6). 
These two species are not involved in the significant species pairs of any 

other biome. Significant species pairs of the HIL, WIS, SUS, MTR, and 
PEU biomes share at least one species. For instance the HIL and WIS 
biomes share the species Impagidinium patulum (330), the SUS, and MTR 
biomes share the dinoflagellate Tripos cariiensis (471), and the HIL, 
MTR, and PEU biomes share the species Pentapharsodinium dalei (367; 
Fig. 6). 

3.7. What is the role of phytoplankton species co-occurrences in the 
definition of biomes? 

We measured how well our biomes were reproduced based only on 
the species involved in significant species pairs mentioned in Section 3.6 
(Table A.20). In the following section we refer to the biomes based on 
significant species pairs as co-occurrence biomes. 

The area overlap between co-occurrence biomes and the corre-
sponding original biomes (analyzed at the monthly 1◦-pixel with a one- 
to-one correspondence between a co-occurrence biome and an original 
biome) is 63.0% on average (Fig. 7) and ranges between 46.9% in 
December to 72.9% in July. The TRP, HIL and SUS biomes present the 
highest area overlap across months (77.7%, 94.8%, and 50.2%, 
respectively). The area overlap of the remaining biomes (WIS, HIT, 
MTR, PEU, SMN) ranges between zero for the MTR and SMN biomes and 
48.7% for the PEU biome, suggesting that biomes such as the MTR and 
SMN biomes are not well represented by the species involved in signif-
icant species pairs. Overall, we were able to reproduce roughly 50% of 
the temporal and spatial features of our biomes using a relatively small 
subset of the entire species diversity. 

3.8. Are biomes characterised by distinct environmental and 
biogeochemical conditions? 

To determine the environmental factors that may allow for a 

Fig. 6. Co-occurrence of significant 
species pairs in biomes. Each line links 
two species involved in a species pair. 
Red lines highlight significant species 
pairs of the respective biome. The 
numbers rank phytoplankton species as 
listed in Table A.20. The brightness of 
the red lines indicates the magnitude of 
the co-occurrence of the linked species 
(Section 2.6.3). The following abbre-
viations were used: TRP for TRoPical 
biome; HIL for HIgh Latitude biome; 
WIS for WInter Subtropical biome; SUS 
for SUmmer Subtropical biome; HIT for 
HIgh latitude Transition biome; MTR 
for Monsoon and TRopical biome; PEU 
for Pacific Equatorial Upwelling biome; 
SMN for Seasonal MoNsoon.   
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distinction between biomes for monitoring purposes, we examined 
environmental and biogeochemical differences at monthly resolution. 

Biomes differ in SST, PAR, sea surface wind speed, and pCO2 in 
accordance with their latitudinal distribution. P*, N, P, Si, NPP, and 
chlorophyll-a are highest in biomes located near the poles, decrease 
towards the tropics, and increase again near the equator (Fig. A.18). We 
performed pairwise comparisons of the environmental conditions be-
tween biomes for each individual month using a Tukey-Kramer multi- 
comparison test (Section 2.6.4; Kramer, 1956). The multi-comparison 
between biomes is summarised in Fig. 8, where each upper and lower 
triangular matrix, separated by the main diagonal (in gray) shows the 
comparison between biomes for a different environmental factor, and 
values denote the number of months where the monthly environmental 
conditions of two biomes do not differ significantly (p⩽0.01). We rank 
the environmental factors according to the number of times an overlap 
occurred between any biome pair (nc) with regard to each factor (sum of 
all matrix entries in Fig. 8 for each triangular section). We determined 
environmental factors best suited to differentiate between biomes as 
those parameters with the lowest number of months with overlaps be-
tween biomes. 

We find that monthly pCO2 (nc = 9 comparisons with overlap be-
tween multiple biomes; Fig. 8f), SST (nc = 16; Fig. 8c), and Si (nc = 20; 
Fig. 8b) are the top three environmental variables that best differentiate 
our biomes. For the other environmental variables, biomes did not differ 
from one another in between 22 (monthly chl) or 37 (MDL) pairwise 
comparisons, with biological variables (chl, nc = 22; NPP, n = 24) 
differing more frequently between biomes than biogeochemical (N, 
nc = 24; P, nc = 25; P*, nc = 26) and physical parameters (SSS, nc =

27; wind stress, nc = 36; MLD, nc = 37). 
Moreover, we determined the environmental variable that was best 

suited to distinguish one specific biome from all other biomes. For 
instance, the TRP, MTR, PEU, and SMN biomes were best differentiated 
from all other biomes using pCO2 (Fig. 8f), the WIS and HIT biomes 
using SST (Fig. 8c), the HIL biome using SST or wind speed (Fig. 8f) and 
the SUS biome using Si, pCO2 and chl (Fig. 8b, e, f). Thus, the combi-
nation of pCO2 and SST appears to be the best environmental variable 
combination to discern individual biomes. Projecting biomes into the 
two-dimensional pCO2 and SST space (Fig. A.19), shows a similar 
pattern as depicted in phytoplankton-based NMDS projections of Fig. 4 
(Section 2.6.1). Moreover, we find that the separation between the high 
latitudes (HIL and HIT), the Pacific equatorial region (PEU), and the 
remaining low latitude biomes (TRP, WIS, SUS, MTR, SMN) is well 

reflected by the differences in pCO2 and SST values found between the 
biomes. As is the case in Section 3.3 (cf. Fig. 4b), the overlap between the 
TRP, SUS, and MTR biomes and the overlap between the WIS and SMN 
biomes is readily observable in the two-dimensional pCO2 and SST space 
(Fig. A.19). 

In summary, the combination of pCO2 and SST can be used to clearly 
distinguish between the HIL, HIT, and PEU biomes from all other bi-
omes, and to a lesser extent to discern between the MTR and SUS biome. 
Additionally, the similarity between phytoplankton-based NMDS pro-
jections and projections in the pCO2-SST space indicates that 
phytoplankton-based biomes reflect patterns in some of the abiotic 
drivers underlying species’ distributions. 

4. Discussion 

Using biogeographic projections rooted in an extensive set of species 
observations, together with a clustering method, reveals global biome 
boundaries for the ocean’s primary producers, which represent the most 
basal component of marine ecosystem structure. We show that the 
ocean’s autotrophic species composition self-organize into high-latitude 
biomes (HIL, HIT), and low latitude biomes, such as the Pacific equa-
torial region (PEU) and two tropical biomes (TRP, and MTR). We also 
find dynamic ocean biome components, such as the seasonally alter-
nating subtropical biomes (WIS and SUS). Our estimates are objective 
and data driven, as they omit the geographic location and time of 
phytoplankton presence projections during both the training and clus-
tering phase. Furthermore, the spatial coherence of the individual bi-
omes indicates that our approach generates valid global 
bioregionalizations (Fendereski et al., 2014). 

4.1. Are phytoplankton-based ocean biomes consistent with recent ocean 
partitionings? 

Recent studies have partitioned the ocean based on biogeochemical 
and physical criteria (Sarmiento et al., 2004; Hardman-Mountford et al., 
2008; Fay and McKinley, 2014; Reygondeau et al., 2013), individual 
taxa (Reygondeau et al., 2011; Kulbicki et al., 2013; Keith et al., 2013), 
or plankton functional groups detected by remote sensing (De Monte 
et al., 2013). In general, our open-ocean clustering leads to biomes that 
are consistent with many features of previous partitionings, such as the 
clear separation between high and low latitudes (e.g. Reygondeau et al., 
2011; Zhao et al., 2019). We also confirm the prominent biogeographic 
unit near the equator in the Pacific Ocean reported previously (e.g. 

Fig. 7. The pixel-wise overlap between biomes that were produced based on a set of species with significant co-occurrences (Section 2.6.3) and biomes derived from 
the full set of 536 phytoplankton species. The colorbar shows the number of months in which there is an overlap between biomes. White spaces denote pixels where 
no overlap was found. 
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Oliver and Irwin, 2008; Spalding et al., 2012; Fay and McKinley, 2014), 
and the clear separation between the Arabian Sea and the rest of the 
Indian Ocean (e.g. Reygondeau et al., 2011; Spalding et al., 2012). 
Particularly in regions of high environmental stability (PEU, TRP) or at 
high latitudes (HIL, HIT), our ocean biomes also strikingly align with 
partitionings based on biogeochemical or climatic criteria (e.g. Sar-
miento et al., 2004; Oliver and Irwin, 2008; Fay and McKinley, 2014; 
Zhao et al., 2019). For instance, the TRP biome covers roughly the same 
geographical location as the subtropical seasonal biome in Fay and 
McKinley (2014), the subtropical ecosystem in Zhao et al. (2019), and 
oligotrophic provinces defined by Oliver and Irwin (2008). Moreover, 
our PEU biome roughly corresponds to the equatorial biome or province 
in Fay and McKinley (2014). 

Biogeochemical partitionings of the ocean have usually resulted in a 
higher number of biomes or provinces compared to our phytoplankton- 
based partitioning. For instance, Oliver and Irwin (2008) reported 81 
provinces based on monthly climatologies of water-leaving radiance and 
SST, with 17 provinces covering most of the ocean’s surface area. 
Alternatively, Fay and McKinley (2014) defined 17 biomes based on 
multi-year climatologies of SST, chl-a concentration, maximum mixed 
layer depth, and sea ice cover. In both cases, the high latitudes of each 

hemisphere were separated into at least three provinces or biomes, and 
appeared to be nested within the geographic position of our HIL biome. 
Another example of biogeochemical provinces nested within one of our 
biomes are the five oligotrophic provinces defined in Oliver and Irwin 
(2008) and Irwin and Oliver (2009), which are located within the TRP 
biome. The observation that multiple provinces are nested within one of 
our biomes might be linked to the broad environmental niches of 
phytoplankton species (Righetti et al., 2019a; Brun et al., 2015), and is 
supported by previous evidence that biogeochemically-based provinces 
overlap in their biological properties (e.g. chl, and bacterial, and het-
erotrophic biomass; Vichi et al., 2011). 

The dissimilarities between previous biogeochemical partitionings 
and our biomes might be explained by the fact that many (e.g. Sarmiento 
et al., 2004; Fay and McKinley, 2014) biogeochemical partitionings are 
based on annual or multi-year climatologies (Kavanaugh et al., 2016), 
and thus are not able to characterize the dynamic ocean ecosystem at 
monthly resolution (Hardman-Mountford et al., 2008), as in this study. 
The mismatch between other biogeochemical partitionings and the 
major Longhurst biomes might be linked to the temporal resolution of 
the data used for their definition (Kavanaugh et al., 2016), or the a priori 
fixed number of biomes (Devred et al., 2007). However, other biogeo-
chemical partitionings such as those of Oliver and Irwin (2008) and 
Irwin and Oliver (2009), or the regional partitioning of Kavanaugh et al. 
(2014) included monthly-resolved data fields, which resemble our par-
titioning better. For instance, the basin scale partitioning of the North 
Pacific presented in Kavanaugh et al. (2014), defines seasonally alter-
nating subtropical provinces similar to the SUS, and WIS biomes. In 
addition, in partitionings based on monthly input fields (SST, and ocean 
color data; Oliver and Irwin, 2008; Irwin et al., 2012), a province 
analogous to our PEU biome has been found. This stands in contrast to 
partitionings based on annual climatologies (e.g. Sarmiento et al., 2004; 
Fay and McKinley, 2014), where a partitioning analogous to the PEU 
biome emerges across all ocean basins. 

The initial Longhurst partitioning defines four major, widely used 
open ocean biomes, i.e. a Polar, Westerlies, Trade wind, and Coastal 
biome using a mixture of physical variables (e.g. temperature, salinity, 
turbulence; Longhurst, 1995). The spatial distribution of these four 
major biomes corresponds partially to the spatial distribution of our 
biomes on an annual scale. The HIL biome corresponds to the Polar 
biome and parts of the Trade wind biome, the HIT biome corresponds to 
the equatorward part of the Westerlies biome in the North Atlantic 
Ocean and the Southern Hemisphere, and the remaining biomes to the 
Trade wind biome. Thus, unlike other biogeochemical partitionings 
mentioned above, our biomes are nested within the four major Long-
hurst biomes. 

While our biomes at lower latitudes are nested within the major 
Longhurst biomes, the 57 biogeochemical provinces proposed by 
Longhurst (1995) are to a first approximation nested within our seven 
annual biomes. We established a many-to-one correspondence between 
Longhurst provinces and our annual biomes using the maximum pixel- 
wise overlap between a province and one of our biomes, i.e. a prov-
ince can only correspond to one biome, but one biome can have multiple 
provinces. We found such a correspondence between Longhurst prov-
inces and our biomes in 75.2% of the open ocean 1◦-pixels assessed by 
our study (Fig. A.20a). Largest number of provinces were nested within 
the HIL (20) and TRP (17) biomes (i.e. within the biomes with the largest 
area coverage). The lowest correspondence between our biomes and 
Longhurst provinces occurred in regions where the WIS, HIT, and MTR 
biomes are located (Fig. A.20b). These regions are subject to seasonal 
changes in biome association and thus in phytoplankton community 
compositions (Fig. 3). The overall spatial correspondence between bi-
omes and provinces suggests that the criteria chosen to define the 
biogeochemical provinces reflect general aspects of differences in the 
biogeography of phytoplankton species. This is likely linked to the 
bottom-up nature of both approaches. The spatial mismatch between 
our partitioning and the biogeochemical provinces can be explained by 

Fig. 8. Results of the Tukey-Kramer multiple comparison test (Kramer, 1956), 
summarizing the overall significant pairwise differences between biomes with 
respect to monthly environmental conditions. Each upper and lower triangular 
matrix, separated by a diagonal (gray) denotes a different environmental factor. 
Values denote the number of months where the monthly environmental con-
ditions of two biomes were not significantly different from each other at 
p⩽0.01. Biomes that are not significantly different from each other in a specific 
environmental conditions for more than three months are highlighted in red. 
Subfigure (a) contains the results for nitrate (N) and phosphate concentration 
(P), (b) for silicate (Si) and excess phosphate/nitrate (P*/N*), (c) for sea surface 
salinity (SSS) and sea surface temperature (SST), (d) for mixed layer depth 
(MLD) and net primary production (NPP), (e) for photosynthetic active radia-
tion (PAR) and chlorophyll-a concentration (chl), and (f) for sea surface CO2 
partial pressure (pCO2) and wind speed (wind). The units of the environmental 
variables are: N, P, Si and P*/N* in μ mol

L ; SSS in PSU; SST in ◦C; MLD in m; NPP 
in mg C

m2d ; PAR in Einstein
m2d ; chl in mg

m3; pCO2 in μatm; wind in m
s . The following abbre-

viations were used: TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS 
for WInter Subtropical biome; SUS for SUmmer Subtropical biome; HIT for HIgh 
latitude Transition biome; MTR for Monsoon and TRopical biome; PEU for 
Pacific Equatorial Upwelling biome; SMN for Seasonal MoNsoon. 
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the fact that the provinces do not take into account the highly dynamic 
nature of phytoplankton communities at the seasonal scale. The obser-
vation that the Longhurst provinces appear to be nested within our bi-
omes indicates that we require a lower number of divisions to 
characterize phytoplankton biogeography compared to divisions based 
on the variation in ocean biogeochemistry, and certain bulk biological 
and zoogeographic features taken into account in Longhurst’s approach, 
which might be linked to the large ecological niches of phytoplankton 
species (Brun et al., 2015; Righetti et al., 2019a). 

Following the pioneering work by Tittensor et al. (2010), which 
took into account biological distribution data on a range of marine 
animals such as fish, sharks, and squids, a recent study by Costello 
et al. (2017) conducted a first biological clustering on presence- 
absence data patterns of pelagic and benthic species spanning eleven 
different phyla, with a large emphasis on heterotrophs. The parti-
tioning of the ocean into 30 bioregions by Costello et al. (2017) are 
approximately nested within our seven annual biomes (Fig. A.20c). 
The correspondence between our biomes and those defined in Costello 
et al. (2017) amounts to 65.1% of the open ocean 1◦-pixels on the 
annual scale. Eight out of the 30 bioregions of Costello et al. (2017) are 
nested within our TRP biome, and seven within our HIL biome. The 
poorest overlap between the two sets of biomes was found for regions 
where the WIS, HIT, and MTR biomes are located, as well as in the 
Atlantic Ocean, which, as previously mentioned, are regions charac-
terized by seasonal changes in phytoplankton species communities 
(Fig. A.20d). The overall spatial correspondence between our biomes 
and the regions defined by different heterotrophic taxa suggests that 
factors controlling the presence of phytoplankton communities also 
control the higher trophic levels in the ocean, which suggests that 
similar spatial patterns exist across taxonomic groups (Spalding et al., 
2012). However, the fact that many biomes based on the biogeography 
of heterotrophs are nested within our biomes, indicates that biological 
regionalization may increase with trophic level (Villarino et al., 2018). 
The observed nestedness of heterotrophs-based biomes within 
autotrophs-based ones is on one hand likely linked to the high degree 
of endemicity in the regions defined by Costello et al. (2017), and on 
the other hand to the large ecological niches of phytoplankton species 
(Brun et al., 2015; Righetti et al., 2019a). 

Overall, our partitioning reduces the number of biogeographical 
units needed to characterize the open ocean. The nestedness of bio-
regions across trophic levels within our biologically-based biomes sug-
gests that the open ocean flora is a suitable candidate for the partitioning 
of the open ocean into large ecologically meaningful units, as has been 
similarly discussed for the terrestrial realm (Bailey, 1998). 

4.2. Can our biomes be characterized using a subset of species? 

As a first characterization of our biomes, we explored their species 
richness, community overlap, top 100 most wide-spread/dominant 
species, indicator species and species co-occurrences. Not all biomes 
could be characterized unequivocally using their species richness (Sec-
tion 3.2). Rather than showing a clear differentiation between biomes, 
the median and interquartile ranges in monthly species richness indi-
cated differences at the scale of larger regions such as between high 
latitudes and low latitudes. The high latitudes and low latitudes dis-
played a relatively high versus low median species richness (Table 4). 
While the latitudinal difference in species richness is in coarse agree-
ment with the equator-to-pole diversity decline described in Righetti 
et al. (2019a), the gradient is less steep at biome resolution. This is 
because our high latitude biome (HIL) has a wide latitudinal coverage, 
starting above 35◦ latitude, which integrates many species. Our tropical 
biomes PEU and MTR, instead, cover smaller latitudinal ranges. 

In terms of species community composition (Fig. 4b), we found 
relatively little overlap in the species communities between the HIL, 
WIS, HIT, PEU, and SMN biomes. Globally, the species compositions of 
all 1◦-pixels within a biome were more similar for biomes located at 

higher latitudes than at lower latitudes, i.e. the within biome difference 
in species compositions decreased with latitude. The relatively unique 
species communities of the HIL and HIT biomes may be a result of 
marked seasonality occurring from 35◦ to 60◦ latitude associated with 
elevated wind stress, turbulence, and seasonal light limitation that 
impose an ecological filter for species with certain traits and suppress 
the monthly active richness (Righetti et al., 2019a). Seasonal increases 
in the vertical mixing during winter at mid-latitudes, and the associated 
increase in nutrient supply to the surface layers (Cabré et al., 2016), 
result in environmental conditions favoring the phytoplankton com-
munities of the WIS biome. Similarly, seasonal variations caused by 
monsoonal winds (Schott et al., 2009) and the associated changes in 
precipitation, and enhancement of coastal and open ocean upwelling 
(Sreeush et al., 2018) result in favorable conditions for the phyto-
plankton communities of the SMN biome. The unique, and high spatio- 
temporal variability of the tropical Pacific Ocean (Smith et al., 2019) 
likely results in a unique combination of environmental conditions 
favored by the phytoplankton community of the PEU biome. Thus, the 
unique communities of the HIL, HIT, WIS, SMN and PEU biomes appear 
to be linked to unique combinations of environmental factors, which are 
suitable for their respective communities. 

Alternatively, we found substantial overlap in the communities of 
the TRP, SUS, and MTR biomes, where the absolute majority of neurons 
associated with the TRP and SUS biomes were within the envelope 
spanned by the phytoplankton communities of the MTR biome. Yet, the 
communities of the TRP and SUS biomes did not show substantial 
overlap. The overlap in species communities between the TRP and SUS 
biomes with the MTR biome suggests that the species communities of the 
MTR biome represents an intermediate composition with strong over-
laps (Table A.15). Thus, with the exception of the MTR biome, we found 
that each biome hosts characteristic phytoplankton communities despite 
the large ecological niches of phytoplankton and the overlap in species 
communities between biomes. 

For the dominant species (Section 3.4), we found similarities in their 
identity across biomes. The species found among the dominant species 
in most of our biomes are known to have cosmopolitan distributions (e. 
g. Tripos extensus or Prochlorococcus; Dodge and Marshall, 1994; Par-
tensky et al., 1999). However, we were able to associate a few species 
among the top 100 most wide-spread species with in one or two biomes. 
For instance, the red-tide forming dinoflagellate Lingulodinium polyedra 
(Moorthi et al., 2006) dominates in biomes located near the Equator 
(MTR and PEU), or the haptophyte Phaeocystis antarctica, found in the 
HIL biome has its highest biomass in higher latitudes (HIL) (Vogt et al., 
2012). The differences in the species dominance patterns between bi-
omes suggest that we may be able to distinguish and characterize biomes 
based on a subset of its overall diversity using easily identifiable species, 
i.e. indicator species. Indicator species such as the three-spined stickle-
back Gasterosteus aculeatus (Lai et al., 2015), or the worm Tubifex tubifex 
(Vidal and Horne, 2003) are used as model organisms to monitor 
ecosystem health, and the impact of climate change or anthropogenic 
pollutants on local to regional communities (Angermeier and Karr, 
2019). Indicator species that effectively characterize each of our biomes 
could be used to monitor ecosystem health at broad scales, or define 
future sampling efforts. Although we were able to associate certain 
species in the top 100 most wide-spread species with individual biomes, 
their area coverage remained relatively high in most other biomes. Thus, 
with our definition of indicator species, i.e. species that are wide-spread 
in one biome but rare in all other biomes, we were not able to identify 
indicator species for any of our biomes. This was likely due to the 
generally wide distributions and ecological niches of phytoplankton 
species (Brun et al., 2015; Righetti et al., 2019a). and strong dispersal 
ability (Cermeño and Falkowski, 2009; Whittaker and Rynearson, 
2017). Changes in ocean properties (e.g. SST, nutrients, pH; Doney, 
2010; Gruber, 2011; IPCC, 2013) over the past few decades may addi-
tionally have contributed to shifts in species’ distributions and allowed 
some of the species to transcend biogeographic boundaries (Jönsson and 
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Watson, 2016; Thomas et al., 2012; Barton et al., 2016). 
While none of our biomes could be identified based on single, com-

mon indicator species, we were able to find significant species pairs for 
all biomes except the SMN biome (Fig. 6), and characteristic species co- 
occurrences for the TRP, HIL, WIS and SUS biomes. In particular, for 
regions of low spatial and temporal variability (e.g. in the TRP, HIL, PEU 
biomes) we identified species pairs that may be used for monitoring 
purposes, and potentially relate to biome-wide ecosystem, ecological 
important species. 

Biome definitions based on abiotic factors may represent a viable 
alternative, where biological information is limited or unavailable 
(Vichi et al., 2011; Kavanaugh et al., 2014). These abiotic factors may 
translate into phytoplankton biogeographic biomes via bottom-up ef-
fects on species’ distributions (e.g. temperature, light availability, nu-
trients; Cermeño and Falkowski, 2009; Boyce et al., 2010; Brun et al., 
2015; Righetti et al., 2019a). 

Overall, SST and pCO2 provided a suitable combination of environ-
mental factors to differentiate each biome from all other biomes. SST 
and pCO2, each were able to differentiate between some of our biomes. 
While temperature has been the potential key determinant of marine 
species distributions at broad scales (Tittensor et al., 2010; Righetti 
et al., 2019a), especially in plankton where physiological thermal tol-
erances may match species’ latitudinal ranges (Beaugrand et al., 2008), 
pCO2 may serve as a proxy for the balance between nutrient inputs from 
deep ocean waters into surface surface waters through vertical mixing, 
and their plankton-driven removal (Sarmiento and Gruber, 2006). Using 
this premise, our biome-averaged pCO2 values suggest that the PEU 
biome is associated with species communities do not reduce surface 
nutrient concentrations sufficiently fast relative to the vertical input of 
nutrients from deep ocean waters. Together, we propose temperature 
and pCO2 as two factors useful for monitoring of marine biome 
boundaries in the presence of biological data limitation. 

4.3. Caveats of our approach 

We discuss potential caveats in our analysis in two steps. First, we 
address species’ biogeographic projections obtained from the niche 
models that form the foundation for our clustering work. Second, we 
address the robustness of our biomes to choices made during the clus-
tering method developed. 

The presence-absence patterns of the phytoplankton species in our 
dataset have originally been subjected to methodological choices (see 
Righetti et al., 2019a). The SDMs developed in Righetti et al. (2019a) 
have been specifically designed to optimize the robustness of modelled 
distribution patterns in the presence of sparse, methodologically het-
erogeneous, and unevenly distributed field data of short-lived marine 
phytoplankton. Here, we discuss uncertainties, which significantly 
affect our results in terms of biome location and extent, including sta-
tistical algorithm choice. The latter comprising up to 73% of the un-
certainty in the projection of future species habitat extent (Buisson et al., 
2010; Benedetti et al., 2018). We compare results on biome distribution 
derived from GAM, with results derived from GLM- and RF-based species 
projections, and we examine uncertainty induced by predictor variable 
choice. Our biomes are mostly robust to the uncertainty in species 
presence patterns associated with algorithm choice (A.5; Fig. A.13) as 
well as to the uncertainties due to predictor variable uncertainty in 
species’ original presence-absence projections (A.6). 

In the original phytoplankton data, presence records of species 
have been aggregated to monthly climatological, 1◦ latitude × 1◦

longitude resolution. This aggregation, which treated species records 
(mostly originating from the decades 1950 to 2010 Righetti et al., 
2019a) at monthly scales, has been an essential step to integrate the 
sparse data, and to balance inter-pixel differences in original sampling 
efforts. We used the same data (Righetti et al., 2019a) to diagnose the 
effect of this binning on emerging species co-occurrences, and find that 
22 out of the 72 significant species pairs were indeed observed in the 

original dataset at the 1◦ × 1◦ scale, during same months. An addi-
tional 14, and 38 species pairs, co-occurred in the original dataset 
during the same month of different years, at the 1◦ × 1◦ scale, or at the 
biome scale, respectively. Six additional species pairs, co-occurred at 
the biome scale during different months and years. Overall, around 
one third of the significant species co-occurrences identified in our 
study were indeed observed at the 1◦-pixel scale. While this analysis 
confirms that at least one-third of the significant species pairs indeed 
occurs in the field, we note that individual samples of phytoplankton in 
the original presence dataset are highly incomplete with regards to 
species detection (Righetti et al., 2019b; Righetti et al., 2019a). Thus, a 
lack of presence of species in the observational data at monthly 1◦

resolution, very likely reflects the selectivity of sampling efforts, rather 
than being evidence of true exclusion patterns of any given species or 
species associations. The SDMs have been specifically implemented to 
infer species’ presence distributions in space and time from the limited 
sampling, in the first place. Sampling techniques that may detect most 
species present at any location and point in time, such as metagenomic 
sequencing (e.g. De Vargas et al., 2015), could further verify the total 
associations diagnosed in this work. 

Indeed, recent analyses of metagenomic data from the Tara Oceans 
expeditions support our findings. Network analysis of co-located 
metagenomic observation revealed a clear differentiation in species 
associations between high latitudes and low latitudes, with higher 
species connectivity at higher latitudes, and a biome structure, similar 
to ours. These results based on independent data support that biomes 
at high latitudes may house characteristic species associations (Chaf-
fron et al., 2020). 

Other potential caveats relate to the spatial and temporal resolution 
of the SDM based presence-absence projections. The 1◦ resolution, at 
monthly scales cannot resolve fine scale variability in phytoplankton 
communities (Buitenhuis et al., 2013). Mesoscale and sub-mesoscale 
features modulate local phytoplankton community compositions in 
situ (Lévy et al., 2018), and short lived phytoplankton species (Padisák, 
1994) exhibit rapid response times to perturbations (Kavanaugh et al., 
2016). For instance, periods of pulsed phytoplankton growth (e.g. spring 
blooms) often occur on timescales from one to two weeks (Racault et al., 
2012). Thus, our biomes do not consider small-scale changes in phyto-
plankton species communities (e.g. due to mesoscale forcing; Cotti- 
Rausch et al., 2016). However, such small scale phytoplankton vari-
ability might be primarily important in localized contexts and compet-
itive interactions become negligible for the description of species 
associations at larger scales (Schimel, 1995). Thus, our biomes reflect 
large-scale differences in aggregated structures of species communities, 
which are composed of a multitude of small local subsets of larger 
species pools (Smith et al., 2005). 

While our analysis includes more than 530 species, covering all 
major functional and taxonomic phytoplankton groups, many more 
phytoplankton species exist (ranging between 4′530 and 16′940; Fal-
kowski et al., 2004; De Vargas et al., 2015). Thus, our analysis includes 
at most 12% of named marine phytoplankton species. Given that com-
mon sampling techniques in phytoplankton rely on small volumes of 
seawater, which incompletely detect species (Cermeño et al., 2014), the 
species included in our biomes are biased toward frequent, known, and 
abundant species of the ocean. However, small fractions of the total 
species diversity have been shown to account for a majority of phyto-
plankton abundance or biomass within different phytoplankton groups: 
16 species of coccolithophore out of 195 or 43 diatom species out of 552, 
accounted for 75% of coccolithophore abundance (O’Brien et al., 2013) 
or 90% of total diatom biomass (Leblanc et al., 2012), respectively. 
Thus, although the original may not account for many rare species (Ser- 
Giacomi et al., 2018), the species considered likely represent abundant 
species, which support the most biogeographical patterns and ecologi-
cally relevant processes (Lyons et al., 2005; Cermeño et al., 2013; Ser- 
Giacomi et al., 2018). Similar to terrestrial biomes (e.g. Higgins et al., 
2016; Silva de Miranda et al., 2018), biomes based on the most abundant 
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species likely capture differences in ecosystem function as well. 
Potential circularities between the initial use of environmental pre-

dictor variables in SDMs and the analysis of environmental conditions at 
the level of biomes cannot be fully ruled out in our approach. However, 
the use of a broad initial variable pool and the randomized selection of 
small subsets of variables in each SDM, was designed to prevent pre- 
determination or bias due to variable choice in the SDMs and the 
resulting biome boundaries (Righetti et al., 2019a). This variable se-
lection approach also avoided over-representation of single predictors in 
SDMs by controlling for balanced predictor contribution in individual 
species’ models. By integrating the spatial projections of hundreds of 
species, our biome boundaries integrated broad predictive power and 
emerged as higher-level aggregate properties of predicted species 
(Righetti et al., 2019a). 

Caveats linked to our clustering methodology arise from choices in 
the different training parameters (i.e. number of neurons, number of 
epochs, distance metric) and the clustering of the neurons. Most likely, 
using different training parameters results in different clusters, and thus 
different biomes. However, we objectively selected the number of both 
the neurons and training epochs using best-practice recommendations 
(Vesanto and Alhoniemi, 2000), and we relied on previous findings that 
compared the behavior of different distance metrics with respect to 
high-dimensional data (Aggarwal et al., 2001). For the clustering of 
neurons, we decided to use the clustering with the highest robustness to 
information loss during training. Nevertheless, to reinforce the robust-
ness of our choice, one could compare different clustering methods (k- 
means, fuzzy clustering; Jain et al., 1999) and choose the optimal 
number of clusters based on the overall agreement between the different 
methodologies. 

5. Conclusion 

We found that the open ocean can be partitioned into eight biomes 
based on monthly phytoplankton species presence-absence projections, 
with the largest differences in phytoplankton communities between bi-
omes occurring across three major regions: the high latitudes, the Pacific 
equatorial region, and the low latitudes. A further partitioning of these 
three major regions is linked to subtler differences in phytoplankton 
species communities, including monthly shifts in the species commu-
nities throughout the year. We found that biomes can be discriminated 
based on a subset of their species diversity and associations between 
species. The inclusion of a larger set of species into future classifications, 
based on metagenomic data (De Vargas et al., 2015) may reveal further 
characteristic biological players and possibly unique biotic network 
associations (Lima-Mendez et al., 2015; Vincent and Bowler, 2020), 
which may enable in situ biome extent monitoring based on a subset of 
the full diversity and specific indicator species or their genes (e.g. 
Malviya et al., 2016). Our results further show a close association of 
plankton community structure with environmental drivers, which may 
guide the development of next-generation satellite products related to 
biodiversity and ocean health. 

In our work, we took into account a subset of the full species existing, 
including preferentially the most common and well-detected taxa, 
which led to biome-wide patterns in terms of characteristic co- 
occurrences of species. The advent of metagenomic (Biller et al., 

2018) and imaging data (Guidi et al., 2016), which resolve a greater 
variety of phytoplankton diversity, may promote future regionalizations 
of the open ocean that could inform monitoring plans and guide the 
development of bioindicators for ecosystem function and service pro-
vision. Additionally, with the higher temporal and spatial resolution of 
metagenomic and imaging data, this study could be extended to include 
dynamic coastal environments (Davis et al., 2007) or shorter timescales, 
which match the timescales of interactions between marine consumers, 
primary producers, and the environment (Kavanaugh et al., 2016). Such 
a high spatio-temporal resolution would allow for a dynamic manage-
ment of ecosystem services, and thus a rapid response of marine resource 
users to ecosystem changes (Maxwell et al., 2015). 

Ocean partitionings based on the spatial structure of marine eco-
systems, rather than jurisdictional boundaries or physico-chemical 
properties (Crowder, 2006; Kavanaugh et al., 2016) divide the ocean 
into practical ecosystem management, conservation, and monitoring 
units (Spalding et al., 2007; Caldow et al., 2015; Breece et al., 2016; 
Lewison et al., 2015). Such partitionings characterize the spatio- 
temporal patterns of open ocean community structure and function 
(Kavanaugh et al., 2016), and can be used for marine ecosystem con-
servation purposes (Briones et al., 2009), or to investigate the responses 
of marine ecosystems to global environmental change and human ac-
tivity (Gruber, 2011; Doney et al., 2011). 

In this study we have provided a comprehensive global open ocean 
partitioning, which separates and summarizes important processes 
that govern phytoplankton community structure (Kavanaugh et al., 
2014; Briones et al., 2009), and divides the open ocean into units 
whose consideration may help us to monitor, mitigate, or prevent 
potential present or future decline in marine ecosystem health (Hal-
pern et al., 2014). 
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Appendix A 

A.1. Self-organizing map 

The quantization error (QE) (Kohonen, 2001), and the topological error (TE) (Kiviluoto, 1996) averaged over the whole mapping are defined as 
follows (Kohonen, 2001): 
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QE =
1
n
⋅
∑n

i=1
d(vi,wc,i), (A.1)  

TE =
1
n
⋅
∑n

i=1
u(vi), (A.2)  

Fig. A.9. (a) Total error, and total error change as a function of the number of neurons. The neuron-lattice of 31 × 31 was chosen as an optimal amount of neurons. 
(b) Total error as a function of epochs, i.e. the number of times the input data was presented to the neural network, while using the optimal amount of neurons. The 
optimal number of epochs was chosen to be 200. 
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u(vi) =

{
1, best-and second-BMU are non-adjacent
0, otherwise . (A.3) 

The distance function (e.g. Euclidean or Manhattan distance) is denoted by d(v,w), n is the number of observations, vi is the phytoplankton species 
presence projection, Wc,i is the best matching neuron to the phytoplankton species presence projection i, and i = 1,2,3,…,n. 

A.2. Calculating the cluster centroid 

Two methods for determining the value of a cluster mean, i.e. the centroid of a cluster were tested. Using HAC, we grouped 961 trained neurons 
into clusters. First, we calculated the centroid of a cluster as the mean of the trained neurons that were assigned to a cluster considering the number of 
times they appeared across all months (i.e. frequency weighted centroids). Second, we calculated the centroid of clusters as the mean of the trained 
neurons that were assigned to a cluster without considering their occurrence frequency, i.e. all member of a cluster had the same weight for the 
calculation of the centroid. We performed this test for two up to twenty clusters, and used the mean difference between the centroid to the assigned 
observation as quality measure (see Fig. A.10). We found that using the frequency weighted centroids resulted in a better representation of the 
phytoplankton species presence projections for all granularity levels of clustering. 

A.3. Environmental data 

Table A.5. 

Fig. A.10. Comparison of two methods to calculate a cluster’s centroid. The weighted version uses the occurrence frequency of the members of a clusters as a 
weighting factor, the unweighted version only uses the individual members. The comparison metric was calculated using the absolute difference between an 
observation and the associated centroid, calculating the mean over all species, and over all observations. 

Table A.5 
Environmental parameters considered as potential determinants of the phytoplankton community compositions found in our biomes.  

Abbr. Parameter Unit Source 

SST Sea Surface Temperature ◦C  World Ocean Atlas 2013, Locarnini et al. (2013) 
N Nitrate concentration μmol

L  
World Ocean Atlas 2013, Garcia et al. (2013) 

P Phosphate concentration μmol
L  

World Ocean Atlas 2013, Garcia et al. (2013) 

Si Silicic acid concentration μmol
L  

World Ocean Atlas 2013, Garcia et al. (2013) 

SSS Sea Surface Salinity PSU World Ocean Atlas 2013, Zweng et al. (2013) 
PAR Photosynthetic Active Radiation Einstein

m2d  
Sea-Viewing Wide Field-of-View Sensor (NASA, 2018b) 

chl Chlorophyll-a concentration mg
m3  

Sea-Viewing Wide Field-of-View Sensor (NASA, 2018a) 

MLD Mixed Layer Depth m Montégut (2004) 
NPP Net Primary Production mgC

m2d  
Behrenfeld and Falkowski (1997);Westberry et al. (2008); Ocean Productivity (2017) 

wind Sea surface wind stress m
s  

Atlas et al. (2011) 

pCO2 Sea surface CO2 partial pressur μatm  Landschützer et al. (2014)  
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A.4. Principal component analysis 

Table A.6. 

Table A.6 
Loadings of the eight principal components (PC) found with Kaiser’s rule (Wilks, 2011). The eight principal components were used to reduce the dimensionality prior 
to the hierarchical agglomerative clustering. Species are sorted in alphabetic order within classes or phyla.  

Species PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 

Achnanthes longipes 0.00 − 0.02 0.01 − 0.01 − 0.03 0.01 0.02 0.00 
Actinocyclus curvatulus 0.01 − 0.07 0.07 − 0.01 − 0.03 − 0.03 − 0.06 − 0.08 
Actinocyclus octonarius 0.04 0.00 0.03 0.01 0.10 0.08 − 0.07 0.00 
Actinoptychus octonarius − 0.02 − 0.02 0.02 0.02 0.00 0.00 0.09 − 0.02 
Actinoptychus senarius 0.06 − 0.01 0.05 − 0.11 0.02 − 0.02 0.08 − 0.04 
Actinoptychus splendens 0.01 − 0.05 0.02 − 0.03 − 0.04 0.01 0.01 − 0.02 
Amphiprora gigantea 0.03 0.08 0.00 − 0.03 − 0.02 0.02 0.05 0.05 
Asterionellopsis glacialis 0.01 − 0.03 0.05 − 0.08 0.02 − 0.01 0.00 − 0.02 
Asterolampra marylandica 0.06 0.09 0.02 0.00 − 0.01 0.02 0.05 − 0.03 
Asteromphalus brookei 0.00 − 0.03 0.01 − 0.01 − 0.04 0.01 0.02 0.00 
Asteromphalus cleveanus 0.06 0.10 0.00 0.00 − 0.05 0.01 − 0.05 − 0.02 
Asteromphalus flabellatus 0.06 − 0.05 0.08 − 0.04 0.03 − 0.02 − 0.01 0.04 
Asteromphalus heptactis 0.05 − 0.02 0.09 − 0.03 0.01 − 0.01 0.05 0.04 
Asteromphalus hyalinus − 0.01 0.00 0.02 0.04 0.03 − 0.02 0.08 − 0.04 
Asteromphalus parvulus − 0.02 0.00 0.02 0.05 0.04 − 0.03 0.10 − 0.03 
Asteromphalus robustus 0.01 0.02 0.07 0.03 − 0.03 0.03 − 0.04 − 0.06 
Asteroplanus karianus − 0.01 0.00 0.02 0.01 0.00 − 0.01 − 0.01 − 0.03 
Attheya septentrionalis − 0.01 0.00 0.02 0.01 0.02 − 0.02 0.03 − 0.02 
Aulacoseira granulata 0.05 0.04 − 0.06 − 0.01 − 0.01 − 0.05 0.00 − 0.04 
Azpeitia nodulifera 0.07 0.03 0.00 − 0.03 0.07 0.03 − 0.01 − 0.10 
Bacteriastrum comosum 0.06 0.09 0.03 0.01 − 0.02 0.06 0.01 0.01 
Bacteriastrum delicatulum 0.06 0.04 0.04 0.01 − 0.07 0.08 0.03 − 0.07 
Bacteriastrum elegans 0.05 0.10 0.02 0.02 − 0.06 0.05 0.04 0.05 
Bacteriastrum elongatum 0.06 0.08 0.07 0.01 − 0.04 0.02 0.00 0.04 
Bacteriastrum furcatum 0.07 0.07 0.05 0.00 0.00 0.00 − 0.01 0.02 
Bacteriastrum hyalinum 0.06 0.05 0.06 0.05 − 0.07 − 0.03 − 0.03 0.00 
Bacteriastrum mediterraneum 0.04 0.07 0.08 0.01 − 0.05 0.03 0.04 0.06 
Bacterosira bathyomphala − 0.02 0.00 0.03 0.04 0.03 − 0.02 0.03 − 0.06 
Bellerochea malleus 0.00 − 0.02 0.02 0.01 0.01 0.05 − 0.09 − 0.01 
Biddulphia alternans 0.00 − 0.01 0.00 0.00 0.00 0.01 − 0.01 0.00 
Cerataulina pelagica 0.07 0.01 0.01 − 0.09 − 0.01 0.01 0.01 − 0.04 
Chaetoceros aequatorialis 0.06 0.09 0.04 0.01 − 0.05 − 0.03 − 0.04 0.01 
Chaetoceros affinis 0.07 0.01 0.07 − 0.04 − 0.07 − 0.02 0.00 0.05 
Chaetoceros anastomosans 0.06 0.05 0.02 − 0.05 − 0.03 − 0.02 − 0.07 − 0.03 
Chaetoceros atlanticus 0.02 − 0.07 0.12 0.06 0.02 − 0.03 0.03 − 0.09 
Chaetoceros bacteriastroides 0.04 0.07 0.07 0.02 − 0.03 − 0.01 0.03 0.12 
Chaetoceros borealis − 0.01 − 0.01 0.01 0.01 0.01 0.02 − 0.03 − 0.02 
Chaetoceros brevis 0.06 0.02 0.07 − 0.06 − 0.03 − 0.06 − 0.02 0.04 
Chaetoceros bulbosus − 0.01 0.00 0.02 0.04 0.03 − 0.02 0.09 − 0.04 
Chaetoceros castracanei 0.02 0.03 0.09 0.03 0.01 − 0.02 0.02 0.02 
Chaetoceros cinctus 0.00 0.00 0.00 0.00 0.00 0.01 − 0.01 0.01 
Chaetoceros coarctatus 0.07 − 0.01 0.01 − 0.08 0.00 0.01 0.04 − 0.03 
Chaetoceros compressus 0.07 0.01 0.00 − 0.06 − 0.03 0.04 0.04 − 0.06 
Chaetoceros concavicornis − 0.01 − 0.03 0.07 0.04 − 0.04 − 0.01 − 0.01 − 0.11 
Chaetoceros constrictus 0.00 − 0.04 0.02 − 0.01 − 0.02 0.03 − 0.02 − 0.03 
Chaetoceros convolutus − 0.01 − 0.04 0.08 0.04 − 0.05 − 0.03 0.01 − 0.13 
Chaetoceros costatus 0.06 0.04 0.07 − 0.01 − 0.09 − 0.01 0.02 0.03 
Chaetoceros criophilus − 0.01 0.00 0.02 0.03 0.03 − 0.02 0.06 − 0.06 
Chaetoceros curvisetus 0.07 0.02 0.00 − 0.07 − 0.06 0.02 0.02 − 0.05 
Chaetoceros dadayi 0.07 0.07 0.03 − 0.01 0.00 − 0.02 − 0.01 − 0.01 
Chaetoceros danicus 0.06 0.00 0.04 − 0.08 − 0.02 0.11 0.07 − 0.05 
Chaetoceros debilis 0.02 − 0.07 0.08 0.01 − 0.07 − 0.02 − 0.03 − 0.09 
Chaetoceros decipiens 0.06 0.03 0.06 − 0.03 − 0.05 0.05 0.01 0.01 
Chaetoceros densus 0.05 0.06 0.04 0.04 0.00 0.11 0.03 0.07 
Chaetoceros diadema 0.03 0.08 0.08 0.02 − 0.04 − 0.04 0.01 0.09 
Chaetoceros dichaeta 0.04 0.02 0.09 0.03 − 0.05 − 0.10 0.05 − 0.02 
Chaetoceros didymus 0.05 0.01 0.10 0.03 − 0.07 − 0.01 − 0.02 0.04 
Chaetoceros diversus 0.07 0.07 0.02 0.00 − 0.01 0.04 0.01 − 0.08 
Chaetoceros eibenii 0.04 0.05 0.08 0.02 − 0.07 0.07 0.04 0.00 
Chaetoceros furcellatus − 0.02 0.01 0.06 0.03 0.00 − 0.03 − 0.01 − 0.10 
Chaetoceros gracilis 0.03 0.01 0.10 0.02 0.02 − 0.03 − 0.10 − 0.01 
Chaetoceros hyalochaetae 0.05 0.02 − 0.05 − 0.07 − 0.02 0.00 − 0.02 − 0.01 
Chaetoceros indicus 0.02 0.02 0.04 0.03 0.02 0.04 0.02 0.06 
Chaetoceros laciniosus 0.06 0.05 0.00 − 0.01 − 0.02 − 0.04 0.03 − 0.02 
Chaetoceros laevis 0.05 0.06 0.05 0.05 − 0.05 − 0.02 0.00 0.03 
Chaetoceros lauderi 0.05 0.00 0.10 − 0.04 − 0.01 0.00 0.05 0.12 
Chaetoceros lorenzianus 0.07 − 0.01 0.05 − 0.05 − 0.03 − 0.04 0.00 0.04 
Chaetoceros messanensis 0.06 0.08 0.03 0.02 − 0.05 0.03 − 0.03 0.01 
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Table A.6 (continued ) 

Species PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 

Chaetoceros neglectus − 0.02 0.01 0.02 0.04 0.04 − 0.03 0.12 − 0.02 
Chaetoceros pacificus 0.03 0.05 0.04 0.02 − 0.03 0.04 0.07 0.09 
Chaetoceros paradoxus 0.03 0.08 0.08 − 0.04 − 0.04 − 0.05 − 0.06 0.03 
Chaetoceros pelagicus 0.05 − 0.03 − 0.02 0.09 − 0.02 0.01 0.14 0.03 
Chaetoceros pendulus 0.06 0.06 0.01 − 0.01 − 0.06 − 0.03 − 0.05 − 0.03 
Chaetoceros peruvianus 0.07 0.00 0.01 − 0.07 − 0.02 0.00 0.04 − 0.05 
Chaetoceros phaeoceros 0.04 0.07 − 0.07 − 0.07 0.03 0.03 0.06 − 0.07 
Chaetoceros pseudocrinitus 0.04 0.03 0.03 0.05 0.01 0.08 0.05 0.07 
Chaetoceros pseudocurvisetus 0.06 0.06 0.07 0.00 − 0.03 0.03 − 0.02 0.07 
Chaetoceros pseudodichaetus 0.05 0.08 0.05 0.02 − 0.04 0.05 0.06 0.05 
Chaetoceros radicans 0.05 0.01 0.11 0.02 − 0.05 − 0.02 − 0.01 − 0.01 
Chaetoceros rostratus 0.06 0.06 0.07 0.01 − 0.05 0.01 0.02 0.05 
Chaetoceros saltans 0.05 0.07 0.08 0.01 − 0.01 − 0.03 0.01 0.08 
Chaetoceros seiracanthus 0.01 0.05 0.05 − 0.05 0.00 0.03 0.00 0.00 
Chaetoceros seriacanthus 0.01 0.03 0.06 − 0.02 0.03 0.00 − 0.03 0.02 
Chaetoceros seychellarum 0.06 0.07 0.05 0.00 − 0.03 0.05 0.05 0.02 
Chaetoceros similis − 0.01 − 0.02 0.01 0.02 0.00 0.00 0.03 − 0.02 
Chaetoceros simplex 0.01 0.08 0.08 − 0.07 0.01 − 0.01 − 0.06 − 0.01 
Chaetoceros socialis 0.01 − 0.03 0.04 0.00 − 0.08 0.05 0.00 − 0.05 
Chaetoceros subsecundus 0.04 0.04 0.11 0.04 0.03 − 0.04 − 0.07 0.06 
Chaetoceros teres 0.00 0.02 0.01 0.00 − 0.03 0.06 − 0.02 − 0.03 
Chaetoceros tetrastichon 0.06 0.04 0.03 − 0.04 0.01 − 0.05 − 0.01 0.04 
Chaetoceros tortissimus 0.04 0.04 0.09 0.02 0.03 0.05 0.03 0.04 
Chaetoceros vanheurckii 0.06 0.08 0.04 0.02 − 0.04 0.00 0.01 0.03 
Chaetoceros wighamii 0.06 0.06 0.00 − 0.04 − 0.01 − 0.03 0.04 0.03 
Chaetoceros willei 0.06 0.07 0.06 0.02 − 0.02 0.06 0.05 0.04 
Climacodium biconcavum 0.06 0.09 0.03 0.01 − 0.04 − 0.02 − 0.01 − 0.02 
Climacodium frauenfeldianum 0.07 0.05 0.00 − 0.05 − 0.02 − 0.02 − 0.03 − 0.02 
Climacosphenia moniligera 0.07 − 0.01 0.02 − 0.03 − 0.04 − 0.07 − 0.02 0.05 
Corethron hystrix − 0.01 − 0.01 0.02 0.02 − 0.01 0.00 − 0.02 − 0.05 
Corethron pennatum − 0.01 0.02 0.13 0.08 0.05 − 0.07 0.01 0.03 
Coscinodiscus antarcticus 0.00 0.02 0.02 0.05 0.04 − 0.01 0.11 0.01 
Coscinodiscus asteromphalus 0.03 0.00 0.07 − 0.06 0.07 − 0.01 − 0.06 − 0.02 
Coscinodiscus centralis 0.00 − 0.05 0.02 − 0.04 − 0.04 0.01 0.02 − 0.01 
Coscinodiscus concinnus − 0.01 − 0.01 0.01 0.02 0.01 0.01 − 0.01 − 0.01 
Coscinodiscus curvatulus − 0.02 − 0.02 0.03 0.04 0.01 − 0.01 0.08 − 0.05 
Coscinodiscus gigas 0.04 − 0.01 0.04 0.01 0.10 0.10 − 0.05 0.00 
Coscinodiscus granii 0.03 − 0.04 0.06 − 0.03 − 0.03 0.01 0.08 0.11 
Coscinodiscus marginatus − 0.01 − 0.01 0.04 0.04 0.00 − 0.02 0.01 − 0.09 
Coscinodiscus oculus-iridis 0.04 − 0.01 0.05 0.05 0.13 0.03 − 0.02 0.04 
Coscinodiscus radiatus 0.05 − 0.07 0.05 − 0.05 0.07 0.03 0.02 − 0.01 
Coscinodiscus subbulliens 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 
Coscinodiscus wailesii 0.00 − 0.01 0.01 0.01 0.00 0.01 − 0.01 − 0.02 
Cylindrotheca fusiformis − 0.01 0.00 0.03 0.02 0.01 − 0.01 − 0.01 − 0.07 
Dactyliosolen antarcticus − 0.01 0.01 0.01 − 0.01 0.01 0.00 0.01 0.04 
Dactyliosolen fragilissimus 0.06 0.06 0.01 0.02 0.00 0.15 0.04 − 0.04 
Detonula confervacea − 0.01 − 0.01 0.01 0.01 − 0.01 0.01 0.00 − 0.02 
Detonula pumila 0.07 0.01 0.03 − 0.06 0.01 0.05 0.03 − 0.06 
Diatoma rhombica − 0.02 0.00 0.02 0.04 0.03 − 0.02 0.09 − 0.04 
Ditylum brightwellii 0.04 0.02 0.03 − 0.15 0.08 0.00 0.02 − 0.07 
Ditylum sol 0.04 0.08 0.06 0.00 − 0.06 − 0.04 0.02 0.08 
Entomoneis alata 0.01 − 0.04 0.04 0.00 − 0.03 0.01 − 0.03 − 0.05 
Entomoneis paludosa − 0.02 0.00 0.02 − 0.03 0.00 0.01 0.01 − 0.06 
Ephemera planamembranacea − 0.01 0.00 0.00 0.01 0.01 0.01 − 0.02 0.01 
Ethmodiscus gazellae 0.01 − 0.07 0.00 − 0.01 − 0.06 0.00 − 0.02 − 0.03 
Eucampia antarctica − 0.02 0.00 0.03 0.05 0.05 − 0.03 0.10 − 0.02 
Eucampia cornuta 0.05 0.04 0.03 0.00 − 0.05 − 0.03 0.09 0.01 
Eucampia zodiacus 0.06 0.01 0.08 − 0.04 − 0.04 0.03 0.00 − 0.04 
Eucampia zoodiacus 0.04 0.08 0.09 0.02 − 0.06 0.00 − 0.04 0.05 
Eupyxidicula turris 0.00 − 0.02 0.01 − 0.02 − 0.01 0.02 − 0.03 − 0.03 
Fragilaria striatula 0.00 0.00 0.00 0.00 0.00 0.00 0.00 − 0.01 
Fragilariopsis curta − 0.01 0.00 0.02 0.04 0.03 − 0.02 0.08 − 0.04 
Fragilariopsis cylindrus − 0.02 0.00 0.02 0.05 0.04 − 0.02 0.10 − 0.04 
Fragilariopsis doliolus 0.01 − 0.03 0.04 0.00 − 0.06 0.01 0.00 − 0.03 
Fragilariopsis kerguelensis − 0.02 0.00 0.02 0.05 0.04 − 0.03 0.10 − 0.03 
Fragilariopsis obliquecostata − 0.01 0.00 0.02 0.04 0.03 − 0.02 0.08 − 0.04 
Fragilariopsis oceanica − 0.01 − 0.01 0.06 0.05 0.04 − 0.06 − 0.03 − 0.08 
Gossleriella tropica 0.06 0.01 0.02 0.01 − 0.04 0.05 − 0.05 − 0.03 
Grammatophora angulosa 0.00 − 0.01 0.01 0.00 − 0.01 0.01 0.00 − 0.01 
Grammatophora marina 0.00 − 0.03 0.02 0.01 − 0.02 0.01 0.03 − 0.03 
Grammatophora oceanica 0.01 − 0.05 0.04 0.00 − 0.05 − 0.03 − 0.05 − 0.06 
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Table A.6 (continued ) 

Species PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 

Guinardia cylindrus 0.06 0.08 0.00 0.02 − 0.01 − 0.02 0.02 − 0.09 
Guinardia delicatula 0.06 − 0.02 0.06 − 0.07 0.10 0.09 0.01 0.02 
Guinardia flaccida 0.06 0.04 − 0.01 − 0.01 − 0.05 0.04 0.04 − 0.05 
Guinardia striata 0.05 0.03 0.06 − 0.04 − 0.07 0.03 0.00 0.12 
Haslea wawrikae 0.06 0.08 0.02 0.01 − 0.04 − 0.01 − 0.02 − 0.04 
Helicotheca tamesis 0.00 − 0.03 0.01 − 0.02 − 0.04 0.01 0.04 0.00 
Hemiaulus chinensis 0.07 0.06 0.03 0.00 − 0.04 0.07 0.02 − 0.05 
Hemiaulus hauckii 0.07 0.05 − 0.01 − 0.03 − 0.01 0.00 − 0.02 − 0.07 
Hemiaulus membranaceus 0.07 0.06 0.07 0.02 − 0.02 0.02 − 0.03 0.01 
Hemidiscus cuneiformis 0.01 − 0.03 − 0.01 0.02 − 0.06 0.00 0.02 − 0.02 
Lauderia annulata 0.06 − 0.01 0.05 − 0.08 0.11 0.07 0.03 0.01 
Leptocylindrus danicus 0.07 0.02 − 0.02 − 0.05 − 0.04 0.01 − 0.02 − 0.07 
Leptocylindrus minimus 0.06 0.06 0.07 0.00 − 0.01 0.00 − 0.07 0.00 
Licmophora abbreviata 0.00 − 0.05 0.02 − 0.02 − 0.05 0.02 0.01 − 0.02 
Licmophora lyngbyei 0.03 0.02 0.10 0.01 0.00 − 0.07 − 0.06 − 0.07 
Lioloma delicatulum 0.01 − 0.09 0.00 − 0.05 − 0.04 − 0.03 − 0.01 − 0.03 
Lioloma pacificum 0.02 − 0.09 0.02 − 0.04 − 0.03 − 0.05 − 0.02 − 0.05 
Lithodesmium undulatum 0.03 − 0.04 0.07 − 0.03 − 0.03 0.07 − 0.01 − 0.04 
Mastogloia rostrata 0.06 0.09 − 0.02 0.00 − 0.03 0.02 0.01 − 0.06 
Melosira borreri 0.02 0.04 0.06 0.01 − 0.08 − 0.04 0.00 0.01 
Melosira moniliformis 0.00 − 0.01 0.01 0.01 0.00 0.00 0.02 − 0.02 
Membraneis challengeri 0.02 0.09 0.03 0.07 − 0.03 0.00 0.17 − 0.09 
Meuniera membranacea 0.06 0.08 0.05 0.02 − 0.03 0.01 − 0.02 0.01 
Navicula pelagica − 0.01 0.00 0.02 0.03 0.01 − 0.01 0.02 − 0.04 
Neocalyptrella robusta 0.05 − 0.05 0.08 − 0.06 0.05 0.00 0.02 0.03 
Nitzschia bicapitata 0.05 0.00 − 0.03 − 0.07 − 0.01 − 0.04 0.00 − 0.01 
Nitzschia bilobata 0.00 − 0.03 0.02 − 0.02 − 0.04 0.00 0.01 − 0.01 
Nitzschia frigida 0.00 0.00 0.01 0.01 0.01 0.00 0.01 − 0.02 
Nitzschia longissima 0.05 0.02 0.01 − 0.01 − 0.03 − 0.04 0.05 − 0.05 
Nitzschia pacifica 0.02 − 0.08 0.00 − 0.01 − 0.04 − 0.08 0.03 − 0.01 
Nitzschia sicula 0.06 0.03 − 0.04 − 0.04 0.10 0.06 0.06 0.01 
Nitzschia sigma 0.07 0.05 − 0.01 0.01 0.02 0.01 − 0.05 − 0.05 
Nitzschia tenuirostris 0.06 0.02 − 0.03 − 0.05 0.06 − 0.02 0.01 − 0.07 
Nitzschia vitrea 0.04 0.04 0.06 0.05 − 0.01 − 0.02 0.02 0.07 
Odontella aurita − 0.01 − 0.05 0.11 0.04 − 0.02 − 0.06 0.00 − 0.16 
Odontella longicruris 0.00 − 0.02 0.02 0.00 − 0.03 0.00 0.00 − 0.04 
Plagiotropis lepidoptera 0.04 0.02 0.05 0.08 0.02 0.01 − 0.02 0.09 
Planktoniella sol 0.07 − 0.04 0.01 − 0.05 − 0.01 − 0.07 0.03 0.03 
Pleurosigma angulatum 0.05 0.09 − 0.03 0.00 − 0.04 0.05 − 0.05 − 0.04 
Pleurosigma directum 0.03 0.00 0.06 − 0.03 0.08 − 0.14 0.12 − 0.02 
Pleurosigma diversestriatum 0.04 0.00 − 0.04 0.05 0.03 0.10 0.02 − 0.05 
Pleurosigma elongatum 0.05 0.07 − 0.06 − 0.05 − 0.02 0.01 − 0.03 − 0.05 
Pleurosigma nicobaricum 0.00 − 0.01 0.00 0.00 − 0.01 0.00 0.01 0.00 
Pleurosigma normanii 0.06 0.02 − 0.02 − 0.06 0.01 0.00 − 0.04 − 0.03 
Pleurosigma simonsenii − 0.01 − 0.01 0.00 0.00 0.01 0.01 0.00 0.01 
Podosira stelligera − 0.01 0.09 − 0.07 − 0.08 − 0.10 − 0.02 0.00 − 0.01 
Porosira glacialis − 0.01 0.00 0.02 0.02 0.00 − 0.01 0.00 − 0.05 
Proboscia indica − 0.01 0.02 − 0.02 − 0.01 − 0.05 0.00 − 0.04 0.05 
Proboscia inermis − 0.03 − 0.04 0.03 0.03 0.03 − 0.02 0.11 0.01 
Proboscia truncata − 0.01 0.00 − 0.01 0.00 0.00 0.01 − 0.03 0.03 
Pseudo-nitzschia lineola − 0.01 − 0.03 0.02 0.01 − 0.03 0.00 0.07 − 0.02 
Pseudo-nitzschia pseudodelicatissima 0.04 0.00 − 0.01 0.06 0.04 0.12 − 0.06 − 0.06 
Pseudo-nitzschia pungens 0.07 0.03 0.02 0.02 − 0.01 0.03 − 0.05 − 0.05 
Pseudo-nitzschia subfraudulenta 0.05 0.01 − 0.06 0.01 0.11 0.11 − 0.02 − 0.02 
Pseudosolenia calcar-avis 0.06 0.02 − 0.02 − 0.06 − 0.04 0.01 − 0.05 − 0.06 
Rhabdonema arcuatum 0.00 − 0.01 0.08 0.05 0.01 − 0.05 − 0.03 − 0.12 
Rhizosolenia acuminata 0.04 0.00 0.05 − 0.07 − 0.05 − 0.09 − 0.02 0.17 
Rhizosolenia bergonii 0.05 − 0.02 0.01 − 0.04 − 0.05 − 0.04 − 0.02 0.10 
Rhizosolenia castracanei 0.07 0.00 0.05 − 0.03 − 0.06 − 0.03 0.02 0.06 
Rhizosolenia chunii − 0.02 − 0.03 0.03 0.03 0.00 − 0.01 0.10 − 0.03 
Rhizosolenia clevei 0.06 0.04 0.06 0.01 0.09 0.00 − 0.01 0.04 
Rhizosolenia formosa 0.06 0.00 0.08 − 0.06 0.02 − 0.04 0.02 0.07 
Rhizosolenia hyalina 0.02 − 0.07 0.05 − 0.04 − 0.02 − 0.01 − 0.04 0.00 
Rhizosolenia setigera 0.06 0.01 − 0.01 − 0.06 − 0.06 − 0.03 − 0.03 0.00 
Rhizosolenia temperei 0.01 − 0.05 0.02 − 0.02 − 0.05 0.01 0.01 − 0.01 
Roperia tesselata 0.00 − 0.04 0.01 − 0.03 − 0.03 0.02 0.01 − 0.01 
Shionodiscus gracilis − 0.02 0.00 0.01 0.03 0.03 − 0.01 0.06 0.00 
Shionodiscus oestrupii 0.05 0.04 − 0.03 0.01 0.03 − 0.06 0.00 − 0.04 
Stellarima stellaris − 0.01 0.00 0.05 0.04 0.01 − 0.03 0.00 − 0.11 
Stephanopyxis nipponica − 0.01 − 0.01 0.07 0.05 0.05 − 0.05 − 0.07 − 0.10 
Stephanopyxis palmeriana 0.06 0.02 0.06 − 0.03 − 0.08 − 0.06 0.02 0.08 
Striatella unipunctata 0.07 0.03 − 0.02 0.07 0.02 − 0.01 − 0.04 − 0.05 
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Table A.6 (continued ) 

Species PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 

Thalassionema bacillare 0.02 − 0.07 0.01 − 0.02 − 0.06 0.01 0.02 − 0.02 
Thalassionema frauenfeldii 0.06 0.08 0.02 0.03 − 0.05 0.00 − 0.05 − 0.02 
Thalassiosira aestivalis 0.05 − 0.01 − 0.06 − 0.03 − 0.08 − 0.03 0.09 − 0.03 
Thalassiosira angulata 0.02 0.06 0.12 0.05 − 0.02 − 0.01 0.08 − 0.09 
Thalassiosira angustelineata 0.00 − 0.01 0.01 0.00 − 0.01 0.01 0.00 − 0.02 
Thalassiosira antarctica 0.01 0.04 0.03 0.05 0.08 − 0.06 0.11 0.02 
Thalassiosira decipiens 0.03 0.04 0.14 0.02 0.05 − 0.03 0.00 − 0.06 
Thalassiosira eccentrica 0.04 − 0.04 0.09 − 0.02 0.09 − 0.05 0.11 − 0.08 
Thalassiosira gracilis − 0.01 0.00 0.02 0.04 0.04 − 0.02 0.09 − 0.04 
Thalassiosira gravida 0.00 − 0.03 0.07 0.02 − 0.06 − 0.02 − 0.03 − 0.10 
Thalassiosira hyalina − 0.01 0.00 0.05 0.05 0.00 − 0.05 − 0.04 − 0.10 
Thalassiosira leptopus 0.01 0.02 0.11 0.10 0.03 0.01 0.10 − 0.06 
Thalassiosira mendiolana 0.00 − 0.02 0.01 − 0.01 − 0.02 0.00 0.01 0.00 
Thalassiosira minima 0.00 − 0.01 0.00 0.00 − 0.01 0.01 0.00 0.00 
Thalassiosira nordenskioeldii − 0.02 − 0.01 0.02 0.03 0.02 0.00 0.01 − 0.06 
Thalassiosira partheneia 0.01 − 0.05 0.02 − 0.02 − 0.06 0.01 0.02 − 0.01 
Thalassiosira subtilis 0.02 − 0.06 0.05 − 0.01 − 0.08 0.05 0.04 − 0.02 
Thalassiothrix heteromorpha 0.06 0.08 0.05 0.02 − 0.03 0.03 0.04 0.01 
Trieres chinensis − 0.02 0.02 0.03 − 0.16 − 0.02 0.05 0.01 0.03 
Trieres mobiliensis 0.03 − 0.07 0.05 − 0.08 0.07 0.00 − 0.05 − 0.02 
Trieres regia − 0.01 0.02 − 0.01 − 0.04 − 0.01 0.08 − 0.01 − 0.01 
Halosphaera viridis − 0.03 0.00 0.04 0.06 0.02 − 0.02 0.06 − 0.07 
Pterosperma moebii − 0.01 0.00 0.01 0.03 0.02 0.00 0.03 − 0.03 
Pterosperma vanhoeffenii 0.00 0.00 0.01 0.01 0.00 0.01 − 0.02 0.00 
Ulva fasciata 0.03 0.00 0.00 0.03 − 0.02 − 0.03 − 0.04 0.02 
Dictyocha fibula − 0.01 − 0.01 0.10 0.08 − 0.02 − 0.03 − 0.02 − 0.14 
Dinobryon balticum 0.00 0.00 0.01 0.01 0.00 0.01 − 0.01 − 0.01 
Octactis speculum − 0.01 − 0.02 0.06 0.06 0.00 − 0.01 0.01 − 0.10 
Hillea fusiformis 0.01 − 0.02 0.03 0.02 0.01 − 0.03 − 0.08 − 0.04 
Leucocryptos marina 0.00 − 0.03 0.01 − 0.01 − 0.04 0.01 0.03 0.00 
Prochlorococcus 0.07 0.03 − 0.05 − 0.06 0.00 − 0.02 − 0.02 − 0.03 
Synechococcus 0.03 − 0.02 0.04 0.00 0.09 − 0.02 0.04 − 0.06 
Trichodesmium erythraeum 0.03 0.00 0.05 0.02 0.07 − 0.01 − 0.04 0.02 
Trichodesmium thiebautii 0.03 0.00 0.05 0.06 0.00 0.02 − 0.02 − 0.01 
Akashiwo sanguinea 0.00 − 0.02 0.01 − 0.01 − 0.03 0.01 0.01 − 0.01 
Alexandrium monilatum 0.02 − 0.04 0.05 0.00 0.02 0.01 − 0.06 0.02 
Amphidinium acutissimum 0.06 − 0.07 − 0.02 0.02 0.06 0.07 0.04 0.04 
Amphidinium carterae 0.00 − 0.01 − 0.02 0.00 0.03 0.05 − 0.04 0.00 
Amphidinium sphenoides 0.00 0.00 0.00 − 0.01 0.02 0.00 − 0.02 0.00 
Amphisolenia bidentata 0.07 − 0.04 0.03 − 0.05 0.07 − 0.01 0.05 0.00 
Amphisolenia bispinosa 0.00 − 0.02 0.01 − 0.01 − 0.03 0.01 0.02 0.00 
Archaeperidinium minutum 0.03 − 0.02 0.02 0.04 − 0.02 0.10 0.06 0.02 
Azadinium caudatum 0.00 0.00 0.00 0.00 0.00 0.01 − 0.01 0.00 
Bitectatodinium spongium 0.04 − 0.03 − 0.04 − 0.04 0.10 0.04 0.04 − 0.06 
Blepharocysta splendor-maris 0.07 0.02 − 0.03 0.10 0.04 0.02 − 0.01 0.00 
Ceratium arcticum − 0.01 0.00 0.01 0.02 0.01 0.01 − 0.04 − 0.01 
Ceratium breve 0.05 − 0.08 0.02 0.03 0.01 0.02 0.00 0.00 
Ceratium contrarium 0.08 0.02 − 0.02 − 0.05 0.00 − 0.02 − 0.01 − 0.06 
Ceratium falcatiforme 0.07 − 0.05 0.02 0.01 − 0.03 0.00 0.02 0.00 
Ceratium falcatum 0.07 − 0.05 0.00 0.02 0.01 0.03 0.03 0.03 
Ceratium gibberum 0.02 − 0.08 − 0.02 0.02 − 0.08 0.01 0.04 0.03 
Ceratium gravidum 0.06 − 0.05 − 0.01 0.09 0.01 0.09 − 0.02 0.03 
Ceratium longirostrum 0.03 − 0.06 − 0.02 0.07 − 0.09 0.05 0.05 0.01 
Ceratium massiliense 0.06 0.00 − 0.07 0.00 − 0.07 0.06 − 0.01 0.00 
Ceratium pavillardii 0.03 0.05 − 0.02 0.03 − 0.01 0.16 0.08 0.02 
Ceratium setaceum 0.07 − 0.02 − 0.05 − 0.05 − 0.01 − 0.02 0.03 − 0.01 
Ceratium symmetricum 0.06 − 0.06 0.03 − 0.05 0.06 − 0.01 0.03 0.05 
Ceratium trichoceros 0.05 − 0.01 − 0.08 − 0.03 − 0.11 0.11 0.03 − 0.03 
Ceratocorys armata 0.04 − 0.07 0.04 0.05 − 0.01 0.06 − 0.05 0.01 
Ceratocorys bipes 0.00 − 0.02 0.01 − 0.01 − 0.03 0.01 0.01 − 0.01 
Ceratocorys horrida 0.07 − 0.08 − 0.01 0.01 0.04 0.00 0.00 0.01 
Ceratocorys reticulata 0.01 − 0.06 0.02 − 0.03 − 0.05 0.01 0.01 0.00 
Ceratoperidinium falcatum 0.07 0.00 − 0.02 0.00 0.06 − 0.03 − 0.03 0.00 
Cladopyxis brachiolata 0.07 0.02 − 0.03 − 0.04 0.06 0.00 0.05 − 0.03 
Cochlodinium pupa 0.00 0.00 0.00 − 0.09 0.06 − 0.01 − 0.03 0.02 
Cochlodinium vinctum 0.00 0.00 0.00 0.00 0.00 0.00 − 0.01 0.00 
Corythodinium tesselatum 0.07 − 0.04 − 0.03 0.05 0.01 0.01 − 0.04 − 0.02 
Dinophysis acuminata − 0.01 − 0.04 0.03 0.01 − 0.02 0.03 0.00 − 0.05 
Dinophysis acuta − 0.01 0.00 0.01 0.02 0.01 0.01 − 0.01 0.00 
Dinophysis apicata 0.00 − 0.02 0.01 − 0.01 − 0.02 0.00 0.03 0.01 
Dinophysis argus 0.05 − 0.07 − 0.02 0.02 − 0.01 0.13 0.05 0.00 
Dinophysis caudata 0.02 − 0.09 0.00 − 0.02 − 0.06 0.02 0.00 − 0.01 
Dinophysis fortii 0.07 0.03 − 0.01 0.09 − 0.01 − 0.05 − 0.05 − 0.05 
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Table A.6 (continued ) 

Species PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 

Dinophysis hastata 0.05 − 0.07 0.01 0.06 − 0.01 0.08 − 0.03 0.01 
Dinophysis norvegica − 0.01 0.00 0.01 0.02 0.01 0.01 − 0.02 − 0.01 
Dinophysis ovum 0.05 0.02 − 0.07 0.08 − 0.05 − 0.05 0.03 0.02 
Dinophysis parvula 0.07 0.03 − 0.04 0.00 − 0.01 − 0.01 0.02 − 0.03 
Dinophysis porodictyum 0.05 − 0.05 − 0.02 0.02 0.08 0.10 − 0.01 0.05 
Dinophysis sacculus 0.04 0.04 − 0.09 0.04 − 0.07 0.11 0.04 − 0.09 
Dinophysis schroederi 0.05 0.07 − 0.08 0.00 − 0.04 − 0.01 0.01 − 0.04 
Dinophysis schuettii 0.07 0.00 − 0.04 − 0.05 − 0.02 − 0.02 0.00 − 0.03 
Dinophysis tripos − 0.01 0.01 − 0.04 0.03 − 0.05 − 0.04 − 0.07 0.04 
Diplopelta asymmetrica 0.00 − 0.05 0.01 − 0.03 − 0.05 0.00 0.03 0.01 
Diplopelta steinii 0.00 − 0.03 0.01 − 0.02 − 0.04 0.01 0.02 0.00 
Diplopsalis lenticula 0.03 0.01 − 0.07 0.10 − 0.06 − 0.01 0.05 0.00 
Diplopsalopsis bomba 0.02 − 0.05 0.04 − 0.03 0.02 0.00 − 0.03 0.02 
Echinidinium delicatum 0.05 − 0.03 − 0.05 − 0.02 0.03 − 0.04 0.03 0.00 
Goniodoma sphaericum 0.06 − 0.03 − 0.03 0.02 0.06 0.10 − 0.01 0.01 
Gonyaulax birostris 0.07 0.02 − 0.02 0.03 0.08 0.02 − 0.02 − 0.04 
Gonyaulax diegensis 0.06 − 0.04 − 0.02 0.11 − 0.03 − 0.01 − 0.04 0.01 
Gonyaulax digitalis 0.07 − 0.04 − 0.02 0.02 0.03 − 0.04 − 0.02 0.05 
Gonyaulax elongata − 0.01 0.00 0.02 0.03 0.00 0.00 − 0.02 − 0.04 
Gonyaulax membranacea 0.07 − 0.03 − 0.03 − 0.03 0.02 − 0.07 0.02 0.06 
Gonyaulax monacantha 0.07 − 0.02 − 0.07 0.01 − 0.03 0.00 0.02 − 0.02 
Gonyaulax pacifica 0.05 − 0.08 0.04 − 0.03 0.04 − 0.01 − 0.01 − 0.02 
Gonyaulax polygramma 0.06 − 0.08 0.01 0.03 0.04 0.07 0.01 0.03 
Gonyaulax scrippsae 0.07 0.04 − 0.04 − 0.04 − 0.03 − 0.01 0.00 − 0.04 
Gonyaulax spinifera 0.06 − 0.01 − 0.02 − 0.03 0.00 − 0.06 0.04 − 0.03 
Gymnodinium agiliforme 0.00 − 0.01 0.01 0.01 0.02 0.03 − 0.06 0.02 
Gymnodinium arcticum − 0.02 0.00 0.02 0.04 0.03 − 0.02 0.07 − 0.05 
Gymnodinium aureolum 0.00 − 0.02 0.00 − 0.01 0.01 0.01 − 0.04 − 0.02 
Gymnodinium catenatum 0.06 0.00 − 0.02 0.00 0.08 − 0.03 − 0.08 − 0.05 
Gymnodinium gracile 0.01 − 0.08 0.02 − 0.03 − 0.05 − 0.02 − 0.01 − 0.03 
Gymnodinium marinum 0.06 0.00 − 0.06 0.08 0.01 − 0.12 − 0.03 0.04 
Gymnodinium simplex 0.03 0.04 − 0.06 0.06 − 0.06 − 0.08 0.04 0.02 
Gymnodinium uberrimum 0.01 0.00 − 0.05 0.11 − 0.02 − 0.01 0.12 − 0.01 
Gymnodinium wulffii − 0.03 0.04 0.03 0.00 − 0.03 − 0.06 0.08 0.03 
Gyrodinium flagellare 0.00 0.00 0.00 0.00 0.00 0.00 − 0.01 0.00 
Gyrodinium fusiforme 0.05 − 0.04 0.02 − 0.04 0.14 0.03 0.06 0.06 
Gyrodinium pingue 0.00 − 0.02 0.04 0.02 0.03 0.01 − 0.05 − 0.03 
Gyrodinium prunus 0.00 0.00 0.00 0.00 0.01 0.00 − 0.01 − 0.01 
Gyrodinium spirale 0.06 0.02 − 0.05 0.04 0.03 0.07 − 0.09 − 0.06 
Gyrodinium wulffii 0.00 − 0.01 0.00 − 0.01 0.01 0.00 − 0.02 0.01 
Heterocapsa niei 0.02 0.00 − 0.02 0.05 − 0.02 0.09 − 0.05 0.01 
Heterocapsa rotundata 0.00 0.01 − 0.01 − 0.05 0.04 0.01 − 0.02 0.00 
Heterocapsa triquetra − 0.01 0.00 0.01 0.02 0.02 − 0.01 0.01 − 0.01 
Heterodinium blackmanii 0.01 − 0.06 0.03 − 0.04 − 0.05 − 0.02 0.01 − 0.03 
Impagidinium aculeatum 0.05 0.00 − 0.03 − 0.04 0.03 − 0.09 0.09 0.02 
Impagidinium patulum 0.05 0.01 − 0.04 − 0.04 0.01 − 0.09 0.07 0.01 
Impagidinium sphaericum 0.04 0.02 − 0.03 − 0.02 0.00 − 0.10 0.12 0.03 
Kapelodinium vestifici − 0.01 − 0.01 0.02 0.03 0.03 0.00 0.03 − 0.02 
Karenia brevis 0.06 0.01 − 0.03 0.09 0.01 0.02 − 0.06 − 0.06 
Karenia mikimotoi 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 
Karlodinium veneficum 0.00 0.00 0.01 0.00 0.01 − 0.01 − 0.02 − 0.01 
Kofoidinium velleloides 0.00 − 0.05 0.00 − 0.04 − 0.04 0.01 0.03 0.00 
Lebessphaera urania 0.00 0.01 0.00 − 0.01 − 0.02 0.02 0.00 0.00 
Lebouridinium glaucum 0.06 0.00 − 0.06 − 0.06 0.10 0.00 0.05 0.00 
Leonella granifera 0.07 0.01 − 0.03 − 0.02 0.09 − 0.02 0.00 − 0.04 
Lingulodinium polyedra 0.07 − 0.02 − 0.04 − 0.05 0.00 − 0.03 0.00 − 0.04 
Mesoporos perforatus 0.01 − 0.01 − 0.01 0.06 − 0.08 − 0.06 − 0.05 0.05 
Neoceratium breve 0.03 − 0.01 − 0.02 0.08 − 0.02 0.00 0.02 0.02 
Neoceratium hexacanthum 0.02 − 0.01 0.02 0.01 0.03 − 0.01 − 0.16 − 0.04 
Ornithocercus heteroporus 0.07 0.05 − 0.02 0.04 0.02 0.00 − 0.02 − 0.06 
Ornithocercus magnificus 0.07 − 0.05 − 0.01 0.00 0.03 − 0.01 0.01 − 0.01 
Ornithocercus quadratus 0.05 − 0.09 − 0.01 0.00 0.05 0.01 0.03 0.03 
Ornithocercus splendidus 0.05 − 0.02 0.00 0.02 0.03 0.15 0.05 0.01 
Ornithocercus steinii 0.03 − 0.06 0.03 0.03 − 0.01 0.06 0.00 0.01 
Ornithocercus thumii 0.04 − 0.08 0.03 − 0.01 0.01 0.08 0.01 − 0.01 
Ornithocercus thurnii 0.06 − 0.05 − 0.03 0.10 0.02 0.01 − 0.04 0.04 
Oxytoxum caudatum 0.06 − 0.06 − 0.07 0.05 − 0.01 − 0.02 0.01 0.05 
Oxytoxum constrictum 0.03 0.01 − 0.12 − 0.06 0.02 0.06 0.02 − 0.01 
Oxytoxum curvatum 0.06 − 0.03 − 0.05 0.10 − 0.03 − 0.07 0.00 0.08 
Oxytoxum elegans 0.07 − 0.03 − 0.04 0.04 − 0.03 0.04 0.04 0.03 
Oxytoxum gracile 0.05 0.01 − 0.10 0.07 0.02 0.03 0.02 − 0.06 
Oxytoxum laticeps 0.04 − 0.05 0.03 0.03 0.11 0.03 − 0.04 0.07 
Oxytoxum longiceps 0.08 − 0.03 0.00 − 0.05 0.06 − 0.03 0.03 − 0.02 
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Table A.6 (continued ) 

Species PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 

Oxytoxum milneri 0.08 0.02 − 0.05 0.00 0.05 − 0.03 0.00 − 0.02 
Oxytoxum parvum 0.07 − 0.01 − 0.03 0.02 0.02 − 0.09 − 0.01 0.00 
Oxytoxum reticulatum 0.04 − 0.05 − 0.06 0.07 − 0.06 − 0.02 0.04 0.05 
Oxytoxum sceptrum 0.06 0.03 − 0.05 0.11 0.01 − 0.01 0.03 0.03 
Oxytoxum scolopax 0.07 0.00 − 0.04 − 0.05 − 0.02 − 0.05 − 0.01 − 0.01 
Oxytoxum sphaeroideum 0.05 − 0.01 − 0.05 − 0.03 − 0.01 − 0.15 − 0.07 0.00 
Oxytoxum tesselatum 0.05 0.06 − 0.06 0.03 − 0.06 − 0.04 0.00 0.00 
Oxytoxum turbo 0.07 0.04 − 0.06 − 0.03 − 0.04 − 0.04 0.05 0.00 
Oxytoxum variabile 0.06 − 0.02 − 0.03 − 0.02 0.01 − 0.10 − 0.02 0.02 
Pentapharsodinium dalei 0.04 − 0.05 − 0.01 − 0.03 0.04 − 0.13 0.02 0.00 
Peridinium breve 0.00 − 0.01 0.05 0.04 − 0.02 − 0.02 − 0.03 − 0.10 
Phalacroma doryphorum 0.06 − 0.03 0.00 0.09 0.03 0.05 − 0.02 0.02 
Phalacroma favus 0.06 − 0.05 − 0.03 0.10 − 0.02 − 0.04 − 0.05 0.05 
Phalacroma lens 0.04 − 0.04 0.04 − 0.04 − 0.09 − 0.06 0.04 0.01 
Phalacroma mitra 0.07 0.00 0.00 0.10 0.04 0.00 − 0.07 0.02 
Phalacroma oxytoxoides 0.01 − 0.04 0.03 0.01 − 0.06 0.02 − 0.01 − 0.03 
Phalacroma rapa 0.03 − 0.07 0.03 0.00 − 0.02 0.02 0.00 0.03 
Phalacroma rotundatum 0.01 0.01 − 0.02 0.17 − 0.06 − 0.05 − 0.01 0.02 
Podolampas bipes 0.05 − 0.08 0.03 − 0.02 0.01 0.01 0.00 − 0.03 
Podolampas elegans 0.07 0.00 − 0.04 − 0.06 − 0.01 0.01 0.03 − 0.05 
Podolampas palmipes 0.07 − 0.02 − 0.04 − 0.03 − 0.05 − 0.04 0.05 0.00 
Podolampas spinifera 0.07 0.00 − 0.03 − 0.06 − 0.01 − 0.03 0.01 − 0.04 
Polykrikos schwartzii − 0.01 − 0.01 0.00 0.01 0.01 0.02 − 0.04 0.03 
Preperidinium meunieri 0.03 − 0.06 0.03 0.06 − 0.01 0.02 0.06 0.02 
Pronoctiluca pelagica 0.07 − 0.04 − 0.02 0.02 − 0.02 − 0.05 − 0.01 0.02 
Pronoctiluca spinifera 0.07 0.00 − 0.02 0.11 0.01 0.01 − 0.02 0.00 
Prorocentrum arcuatum 0.01 − 0.03 0.03 0.01 0.00 0.03 − 0.04 − 0.02 
Prorocentrum balticum 0.06 0.00 0.04 0.05 0.11 − 0.03 0.07 − 0.08 
Prorocentrum cordatum 0.03 − 0.02 0.03 0.07 0.07 − 0.04 0.05 0.07 
Prorocentrum dentatum 0.07 0.01 − 0.03 − 0.01 − 0.02 − 0.05 − 0.04 0.00 
Prorocentrum gracile 0.04 − 0.08 0.04 0.01 0.01 0.04 − 0.03 − 0.01 
Prorocentrum lima 0.06 0.00 − 0.03 − 0.03 − 0.01 − 0.06 0.08 − 0.01 
Prorocentrum mexicanum 0.08 − 0.01 0.02 − 0.06 0.09 0.02 0.05 − 0.03 
Prorocentrum micans 0.07 − 0.06 − 0.01 0.00 0.04 − 0.01 0.00 0.01 
Prorocentrum rostratum 0.08 − 0.02 − 0.04 − 0.01 0.02 − 0.07 − 0.01 − 0.01 
Prorocentrum scutellum 0.06 0.05 − 0.05 − 0.04 − 0.03 − 0.02 − 0.06 − 0.04 
Prorocentrum triestinum 0.06 0.02 0.05 0.07 0.01 0.07 − 0.01 − 0.03 
Protoceratium reticulatum 0.05 − 0.01 − 0.02 0.00 0.05 − 0.11 0.05 − 0.01 
Protoperidinium abei 0.07 − 0.04 0.00 0.05 − 0.02 − 0.10 − 0.04 0.08 
Protoperidinium americanum 0.02 − 0.04 0.00 − 0.08 0.02 − 0.03 0.00 − 0.03 
Protoperidinium bipes − 0.02 − 0.01 0.08 0.07 0.10 − 0.03 0.05 0.01 
Protoperidinium brevipes − 0.01 0.01 0.02 0.09 0.02 − 0.06 0.12 0.06 
Protoperidinium brochii 0.06 − 0.08 0.01 0.02 − 0.01 − 0.05 − 0.03 0.01 
Protoperidinium cerasus 0.04 0.03 0.06 0.08 0.03 − 0.07 − 0.03 − 0.08 
Protoperidinium claudicans 0.01 − 0.05 0.04 0.00 − 0.05 0.00 − 0.04 − 0.05 
Protoperidinium conicoides 0.00 − 0.02 0.02 0.01 − 0.02 0.01 0.00 − 0.03 
Protoperidinium crassipes 0.02 − 0.07 0.05 − 0.01 − 0.07 − 0.01 − 0.03 − 0.06 
Protoperidinium curtipes 0.01 − 0.05 0.00 0.02 − 0.06 0.04 − 0.02 − 0.01 
Protoperidinium defectum − 0.01 0.00 0.02 0.04 0.03 − 0.02 0.08 − 0.05 
Protoperidinium depressum 0.00 − 0.08 0.01 − 0.02 − 0.03 0.02 0.01 − 0.05 
Protoperidinium diabolus 0.01 − 0.06 − 0.03 0.02 − 0.10 0.03 0.04 0.04 
Protoperidinium divergens 0.05 − 0.09 0.02 0.03 − 0.01 0.01 0.00 0.06 
Protoperidinium elegans 0.05 − 0.09 − 0.01 0.05 − 0.01 − 0.02 − 0.01 0.02 
Protoperidinium excentricum 0.00 − 0.03 0.01 − 0.02 − 0.04 0.01 0.02 0.00 
Protoperidinium fatulipes 0.00 − 0.04 0.01 − 0.02 − 0.05 0.01 0.02 0.00 
Protoperidinium grahamii 0.00 − 0.02 0.01 0.00 − 0.02 0.01 0.01 − 0.01 
Protoperidinium grande 0.03 − 0.10 0.01 − 0.04 − 0.01 − 0.02 − 0.02 0.01 
Protoperidinium granii 0.03 − 0.05 0.04 0.05 − 0.05 0.04 − 0.02 − 0.02 
Protoperidinium latidorsale 0.07 − 0.01 − 0.01 − 0.08 0.05 0.00 0.04 − 0.02 
Protoperidinium latispinum 0.03 − 0.01 0.05 0.01 0.05 − 0.07 − 0.08 0.05 
Protoperidinium leonis 0.03 − 0.06 0.03 0.01 0.00 0.08 − 0.02 0.01 
Protoperidinium longipes 0.02 − 0.08 0.02 − 0.03 − 0.03 0.02 0.00 0.01 
Protoperidinium longispinum 0.00 − 0.01 0.01 − 0.01 − 0.02 0.01 0.01 0.00 
Protoperidinium mediterraneum 0.07 0.03 − 0.03 0.02 0.02 0.00 − 0.02 − 0.06 
Protoperidinium mendiolae 0.00 − 0.01 0.00 0.00 − 0.02 0.01 0.01 0.00 
Protoperidinium mite 0.04 0.01 0.04 0.06 0.04 0.12 − 0.05 0.02 
Protoperidinium oblongum 0.00 − 0.03 0.01 − 0.01 − 0.04 0.02 0.01 − 0.01 
Protoperidinium obtusum 0.01 − 0.03 0.02 0.00 − 0.04 0.01 0.00 − 0.02 
Protoperidinium oceanicum 0.01 − 0.06 0.02 − 0.02 − 0.06 0.00 0.01 − 0.01 
Protoperidinium ovatum 0.00 0.00 0.00 0.00 0.00 0.01 − 0.01 0.00 
Protoperidinium ovum 0.07 − 0.02 − 0.02 0.06 − 0.01 0.00 − 0.07 − 0.03 
Protoperidinium pallidum 0.00 − 0.03 0.02 − 0.01 − 0.03 0.02 0.00 − 0.02 

(continued on next page) 

U. Hofmann Elizondo et al.                                                                                                                                                                                                                   



Progress in Oceanography 194 (2021) 102530

26

Table A.6 (continued ) 

Species PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 

Protoperidinium pedunculatum 0.05 − 0.08 0.00 0.02 − 0.01 − 0.04 − 0.05 0.02 
Protoperidinium pellucidum 0.00 − 0.04 0.03 0.00 − 0.05 0.03 − 0.02 − 0.04 
Protoperidinium pentagonum 0.00 − 0.06 0.02 − 0.03 − 0.04 0.02 0.00 − 0.02 
Protoperidinium peruvianum 0.00 0.00 0.00 0.00 − 0.01 0.01 0.00 0.00 
Protoperidinium punctulatum 0.08 0.01 − 0.01 0.00 0.02 − 0.05 − 0.02 − 0.05 
Protoperidinium pyriforme 0.06 − 0.05 0.00 0.09 − 0.01 0.02 − 0.05 0.01 
Protoperidinium pyrum 0.00 − 0.04 0.02 − 0.02 − 0.05 0.01 0.01 − 0.01 
Protoperidinium quarnerense 0.06 − 0.09 0.00 0.04 0.01 − 0.03 0.02 0.00 
Protoperidinium steinii 0.03 − 0.08 0.02 0.02 − 0.04 0.03 − 0.01 0.02 
Protoperidinium stellatum 0.02 − 0.02 − 0.04 − 0.01 − 0.04 − 0.02 0.03 − 0.06 
Protoperidinium subinerme 0.00 − 0.04 0.02 − 0.02 − 0.06 0.00 0.01 − 0.03 
Protoperidinium tenuissimum 0.00 − 0.05 0.01 − 0.03 − 0.05 0.01 0.03 0.01 
Protoperidinium tristylum 0.00 − 0.04 0.01 − 0.03 − 0.05 0.01 0.03 0.01 
Protoperidinium tuba 0.07 − 0.02 − 0.04 0.04 0.01 0.05 0.00 − 0.04 
Protoperidinium venustum 0.01 − 0.02 0.02 0.02 − 0.01 0.01 − 0.05 − 0.01 
Ptychodiscus noctiluca 0.00 − 0.03 0.00 − 0.03 − 0.01 0.02 − 0.02 0.02 
Pyrocystis elegans 0.00 − 0.03 0.01 − 0.02 − 0.05 0.01 0.02 − 0.01 
Pyrocystis fusiformis 0.02 − 0.09 0.01 − 0.07 − 0.02 − 0.03 0.00 − 0.01 
Pyrocystis hamulus 0.06 0.00 0.00 0.03 0.04 0.07 0.00 − 0.01 
Pyrocystis lunula 0.05 − 0.04 0.03 0.06 0.04 0.04 − 0.10 0.01 
Pyrocystis robusta 0.06 − 0.03 0.07 − 0.02 0.07 − 0.04 − 0.02 0.09 
Pyrophacus horologium 0.06 − 0.08 0.02 0.05 0.00 0.07 − 0.03 0.02 
Pyrophacus steinii 0.06 − 0.09 0.02 0.00 0.06 0.03 − 0.01 0.03 
Pyrophacus vancampoae 0.06 − 0.07 − 0.05 0.09 − 0.01 0.00 − 0.05 0.03 
Schuettiella mitra 0.02 − 0.08 0.03 − 0.04 − 0.02 0.01 0.00 − 0.02 
Scrippsiella acuminata 0.00 − 0.05 0.02 0.00 − 0.05 0.03 − 0.01 − 0.03 
Scrippsiella regalis 0.06 0.06 − 0.02 − 0.09 0.04 − 0.01 0.04 − 0.02 
Spiniferites pachydermus 0.05 − 0.05 − 0.08 0.07 − 0.01 0.01 0.00 − 0.05 
Spiraulax kofoidii 0.06 − 0.09 0.03 − 0.02 0.05 − 0.03 − 0.06 − 0.02 
Thoracosphaera heimii 0.07 0.01 − 0.03 − 0.05 0.06 − 0.01 0.01 − 0.07 
Torodinium robustum 0.01 0.00 0.03 − 0.04 0.10 − 0.02 − 0.05 0.04 
Triadinium polyedricum 0.05 − 0.08 − 0.04 0.04 − 0.02 0.05 0.05 0.05 
Trinovantidinium applanatum 0.06 0.00 − 0.05 − 0.06 0.03 − 0.05 0.01 0.02 
Tripos azoricus − 0.01 − 0.04 0.00 − 0.02 − 0.06 0.00 − 0.01 0.03 
Tripos balechii 0.03 0.00 0.04 0.04 0.08 0.01 − 0.06 0.04 
Tripos belone 0.07 − 0.02 − 0.02 − 0.03 0.00 0.01 0.01 − 0.02 
Tripos bigelowii 0.00 − 0.01 0.00 0.00 − 0.03 0.00 0.00 − 0.01 
Tripos bucephalus − 0.01 0.00 − 0.01 0.01 0.00 0.01 − 0.04 0.04 
Tripos buceros 0.02 − 0.05 − 0.02 0.03 − 0.10 0.00 0.08 0.03 
Tripos candelabrum 0.05 − 0.06 − 0.09 0.05 − 0.09 0.01 − 0.02 − 0.01 
Tripos carnegiei 0.00 − 0.01 0.01 − 0.01 − 0.02 0.01 0.01 0.00 
Tripos carriensis 0.07 − 0.01 − 0.04 − 0.03 − 0.01 0.02 − 0.01 0.00 
Tripos compressus 0.00 0.00 0.00 0.00 0.00 0.01 − 0.01 0.02 
Tripos concilians 0.05 − 0.05 − 0.06 0.00 0.00 0.08 0.09 0.03 
Tripos contortus 0.07 − 0.07 0.01 0.03 0.01 0.02 0.00 0.02 
Tripos declinatus 0.07 − 0.01 − 0.02 0.03 − 0.04 − 0.01 − 0.06 − 0.01 
Tripos deflexus 0.06 − 0.05 0.08 − 0.03 0.05 − 0.02 0.00 0.07 
Tripos dens 0.00 − 0.05 0.01 − 0.03 − 0.05 0.01 0.03 0.01 
Tripos digitatus 0.01 − 0.02 0.02 0.00 0.00 0.03 − 0.02 0.00 
Tripos euarcuatus 0.06 − 0.08 0.02 0.05 0.02 0.06 − 0.03 0.01 
Tripos eugrammus 0.00 − 0.05 0.01 − 0.03 − 0.06 0.00 0.02 0.00 
Tripos extensus 0.05 0.01 − 0.03 − 0.08 − 0.06 0.00 − 0.06 0.01 
Tripos geniculatus 0.00 − 0.03 0.01 − 0.02 − 0.03 0.00 0.01 0.00 
Tripos gravidus 0.01 − 0.06 0.02 − 0.04 − 0.06 0.00 0.04 0.01 
Tripos hexacanthus 0.00 − 0.05 − 0.06 − 0.03 − 0.07 0.01 0.01 0.06 
Tripos incisus 0.01 − 0.06 0.01 − 0.03 − 0.06 − 0.01 0.02 − 0.01 
Tripos inflatus 0.04 − 0.08 0.04 0.00 0.03 0.00 − 0.06 0.02 
Tripos karstenii 0.07 0.05 − 0.04 0.01 − 0.01 0.03 0.01 − 0.03 
Tripos kofoidii 0.07 − 0.06 0.00 0.02 0.01 − 0.01 0.00 0.01 
Tripos lamellicornis − 0.01 0.00 − 0.01 0.00 0.00 0.02 − 0.03 0.03 
Tripos limulus 0.03 − 0.07 0.04 − 0.01 − 0.03 0.06 0.00 − 0.01 
Tripos lunula 0.01 − 0.08 0.00 − 0.05 − 0.06 − 0.01 0.02 − 0.02 
Tripos massiliensis 0.04 0.03 − 0.07 − 0.02 0.07 0.04 − 0.01 0.04 
Tripos minutus − 0.01 − 0.01 0.00 0.00 0.01 0.03 − 0.05 0.03 
Tripos paradoxides 0.03 − 0.07 0.03 − 0.05 0.04 0.02 0.01 0.02 
Tripos pentagonus 0.06 − 0.02 0.00 − 0.02 − 0.02 − 0.01 0.01 − 0.10 
Tripos platycornis − 0.01 − 0.01 0.00 − 0.01 0.00 0.03 − 0.02 0.02 
Tripos pulchellus 0.08 − 0.04 0.00 0.01 − 0.01 0.00 0.04 0.03 
Tripos ranipes 0.02 − 0.07 − 0.02 − 0.06 − 0.05 0.04 0.04 − 0.06 
Tripos strictus 0.00 − 0.06 0.01 − 0.04 − 0.06 0.00 0.04 0.01 
Tripos teres 0.06 0.05 − 0.05 − 0.04 − 0.02 − 0.01 − 0.05 − 0.05 
Tripos trichoceros 0.05 0.06 − 0.06 − 0.03 0.05 0.03 0.02 0.04 
Tripos vultur 0.05 − 0.09 0.01 0.02 − 0.01 0.06 0.01 0.04 

(continued on next page) 
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A.5. Uncertainty in species’ presence projections due to algorithm choice and effects of algorithm choice on biome boundaries 

We tested to what degree uncertainty in species’ geographic distributions predicted by SDMs translates into uncertainties in our biome boundaries. 
Particularly, we explored the effect of algorithm choice at the level of SDMs on resulting biome boundaries. This test is relevant, as algorithm choice 
has been identified as a major source of uncertainty (around 73%) in SDM projections (Buisson et al., 2010; Benedetti et al., 2018, and references 
therein). Species presence patterns were originally projected in Righetti et al. (2019a) using three algorithms of increasing statistical response shape 
complexity (Merow et al., 2014), i.e. Generalized Linear Models (GLMs), Generalized Additive Models (GAMs), and Random Forests (RFs), which 
delineate species’ distributions with less or more flexibility. Simpler models (e.g. GLMs, GAMs) with reduced statistical response complexity and few 
predictors are generally able to perform better under data sparseness than complex ones (e.g. RFs; Merow et al., 2014). We compared differences 
between algorithms as follows: (1) we characterized how species’ richness projected by GLMs, and RFs, differed from the richness projected by GAMs. 
We calculate absolute richness differences, normalized to the richness predicted by the GAM-approach, at monthly 1◦ resolution, and we show the 
annual median pattern of the twelve months (e.g. 0.5 indicates that half of the local species richness is now missing, or half of the previously absent 
richness is now projected as present). (2) Similar to other application of self-organizing maps (Weber et al., 2010), we use our trained self-organizing 
map to predict the cluster association of the presence-absence patterns from GLM and RF projections. We expected results in comparisons between 
GLMs and GAMs to be more similar than those between GAMs and RFs, since the former two algorithms are statistically more similar to each other 
than the other two. 

We chose the GAM as the basis for our biome partitioning given its intermediate statistical response shape complexity relative to GLM and RF 
(Merow et al., 2014). We find that species’ presences projected by GLMs and RFs (Fig. A.11) both differ the least from GAM-projections in the tropics, 
and the most in mid latitude regions of both hemispheres. Regions of small/large differences in presence projections of GLMs and RFs relative to GAMs 
are closely associated with regions of low/high species turnover and regions of high/low species richness. This shows that models agree more closely 
where species patterns are stable throughout the year and predicted species richness is higher (compare to Fig. 1 A, and B in Righetti et al., 2019a). 
Within the tropics, including the equatorial Pacific (Fig. A.11B) and the equatorial Atlantic region (Fig. A.11B), we also observe regions of relatively 
larger differences between presence projections of GLMs and RFs relative to those of GAM-projections. 

Analyzed by latitude (Fig. A.12), richness differences of GML and RF relative to GAM projections are both largest between 40◦S and 50◦S. For the 
Northern Hemisphere, we find a similar peak around 40◦N in differences between the projections, but with smaller magnitude than in the Southern 
Hemisphere. Overall, the latitudinal patterns of differences in species richness projections coincide with latitudinal pattern of species’ temporal 
(month-to-month) turnover reported previously (Righetti et al., 2019a). Thus, we would expect that the geographic location of biomes is most 
sensitive to algorithmn choice at around 40◦ in both hemispheres, and around the equatorial Pacific region. 

We tested whether uncertainties in species’ projections translate into uncertainties in biome boundaries, at the suspected locations as mentioned 
above. The annual biomes based on presence patterns projected by GLMs, GAMs, and RFs are shown in Fig. A.13A, B, and C, respectively. We 

Table A.6 (continued ) 

Species PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 

Tryblionella compressa 0.06 − 0.01 0.02 − 0.02 0.12 − 0.01 0.01 0.00 
Eutreptiella gymnastica 0.00 − 0.02 0.01 − 0.01 − 0.03 0.01 0.02 0.00 
Acanthoica acanthifera 0.02 − 0.01 − 0.01 0.03 − 0.02 − 0.03 0.02 0.02 
Algirosphaera robusta 0.04 − 0.03 − 0.04 0.01 0.03 − 0.11 − 0.08 − 0.05 
Calciopappus rigidus 0.03 − 0.04 − 0.03 − 0.02 0.04 − 0.16 − 0.12 − 0.06 
Calciosolenia brasiliensis 0.01 − 0.08 − 0.03 − 0.04 − 0.04 − 0.02 0.01 − 0.05 
Calciosolenia granii 0.00 − 0.02 0.00 − 0.01 − 0.03 0.00 0.01 0.00 
Calciosolenia murrayi 0.03 − 0.06 − 0.04 0.05 − 0.07 − 0.02 0.03 − 0.05 
Coronosphaera mediterranea 0.01 0.00 − 0.07 0.06 − 0.02 − 0.02 − 0.01 − 0.02 
Discosphaera tubifera 0.07 0.03 − 0.04 0.00 0.00 − 0.06 0.01 − 0.01 
Florisphaera profunda 0.05 − 0.05 − 0.07 − 0.01 0.04 − 0.09 0.04 0.02 
Gephyrocapsa caribbeanica 0.01 0.03 − 0.07 0.06 − 0.06 0.00 0.02 − 0.01 
Gephyrocapsa ericsonii 0.03 0.01 − 0.09 0.08 − 0.03 − 0.08 0.04 0.00 
Gephyrocapsa muellerae 0.01 − 0.04 − 0.07 0.04 − 0.06 − 0.09 − 0.02 0.00 
Gladiolithus flabellatus 0.07 − 0.03 − 0.05 0.06 0.02 − 0.06 0.01 0.07 
Hayaster perplexus 0.07 − 0.04 − 0.06 − 0.02 0.08 0.00 0.05 0.06 
Helladosphaera cornifera 0.06 0.00 − 0.06 0.10 0.02 − 0.01 − 0.02 0.09 
Michaelsarsia adriatica 0.04 − 0.07 − 0.03 0.06 − 0.06 − 0.02 0.03 0.01 
Michaelsarsia elegans 0.04 − 0.06 0.01 − 0.05 0.09 − 0.08 0.00 0.02 
Oolithotus fragilis 0.03 − 0.02 − 0.12 0.04 − 0.02 0.03 0.02 − 0.10 
Ophiaster hydroideus 0.00 − 0.04 0.01 − 0.01 − 0.04 0.02 0.01 0.01 
Phaeocystis antarctica − 0.02 0.00 0.02 0.04 0.04 − 0.02 0.09 − 0.05 
Phaeocystis pouchetii − 0.02 0.00 0.01 0.02 0.00 0.02 − 0.06 0.03 
Reticulofenestra sessilis 0.06 − 0.01 − 0.06 0.10 0.00 − 0.03 0.05 0.04 
Rhabdolithes claviger 0.03 0.05 − 0.12 − 0.04 0.05 0.11 − 0.03 − 0.04 
Rhabdosphaera hispida 0.01 0.01 − 0.02 0.01 0.03 0.01 0.02 0.00 
Rhabdosphaera xiphos 0.03 − 0.01 − 0.04 0.10 − 0.02 − 0.06 − 0.04 0.00 
Syracosphaera molischii 0.03 0.00 − 0.02 0.08 0.00 − 0.05 − 0.16 0.05 
Syracosphaera nodosa 0.06 − 0.01 − 0.10 0.04 0.01 − 0.01 0.02 − 0.08 
Syracosphaera prolongata 0.04 0.06 − 0.03 − 0.02 0.01 − 0.01 − 0.02 − 0.06 
Umbellosphaera irregularis 0.07 0.06 − 0.07 − 0.01 0.03 − 0.01 0.02 − 0.04 
Umbellosphaera tenuis 0.06 − 0.01 − 0.08 0.01 0.00 − 0.05 0.02 0.02 
Umbilicosphaera hulburtiana 0.06 0.01 − 0.07 0.08 0.01 − 0.07 − 0.03 0.00 
Umbilicosphaera sibogae 0.06 0.04 − 0.04 − 0.04 − 0.02 − 0.02 − 0.06 − 0.05  
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quantified the spatio-temporal agreement between sets of biomes at monthly pairwise-comparative resolution using the Kappa index (Cohen, 1960; 
Landis and Koch, 1977). This index quantifies the pixel-wise, and area weighted agreement in the locations of the biomes at monthly scales, with a 
Kappa index above 0.7 suggesting a very good agreement between patterns, and above 0.85 suggesting excellent agreement. The mean (± standard 
deviation) Kappa index across all 12 months for the comparison between GLM and GAM derived biomes was 0.81 ± 0.14 with a minimum of 0.58 
(February) and a maximum of 0.97 (September). For RF compared to GAM, the average Kappa index was 0.76 ± 0.20 with a minimum of 0.39 
(January) and a maximum of 0.95 (August). Overall, the agreement between both GLM- and GAM-based biomes, and RF- and GAM-based biomes was 
very good. As expected, GLM- and GAM-derived biome patterns were more consistent than RF- vs GAM-derived biome patterns. GLM- and GAM- 
derived biomes overlapped across 70 ± 8% of the global surface ocean when considering all months together (Fig. A.13D), and RF- and GAM- 
derived biomes across 64 ± 12% of the global surface ocean area (Fig. A.13E). Differences between the biome patterns based on algorithm emerge 
mainly in the Southern Hemisphere at around 40◦, and around the equatorial Pacific region (Fig. A.13D, E). We conclude that our biomes are largely 
robust to uncertainty in species presence patterns induced by algorithm choice, yet the exact geographical location of the biome boundaries was less 
certain at around 40◦ in both hemispheres, and in the equatorial Pacific. 

Fig. A.11. A shows the median fraction of spe-
cies presence differences between the species 
presence projected using General Linear Models 
(GLMs) relative to those projected using GAMs. B 
compares Random Forests (RFs) to GAMs. Values 
represent monthly median fraction of species 
presence differences normalized by the local 
(pixel-wise) monthly species richness projected 
using General Additive Models (GAMs). For 
instance, 0.5 indicates that half of the local spe-
cies richness is either missing or previously ab-
sent species are now projected as present. We 
show in red the contour line for 0.5 median 
fraction of species, and in magenta the contour 
line for 1 median fraction of species. The median 
fraction of species presence differences was 
calculated for each 1◦-pixel and across all twelve 
month.   
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A.6. Uncertainty in species’ presence projections due to variable choice 

To visualize the uncertainty in presence projections induced by predictor variable choice, we mapped the projection error calculated as the 
standard deviation of the presence projections of all ensemble members (occurring within individual species) averaged across all 536 species, at 
monthly 1◦ × 1◦ resolution (Fig. A.14). For species with five ensemble members, the maximum value that this uncertainty measure reaches is 0.49, 

Fig. A.12. A shows the latitudinal gradients of 
the median fraction of species presence differ-
ences between the species presence projected 
using General Linear Models (GLMs) relative to 
those projected using GAMs. B shows the same as 
A but for Random Forests (RFs) instead of GLMs. 
The black dots show the amplitude of the median 
fraction of species presence differences relative 
to the local species richness projected using 
GAMs across all months. The red line shows the 
median of all black dots at each latitude. The 
magenta line shows the global median. Lat-
itudinal gradients of monthly median fraction of 
species presence differences normalized by the 
local (pixel-wise), monthly species richness pro-
jected using General Additive Models (GAMs). 
For instance, 0.5 indicates that half of the local 
species richness is either missing or previously 
absent species are now projected as present.   

Fig. A.13. Similarity of biomes obtained from species presence distribution patterns projected by General Linear Models (GLMs), General Additive Models (GAMs), 
and Random Forests (RFs). Similarity is shown as the mean and standard deviation (s.d.) of the twelve monthly pair-wise comparisons of the year. A, B, and C show 
the annual biomes obtained by our trained self-organizing map with species presence patterns predicted by GLM, GAMs, and RFs, respectively. D shows in color 
where annual biomes using GLM-predictions overlap with the biomes using GAM-predictions. E compares the RF-predictions to GLM-predictions. 
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which indicates that two out of five (or three out of five) ensemble members project a presence and the remaining members an absence, on average 
across species. 

Analyzed by latitude, predictor based uncertainty is highest around the equator, with a maximum value of 0.13 at 5◦S. At the resolution of 1◦

longitude bands, the uncertainty reaches local minima of 0.05, and 0.06 at 60◦ in the Northern Hemisphere, and at 42◦ in the Southern Hemisphere, 
respectively. Longitudinally, the predictor based uncertainty is lowest in the Western Pacific (0.07) and highest in the Eastern Pacific (0.12). At the 
biome scale, the MTR (0.14 ± 0.01) and PEU (0.14 ± 0.02) biomes are associated with the largest predictor induced uncertainty in species’ presence 
projections (Table A.7), followed by the seasonally alternating subtropical biomes (0.13 ± 0.02 and 0.13 ± 0.01 for the WIS, and SUS biome). The 
smallest uncertainty is found in the high latitudes, i.e. in the HIL biome (0.07 ± 0.03). Thus, contrary to the uncertainty analyzed as a function of 
algorithm choice (A.5), we find that variable induced uncertainty (at the level of individual species projection) is weakest between 45◦ and 60◦ North 
and South, and generally enhanced between 35◦ North and 35◦ South. Yet, a similar feature of uncertainty, as found for algorithm based uncertainty, is 
found in the equatorial Pacific. 

A.7. Monthly biome area 

Table A.8. 

Fig. A.14. Projection error calculated as the standard deviation of the presence projections of species’ ensemble members (GAMs) averaged across 536 species. 
Panels to the right and bottom show the latitudinal and longitudinal patterns of this uncertainty measure on the right, and below the global map, respectively. The 
analysis was performed at monthly 1◦ resolution, showing the annual mean of the twelve months. 

Table A.7 
Monthly means and standard deviations of variable-induced uncertainty in species’ presence projections across the 1◦ pixels per 
biome. The following abbreviations were used: TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS for WInter Subtropical 
biome; SUS for SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and TRopical biome; PEU for 
Pacific Equatorial Upwelling biome; SMN for Seasonal MoNsoon.  

Biome Uncertainty 

TRP 0.11 ± 0.03  
HIL 0.07 ± 0.03  
WIS 0.13 ± 0.02  
SUS 0.13 ± 0.01  
HIT 0.11 ± 0.03  
MTR 0.14 ± 0.01  
PEU 0.14 ± 0.02  
SMN 0.12 ± 0.02   
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A.8. Number of species found per biome 

Tables A.9–A.12. 

Table A.8 
Relative area coverage of biomes at the monthly scale of analysis. Biomes are sorted according to their mean area coverage across months where the biome is present. 
Note that the Southern Hemisphere was shifted by six months. The following abbreviations were used: TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS for 
WInter Subtropical biome; SUS for SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and Tropical biome; PEU for Pacific 
Equatorial Upwelling biome; SMN for Seasonal MoNsoon. Also included is the ninth biome (9), which is only present for four months throughout the year and is absent 
in both the seasonal and annual scale.  

Month (1) TRP (2) HIL (3) WIS (4) SUS (5) HIT (6) MTR (7) PEU (8) SMN (9) - 

1 6.5 24.4 35.2 0.0 14.4 10.0 4.7 2.5 2.3 
2 11.0 29.9 27.2 0.0 15.6 9.6 4.4 1.5 0.7 
3 23.5 30.9 14.4 0.0 16.4 9.2 4.4 1.3 0.0 
4 30.5 29.0 3.6 9.8 13.5 8.5 4.1 1.0 0.0 
5 32.2 27.0 0.6 20.4 7.3 6.9 4.4 1.1 0.0 
6 33.3 24.9 0.0 23.4 5.9 7.3 4.7 0.5 0.0 
7 37.8 25.3 0.0 19.7 4.6 6.4 4.1 1.5 0.6 
8 41.8 26.1 0.0 14.2 4.5 8.1 4.3 1.0 0.0 
9 43.0 27.2 3.3 10.8 4.8 7.1 3.9 0.0 0.0 
10 32.2 21.3 23.0 3.6 7.1 9.1 3.8 0.0 0.0 
11 20.4 20.1 33.3 0.0 10.7 10.5 5.0 0.0 0.0 
12 9.2 18.2 38.6 0.0 14.3 12.7 5.0 0.7 1.3  

Table A.9 
Total number of species found in our biomes, integrating the species’ projected present across the months per biome. Note that the Southern Hemisphere was shifted by 
six months. The following abbreviations were used: TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS for WInter Subtropical biome; SUS for SUmmer 
Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and Tropical biome; PEU for Pacific Equatorial Upwelling biome; SMN for Seasonal 
MoNsoon. Also included is the ninth biome (9), which is only present for four months throughout the year and is absent in both the seasonal and annual scale.  

Month TRP HIL WIS SUS HIT MTR PEU SMN (9) - 

1 478 351 456 NaN 490 511 478 396 450 
2 494 402 498 NaN 509 515 482 412 426 
3 511 398 459 NaN 505 495 495 395 NaN 
4 513 451 431 487 481 502 496 342 NaN 
5 515 472 384 499 483 473 482 371 NaN 
6 513 493 NaN 513 465 502 489 374 NaN 
7 516 497 NaN 513 446 508 476 466 391 
8 510 514 NaN 511 492 512 482 404 NaN 
9 515 507 424 507 477 512 474 NaN NaN 
10 505 439 475 349 504 507 464 NaN NaN 
11 498 375 462 NaN 484 502 470 NaN NaN 
12 508 354 490 NaN 484 505 469 334 461  

Table A.10 
Total number of Dinoflagellata species found in our biomes, integrating the species’ projected present across the months per biome. Note that the Southern Hemisphere 
was shifted by six months. The following abbreviations were used: TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS for WInter Subtropical biome; SUS for 
SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and Tropical biome; PEU for Pacific Equatorial Upwelling biome; SMN for 
Seasonal MoNsoon. Also included is the ninth biome (9), which is only present for four months throughout the year and is absent in both the seasonal and annual scale.  

Month TRP HIL WIS SUS HIT MTR PEU SMN (9) - 

1 232 130 218 NaN 239 248 235 182 218 
2 240 165 241 NaN 250 252 239 189 208 
3 249 164 217 NaN 246 244 245 178 NaN 
4 253 196 205 243 232 249 249 149 NaN 
5 252 214 178 249 239 239 239 173 NaN 
6 251 232 NaN 252 226 247 243 172 NaN 
7 253 230 NaN 252 222 249 238 226 185 
8 247 243 NaN 252 239 253 241 189 NaN 
9 249 241 195 249 234 250 239 NaN NaN 
10 248 189 232 179 243 249 237 NaN NaN 
11 243 151 224 NaN 236 246 236 NaN NaN 
12 249 137 236 NaN 234 242 232 157 227  

Table A.11 
Total number of Bacillariophyceae species found in our biomes, integrating the species’ projected present across the months per biome. Note that the Southern 
Hemisphere was shifted by six months. The following abbreviations were used: TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS for WInter Subtropical 
biome; SUS for SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and Tropical biome; PEU for Pacific Equatorial Upwelling 
biome; SMN for Seasonal MoNsoon. Also included is the ninth biome (9), which is only present for four months throughout the year and is absent in both the seasonal 
and annual scale.  

Month TRP HIL WIS SUS HIT MTR PEU SMN (9) - 

1 206 197 200 NaN 214 220 204 185 194 
2 212 211 214 NaN 221 219 203 189 182 

(continued on next page) 
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A.9. Seasonal changes in biomes 

To characterize the seasonal distribution of our biomes relative to their annual distribution, we compared each 1◦ × 1◦ pixel in the seasonal scale of 
distribution to the annual distribution. For pixels where the associated biome was not equal, we assigned a missing value, and we calculated the total 
missing area per season (Fig. A.15). This analysis showed that the largest seasonal changes relative to the annual distributions are found in the 

Table A.11 (continued ) 

Month TRP HIL WIS SUS HIT MTR PEU SMN (9) - 

3 218 203 201 NaN 217 209 207 185 NaN 
4 216 218 188 201 208 212 205 160 NaN 
5 218 218 174 209 203 196 201 164 NaN 
6 219 220 NaN 216 196 213 203 175 NaN 
7 218 224 NaN 216 184 215 198 203 180 
8 218 227 NaN 215 210 215 198 183 NaN 
9 222 226 190 215 203 218 194 NaN NaN 
10 216 218 203 138 221 214 188 NaN NaN 
11 213 197 201 NaN 214 215 193 NaN NaN 
12 215 195 212 NaN 215 219 201 158 199  

Table A.12 
Total number of Haptophyta species found in our biomes, integrating the species’ projected present across the months per biome. Note that the Southern Hemisphere 
was shifted by six months. The following abbreviations were used: TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS for WInter Subtropical biome; SUS for 
SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and Tropical biome; PEU for Pacific Equatorial Upwelling biome; SMN for 
Seasonal MoNsoon. Also included is the ninth biome (9), which is only present for four months throughout the year and is absent in both the seasonal and annual scale.  

Month TRP HIL WIS SUS HIT MTR PEU SMN (9) - 

1 28 14 27 NaN 25 29 28 19 28 
2 30 15 30 NaN 26 30 28 23 28 
3 31 20 30 NaN 31 30 29 22 NaN 
4 31 26 27 31 31 30 29 24 NaN 
5 31 29 23 30 31 30 29 25 NaN 
6 31 30 NaN 31 31 30 30 20 NaN 
7 31 31 NaN 31 30 30 28 26 19 
8 31 32 NaN 31 31 30 30 23 NaN 
9 31 28 27 30 30 30 29 NaN NaN 
10 30 21 28 27 28 30 28 NaN NaN 
11 30 16 26 NaN 23 30 29 NaN NaN 
12 30 13 29 NaN 22 30 25 12 27  

Fig. A.15. Difference between the annual and seasonal distributions of our biomes during (a) spring, (b) summer, (c) fall, and (d) winter. White spaces denote 1◦ × 1◦

pixels where the association to a biome is different between the annual and seasonal distributions of our biomes. The Southern Hemisphere was shifted by six months for 
the calculation of the seasonally integrated biomes based on the monthly scale distributions of our biomes. For each 1◦-pixel, the distribution of each biome was 
calculated based on the monthly scale distribution of the biomes, where for each 1◦-pixel the most frequent, unique biome was assigned as its annual biome, and the final 
location of the annual biomes was determined by reducing the patchiness of the biomes (see Section 2.4). Biomes are sorted according to their mean area coverage across 
months. The following abbreviations were used: TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS for WInter Subtropical biome; SUS for SUmmer Subtropical 
biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and Tropical biome; PEU for Pacific Equatorial Upwelling biome; SMN for Seasonal MoNsoon. 
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subtropics, especially during winter and summer. 
A.10. NMDS 

Tables A.13–A.15. 

Table A.13 
Degree of overlap between biomes after projecting the trained neurons onto two dimensions using the NMDS. The percentages denote the fraction of neurons asso-
ciated with one biome that were also located within the envelope of another biome. Marked in blue are the comparisons with an overlap above 50.0%, and marked in 
yellow are the comparisons with an overlap below 50.0%. The following abbreviations were used: TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS for 
WInter Subtropical biome; SUS for SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and Tropical biome; PEU for Pacific 
Equatorial Upwelling biome; SMN for Seasonal MoNsoon.  

Table A.14 
Spread of the envelopes of our biomes along the two dimensions resulting from the NMDS analysis. The following abbreviations were used: TRP for TRoPical biome; 
HIL for HIgh Latitude biome; WIS for WInter Subtropical biome; SUS for SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and 
Tropical biome; PEU for Pacific Equatorial Upwelling biome; SMN for Seasonal MoNsoon.  

Biome Dimension 1 Dimension 2 

TRP 81.4 55.5 
HIL 37.4 21.2 
WIS 95.4 57.0 
SUS 106.5 63.8 
HIT 71.0 55.0 
MTR 130.1 141.7 
PEU 112.8 109.2 
SMN 88.7 30.5  

Table A.15 
Mean overlap in species’ presence patterns between biomes. For each month we calculated the overlap in phytoplankton species presence between each pixel in one 
biome and all pixels in another biome. From all comparisons we calculated the mean overlap on a monthly scale, and from the monthly averages we calculated an 
overall average. The following abbreviations were used: TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS for WInter Subtropical biome; SUS for SUmmer 
Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and Tropical biome; PEU for Pacific Equatorial Upwelling biome; SMN for Seasonal 
MoNsoon.  

Biome TRP HIL WIS SUS HIT MTR PEU SMN 

TRP  0.38 0.84 0.83 0.74 0.79 0.63 0.81 
HIL 0.38  0.31 0.32 0.25 0.33 0.33 0.42 
WIS 0.84 0.31  0.72 0.67 0.69 0.50 0.77 
SUS 0.83 0.32 0.72  0.71 0.74 0.61 0.65 
HIT 0.74 0.25 0.67 0.71  0.63 0.49 0.63 
MTR 0.79 0.33 0.69 0.74 0.63  0.69 0.71 
PEU 0.63 0.33 0.50 0.61 0.49 0.69  0.54 
SMN 0.81 0.42 0.77 0.65 0.63 0.71 0.54   
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A.11. Core species and indicator species 

Tables A.16–A.19. 
Fig. A.16 

Table A.17 
Spearman correlation coefficients between the global and biome specific bar-code-like pattern showing the biogeography of the 536 phytoplankton species on the 
global or biome scale. The following abbreviations were used: TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS for WInter Subtropical biome; SUS for 
SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and Tropical biome; PEU for Pacific Equatorial Upwelling biome; SMN for 
Seasonal MoNsoon.   

global TRP HIL WIS SUS HIT MTR PEU SMN 

global 1.00 0.95 0.04 0.90 0.91 0.78 0.94 0.57 0.85 
TRP 0.95 1.00 − 0.01 0.92 0.87 0.71 0.89 0.41 0.88 
HIL 0.04 − 0.01 1.00 0.10 − 0.06 0.27 − 0.08 − 0.21 0.14 
WIS 0.90 0.92 0.10 1.00 0.82 0.81 0.77 0.24 0.87 
SUS 0.91 0.87 − 0.06 0.82 1.00 0.79 0.85 0.49 0.65 
HIT 0.78 0.71 0.27 0.81 0.79 1.00 0.65 0.26 0.63 
MTR 0.94 0.89 − 0.08 0.77 0.85 0.65 1.00 0.68 0.73 
PEU 0.57 0.41 − 0.21 0.24 0.49 0.26 0.68 1.00 0.28 
SMN 0.85 0.88 0.14 0.87 0.65 0.63 0.73 0.28 1.00  

Table A.16 
Total number of core, subordinate, and satellite species per biome found across all months. Core species are defined as species found in > 90% of the biome area on 
average, satellite species as those with an area coverage ⩽10%, and subordinate species as those between these two thresholds (Table A.18). The core/subordinate/ 
satellite species were identified for each month and each biome. The following abbreviations were used: TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS for 
WInter Subtropical biome; SUS for SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and Tropical biome; PEU for Pacific 
Equatorial Upwelling biome; SMN for Seasonal MoNsoon.  

Biome Core Subordinate Satellite 

TRP 190 336 194 
HIL 1 209 511 
WIS 135 353 291 
SUS 148 338 272 
HIT 20 339 473 
MTR 128 410 201 
PEU 153 373 211 
SMN 246 380 277  

Table A.18 
List of 536 phytoplankton species modelled. Species are sorted based on their global normalized area coverage in descending order. The numbers indicate the average 
normalized area coverage of each species and biome, separately based on the monthly area coverage of the respective species. The following abbreviations were used: 
Phy for phylum; cl for class; din for Dinoflagellata; bac for Bacillariophyceae; hap for Haptophyta; chl for Chlorophyta; cya for Cyanobacteria; cry for Cryptophyta; dic for 
Dictyochophyceae; chr for Chrysophyceae; eug for Euglenozoa; TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS for WInter Subtropical biome; SUS for 
SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and Tropical biome; PEU for Pacific Equatorial Upwelling biome; SMN for 
Seasonal MoNsoon.  

Phy/cl Species TRP HIL WIS SUS HIT MTR PEU SMN 

din Tripos extensus 1.00 0.11 1.00 1.00 0.96 1.00 1.00 0.98 
bac Nitzschia bicapitata 0.98 0.26 0.94 0.97 0.75 1.00 0.98 0.90 
din Gonyaulax spinifera 1.00 0.24 0.87 1.00 0.46 1.00 1.00 0.93 
din Prorocentrum lima 0.99 0.20 0.91 0.99 0.45 0.95 0.98 0.98 
din Impagidinium patulum 0.97 0.30 0.89 0.98 0.63 0.93 0.84 0.83 
din Oxytoxum scolopax 0.99 0.05 0.89 1.00 0.52 0.99 0.95 0.97 
din Impagidinium sphaericum 0.94 0.42 0.91 0.95 0.55 0.85 0.86 0.88 
bac Rhizosolenia setigera 0.99 0.05 0.91 0.91 0.54 0.95 0.99 0.98 
bac Nitzschia longissima 0.98 0.26 0.91 0.91 0.43 0.89 0.93 0.99 
bac Chaetoceros hyalochaetae 0.97 0.07 0.94 0.97 0.79 0.92 0.79 0.81 
bac Pseudosolenia calcar-avis 1.00 0.04 0.98 0.98 0.56 0.94 0.77 0.98 
din Impagidinium aculeatum 0.96 0.31 0.85 0.96 0.55 0.92 0.87 0.73 
din Lingulodinium polyedra 0.99 0.02 0.80 0.99 0.38 1.00 1.00 0.91 
din Podolampas spinifera 0.99 0.02 0.86 0.98 0.35 0.97 0.97 0.92 
bac Chaetoceros peruvianus 0.99 0.06 0.96 0.89 0.18 0.99 0.99 0.98 
din Prorocentrum dentatum 0.99 0.07 0.86 0.99 0.52 0.88 0.72 0.99 
din Tripos pentagonus 0.96 0.16 0.80 0.94 0.30 0.90 0.97 1.00 
bac Chaetoceros curvisetus 0.98 0.03 0.98 0.85 0.35 0.88 0.96 0.99 
din Dinophysis schuettii 0.99 0.02 0.87 0.99 0.41 0.96 0.96 0.81 
bac Cerataulina pelagica 0.99 0.02 0.95 0.83 0.25 0.99 0.98 0.98 
din Oxytoxum variabile 0.97 0.11 0.65 0.94 0.57 0.96 0.93 0.83 
bac Leptocylindrus danicus 0.99 0.02 0.95 0.96 0.40 0.88 0.78 0.97 

(continued on next page) 
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Table A.18 (continued ) 

Phy/cl Species TRP HIL WIS SUS HIT MTR PEU SMN 

din Prorocentrum rostratum 0.99 0.02 0.69 0.99 0.38 0.98 0.91 0.97 
din Protoceratium reticulatum 0.96 0.33 0.74 0.93 0.41 0.93 0.79 0.84 
cya Prochlorococcus 0.99 0.02 0.93 0.98 0.53 0.97 0.65 0.82 
din Ceratium setaceum 0.98 0.01 0.79 0.98 0.40 0.98 1.00 0.75 
hap Umbilicosphaera sibogae 0.99 0.03 0.99 1.00 0.62 0.94 0.30 0.99 
din Tripos belone 0.98 0.02 0.75 0.97 0.24 0.97 1.00 0.89 
bac Chaetoceros coarctatus 0.98 0.01 0.86 0.85 0.17 0.99 1.00 0.93 
bac Chaetoceros laciniosus 0.98 0.22 0.97 0.92 0.34 0.82 0.55 0.99 
cya Synechococcus 0.87 0.41 0.67 0.80 0.31 0.97 0.78 0.96 
din Prorocentrum scutellum 0.96 0.04 0.95 0.98 0.67 0.82 0.37 0.98 
din Podolampas elegans 0.98 0.01 0.88 0.94 0.31 0.89 0.90 0.84 
din Ceratium contrarium 0.99 0.01 0.89 0.95 0.22 0.96 0.76 0.97 
din Tripos teres 0.99 0.01 0.98 0.99 0.62 0.90 0.29 0.95 
din Podolampas palmipes 0.90 0.01 0.75 0.97 0.37 0.86 0.99 0.85 
bac Chaetoceros compressus 0.97 0.03 0.94 0.86 0.15 0.85 0.95 0.92 
bac Climacodium frauenfeldianum 0.99 0.02 0.97 0.86 0.39 0.90 0.53 0.99 
din Oxytoxum parvum 0.98 0.06 0.62 0.98 0.38 0.94 0.72 0.97 
din Gonyaulax scrippsae 0.97 0.01 0.93 0.97 0.45 0.88 0.54 0.86 
din Trinovantidinium applanatum 0.92 0.05 0.73 0.89 0.61 0.89 0.77 0.69 
din Pentapharsodinium dalei 0.77 0.29 0.52 0.84 0.47 0.96 0.99 0.68 
bac Shionodiscus oestrupii 0.96 0.27 0.85 0.95 0.48 0.83 0.19 0.98 
hap Discosphaera tubifera 0.96 0.07 0.84 0.98 0.38 0.79 0.58 0.88 
din Tripos declinatus 0.97 0.03 0.70 0.95 0.45 0.77 0.72 0.88 
bac Pleurosigma normanii 0.95 0.05 0.82 0.87 0.51 0.90 0.60 0.75 
din Gonyaulax membranacea 0.95 0.07 0.60 0.82 0.40 0.95 0.95 0.71 
bac Rhizosolenia acuminata 0.89 0.21 0.62 0.41 0.50 0.89 0.97 0.97 
bac Rhizosolenia bergonii 0.89 0.10 0.54 0.57 0.63 0.84 0.99 0.89 
din Tripos carriensis 0.97 0.02 0.75 0.98 0.42 0.93 0.90 0.47 
bac Eucampia cornuta 0.96 0.18 0.90 0.74 0.32 0.73 0.62 0.99 
bac Hemiaulus hauckii 0.99 0.01 0.96 0.94 0.25 0.87 0.38 0.98 
din Oxytoxum sphaeroideum 0.79 0.06 0.59 0.89 0.54 0.90 0.76 0.85 
bac Pleurosigma elongatum 0.90 0.06 0.97 0.93 0.71 0.74 0.18 0.89 
din Protoperidinium latidorsale 0.94 0.01 0.74 0.79 0.27 0.98 0.90 0.73 
bac Guinardia flaccida 0.96 0.07 0.93 0.86 0.31 0.67 0.64 0.91 
bac Chaetoceros anastomosans 0.97 0.03 0.93 0.69 0.43 0.86 0.43 1.00 
din Prorocentrum cordatum 0.86 0.58 0.46 0.75 0.34 0.77 0.67 0.87 
din Gonyaulax digitalis 0.95 0.07 0.51 0.88 0.31 0.92 0.89 0.76 
bac Chaetoceros lorenzianus 0.96 0.02 0.63 0.61 0.20 0.93 0.97 0.97 
din Oxytoxum longiceps 0.96 0.00 0.60 0.85 0.10 0.99 0.98 0.78 
din Dinophysis parvula 0.96 0.01 0.85 0.97 0.26 0.78 0.54 0.88 
din Oxytoxum turbo 0.91 0.01 0.88 0.96 0.44 0.72 0.57 0.75 
bac Thalassiosira eccentrica 0.90 0.42 0.52 0.39 0.12 0.97 0.98 0.93 
bac Climacosphenia moniligera 0.95 0.01 0.61 0.61 0.28 0.90 0.90 0.95 
bac Planktoniella sol 0.93 0.02 0.55 0.74 0.24 0.93 1.00 0.79 
bac Detonula pumila 0.96 0.01 0.82 0.72 0.14 0.88 0.78 0.88 
din Thoracosphaera heimii 0.98 0.00 0.78 0.94 0.18 0.98 0.52 0.79 
bac Guinardia striata 0.95 0.10 0.84 0.37 0.38 0.73 0.82 0.96 
din Pronoctiluca pelagica 0.92 0.02 0.48 0.93 0.22 0.88 0.96 0.71 
bac Rhizosolenia castracanei 0.95 0.02 0.62 0.59 0.17 0.84 0.96 0.97 
bac Chaetoceros affinis 0.97 0.02 0.74 0.39 0.18 0.88 0.93 0.99 
din Ornithocercus magnificus 0.93 0.01 0.44 0.88 0.09 0.94 0.99 0.82 
din Ceratoperidinium falcatum 0.96 0.07 0.63 0.79 0.37 0.90 0.54 0.84 
bac Pleurosigma directum 0.85 0.49 0.57 0.52 0.21 0.87 0.82 0.76 
din Protoperidinium punctulatum 0.98 0.02 0.68 0.89 0.10 0.89 0.53 0.96 
bac Chaetoceros danicus 0.84 0.02 0.83 0.59 0.15 0.76 0.94 0.90 
din Prorocentrum mexicanum 0.94 0.00 0.69 0.70 0.03 0.99 0.84 0.85 
bac Chaetoceros pendulus 0.96 0.03 0.89 0.81 0.37 0.67 0.31 0.99 
bac Pleurosigma angulatum 0.96 0.07 0.98 0.89 0.65 0.54 0.00 0.92 
din Tripos kofoidii 0.91 0.02 0.41 0.86 0.16 0.88 0.99 0.76 
din Ceratium massiliense 0.82 0.02 0.77 0.99 0.61 0.60 0.78 0.36 
bac Pseudo-nitzschia pungens 0.97 0.07 0.81 0.76 0.17 0.76 0.41 0.99 
din Tripos pulchellus 0.95 0.01 0.48 0.81 0.11 0.82 0.99 0.77 
bac Guinardia cylindrus 0.97 0.12 0.95 0.88 0.31 0.61 0.11 0.97 
din Protoperidinium ovum 0.91 0.03 0.53 0.93 0.29 0.76 0.62 0.85 
bac Chaetoceros tetrastichon 0.95 0.04 0.76 0.64 0.29 0.84 0.41 0.98 
din Cladopyxis brachiolata 0.96 0.00 0.77 0.88 0.10 0.88 0.60 0.71 
din Scrippsiella regalis 0.89 0.04 0.90 0.77 0.40 0.85 0.33 0.73 
bac Chaetoceros brevis 0.94 0.02 0.71 0.37 0.22 0.89 0.75 0.99 
din Prorocentrum micans 0.92 0.01 0.42 0.82 0.09 0.95 0.95 0.72 
din Prorocentrum balticum 0.96 0.28 0.58 0.80 0.02 0.89 0.45 0.90 
bac Actinoptychus senarius 0.81 0.04 0.72 0.46 0.13 0.90 0.98 0.83 
bac Chaetoceros dichaeta 0.92 0.29 0.57 0.42 0.28 0.70 0.67 1.00 
din Tryblionella compressa 0.94 0.16 0.57 0.66 0.10 0.96 0.63 0.81 
din Ceratium trichoceros 0.72 0.02 0.80 0.97 0.63 0.53 0.95 0.21 
bac Stephanopyxis palmeriana 0.91 0.02 0.66 0.42 0.22 0.74 0.89 0.96 
din Oxytoxum milneri 0.97 0.01 0.72 0.97 0.24 0.89 0.40 0.62 
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Table A.18 (continued ) 

Phy/cl Species TRP HIL WIS SUS HIT MTR PEU SMN 

bac Chaetoceros wighamii 0.94 0.01 0.90 0.71 0.23 0.76 0.36 0.92 
din Ceratium falcatum 0.90 0.01 0.44 0.78 0.13 0.83 0.98 0.73 
bac Eucampia zodiacus 0.90 0.05 0.71 0.41 0.15 0.73 0.87 0.97 
bac Nitzschia tenuirostris 0.90 0.02 0.70 0.80 0.26 0.82 0.49 0.75 
bac Gossleriella tropica 0.91 0.02 0.66 0.72 0.30 0.65 0.56 0.89 
hap Umbellosphaera tenuis 0.80 0.06 0.58 0.98 0.38 0.80 0.74 0.36 
bac Nitzschia sigma 0.96 0.04 0.82 0.83 0.21 0.74 0.20 0.89 
din Tripos karstenii 0.97 0.01 0.84 0.94 0.29 0.61 0.31 0.71 
din Amphisolenia bidentata 0.91 0.00 0.43 0.64 0.03 0.93 0.97 0.73 
bac Chaetoceros diversus 0.98 0.04 0.93 0.77 0.19 0.65 0.17 0.92 
din Protoperidinium mediterraneum 0.96 0.01 0.77 0.93 0.20 0.70 0.28 0.74 
bac Asteromphalus heptactis 0.88 0.14 0.55 0.36 0.08 0.82 0.96 0.80 
bac Asteromphalus cleveanus 0.95 0.04 0.88 0.74 0.46 0.52 0.01 0.96 
din Gonyaulax monacantha 0.83 0.01 0.56 0.97 0.35 0.73 0.79 0.32 
bac Mastogloia rostrata 0.94 0.01 0.96 0.85 0.27 0.54 0.02 0.93 
din Corythodinium tesselatum 0.90 0.02 0.43 0.93 0.13 0.76 0.76 0.59 
bac Chaetoceros decipiens 0.95 0.02 0.76 0.40 0.13 0.75 0.58 0.92 
din Protoperidinium abei 0.89 0.03 0.20 0.68 0.24 0.83 0.80 0.82 
hap Gladiolithus flabellatus 0.88 0.06 0.38 0.92 0.32 0.77 0.68 0.49 
hap Umbilicosphaera hulburtiana 0.80 0.09 0.55 0.99 0.50 0.65 0.25 0.63 
bac Azpeitia nodulifera 0.92 0.00 0.77 0.80 0.07 0.79 0.26 0.84 
bac Hemiaulus chinensis 0.95 0.02 0.87 0.69 0.13 0.54 0.34 0.90 
bac Chaetoceros messanensis 0.96 0.04 0.86 0.62 0.33 0.53 0.12 0.98 
bac Ditylum brightwellii 0.73 0.04 0.74 0.42 0.25 0.86 0.53 0.83 
bac Rhizosolenia formosa 0.92 0.00 0.49 0.26 0.04 0.88 0.86 0.95 
din Echinidinium delicatum 0.72 0.08 0.48 0.86 0.28 0.80 0.75 0.43 
din Ceratocorys horrida 0.85 0.00 0.25 0.84 0.09 0.89 1.00 0.47 
din Lebouridinium glaucum 0.82 0.04 0.64 0.79 0.28 0.85 0.52 0.44 
din Oxytoxum tesselatum 0.80 0.02 0.78 0.94 0.50 0.48 0.16 0.70 
bac Bacteriastrum delicatulum 0.91 0.02 0.81 0.61 0.11 0.46 0.51 0.94 
bac Thalassionema frauenfeldii 0.96 0.03 0.84 0.72 0.27 0.52 0.05 0.97 
bac Asterolampra marylandica 0.94 0.06 0.94 0.73 0.19 0.52 0.05 0.92 
din Protoperidinium tuba 0.89 0.00 0.58 0.92 0.12 0.67 0.65 0.45 
din Ceratium falcatiforme 0.81 0.01 0.34 0.63 0.08 0.78 0.92 0.72 
bac Chaetoceros dadayi 0.97 0.01 0.83 0.63 0.14 0.68 0.06 0.96 
bac Lauderia annulata 0.88 0.02 0.62 0.32 0.08 0.94 0.71 0.70 
bac Haslea wawrikae 0.94 0.01 0.85 0.72 0.21 0.50 0.04 0.98 
din Leonella granifera 0.92 0.00 0.58 0.86 0.11 0.89 0.21 0.68 
din Oxytoxum elegans 0.85 0.01 0.49 0.77 0.29 0.60 0.85 0.37 
hap Hayaster perplexus 0.82 0.02 0.49 0.91 0.15 0.92 0.87 0.05 
din Oxytoxum curvatum 0.80 0.09 0.28 0.89 0.49 0.55 0.65 0.48 
bac Aulacoseira granulata 0.76 0.01 0.72 0.81 0.47 0.56 0.20 0.70 
din Gyrodinium fusiforme 0.83 0.14 0.39 0.48 0.07 0.88 0.86 0.56 
bac Chaetoceros costatus 0.90 0.01 0.64 0.45 0.11 0.58 0.58 0.95 
bac Striatella unipunctata 0.95 0.02 0.61 0.91 0.19 0.54 0.18 0.81 
din Dinophysis fortii 0.94 0.04 0.55 0.90 0.18 0.55 0.07 0.98 
bac Chaetoceros aequatorialis 0.92 0.02 0.76 0.60 0.29 0.53 0.04 0.99 
bac Bacteriastrum furcatum 0.97 0.03 0.79 0.52 0.11 0.64 0.11 0.98 
bac Asteromphalus flabellatus 0.80 0.02 0.33 0.26 0.08 0.85 0.96 0.81 
din Tripos candelabrum 0.55 0.03 0.39 0.92 0.49 0.57 0.84 0.33 
bac Chaetoceros didymus 0.88 0.11 0.51 0.32 0.12 0.58 0.62 0.97 
hap Umbellosphaera irregularis 0.91 0.01 0.82 0.96 0.28 0.72 0.05 0.36 
din Tripos contortus 0.82 0.01 0.27 0.67 0.05 0.81 0.93 0.54 
din Gymnodinium catenatum 0.80 0.02 0.51 0.81 0.22 0.81 0.23 0.65 
bac Leptocylindrus minimus 0.93 0.03 0.65 0.42 0.25 0.64 0.12 0.99 
bac Climacodium biconcavum 0.91 0.02 0.78 0.65 0.18 0.48 0.03 0.99 
bac Meuniera membranacea 0.95 0.03 0.83 0.50 0.17 0.50 0.04 1.00 
din Ornithocercus heteroporus 0.95 0.01 0.75 0.87 0.14 0.57 0.03 0.70 
hap Florisphaera profunda 0.61 0.12 0.36 0.88 0.26 0.82 0.67 0.29 
bac Chaetoceros atlanticus 0.64 0.45 0.19 0.16 0.10 0.67 0.96 0.83 
bac Chaetoceros pelagicus 0.77 0.22 0.39 0.84 0.13 0.45 0.86 0.34 
din Tripos deflexus 0.85 0.03 0.23 0.30 0.06 0.82 0.89 0.80 
bac Bacteriastrum comosum 0.94 0.01 0.87 0.60 0.14 0.45 0.07 0.90 
din Protoperidinium brochii 0.73 0.02 0.12 0.59 0.15 0.81 0.98 0.58 
bac Chaetoceros phaeoceros 0.75 0.03 0.86 0.82 0.37 0.61 0.06 0.47 
din Oxytoxum caudatum 0.69 0.01 0.31 0.89 0.28 0.72 0.85 0.22 
bac Chaetoceros pseudocurvisetus 0.94 0.04 0.75 0.30 0.16 0.60 0.21 0.95 
bac Thalassiosira aestivalis 0.56 0.01 0.55 0.82 0.17 0.59 0.89 0.35 
din Gyrodinium spirale 0.84 0.03 0.59 0.89 0.43 0.61 0.07 0.48 
din Gonyaulax birostris 0.92 0.00 0.61 0.88 0.08 0.73 0.11 0.58 
bac Guinardia delicatula 0.82 0.00 0.52 0.23 0.08 0.88 0.64 0.68 
din Spiraulax kofoidii 0.68 0.01 0.12 0.55 0.08 0.86 0.93 0.62 
din Goniodoma sphaericum 0.80 0.03 0.40 0.74 0.28 0.71 0.65 0.26 
bac Bacteriastrum hyalinum 0.91 0.06 0.62 0.48 0.17 0.48 0.21 0.91 
din Dinophysis schroederi 0.75 0.01 0.78 0.93 0.43 0.46 0.04 0.44 
bac Coscinodiscus radiatus 0.66 0.06 0.27 0.31 0.03 0.88 0.98 0.64 
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Table A.18 (continued ) 

Phy/cl Species TRP HIL WIS SUS HIT MTR PEU SMN 

hap Rhabdolithes claviger 0.65 0.09 0.78 0.92 0.62 0.56 0.08 0.11 
din Ceratium symmetricum 0.78 0.00 0.29 0.40 0.07 0.87 0.99 0.42 
din Gymnodinium marinum 0.76 0.02 0.31 0.89 0.42 0.62 0.22 0.56 
bac Hemiaulus membranaceus 0.95 0.01 0.69 0.36 0.08 0.58 0.14 0.95 
din Pyrophacus vancampoae 0.71 0.02 0.13 0.93 0.24 0.65 0.80 0.28 
bac Membraneis challengeri 0.74 0.42 0.71 0.62 0.17 0.14 0.10 0.86 
bac Chaetoceros vanheurckii 0.92 0.01 0.74 0.51 0.09 0.45 0.05 0.99 
din Oxytoxum constrictum 0.48 0.04 0.63 0.86 0.59 0.58 0.50 0.06 
din Pyrocystis robusta 0.86 0.00 0.22 0.28 0.03 0.87 0.77 0.71 
bac Podosira stelligera 0.34 0.28 0.87 0.58 0.78 0.24 0.04 0.56 
bac Neocalyptrella robusta 0.74 0.00 0.25 0.16 0.02 0.85 0.96 0.71 
bac Chaetoceros lauderi 0.80 0.01 0.42 0.07 0.04 0.64 0.85 0.87 
din Amphidinium acutissimum 0.74 0.00 0.21 0.73 0.04 0.80 0.97 0.19 
din Protoperidinium quarnerense 0.65 0.03 0.09 0.69 0.05 0.77 0.95 0.39 
bac Bacteriastrum elongatum 0.93 0.02 0.79 0.29 0.13 0.46 0.07 0.93 
din Protoperidinium pedunculatum 0.67 0.01 0.11 0.62 0.13 0.79 0.98 0.27 
din Tripos trichoceros 0.78 0.02 0.69 0.72 0.33 0.61 0.11 0.33 
bac Nitzschia sicula 0.83 0.00 0.68 0.72 0.09 0.72 0.35 0.17 
din Podolampas bipes 0.56 0.00 0.12 0.54 0.07 0.74 0.98 0.54 
din Tripos concilians 0.62 0.01 0.34 0.78 0.19 0.56 0.87 0.13 
din Pyrophacus steinii 0.67 0.00 0.09 0.57 0.03 0.79 0.96 0.39 
bac Chaetoceros seychellarum 0.87 0.01 0.80 0.37 0.04 0.35 0.21 0.85 
hap Helladosphaera cornifera 0.81 0.05 0.33 0.86 0.31 0.53 0.36 0.24 
din Gonyaulax pacifica 0.63 0.00 0.14 0.42 0.03 0.81 0.96 0.50 
bac Chaetoceros rostratus 0.88 0.00 0.62 0.32 0.06 0.46 0.16 0.91 
din Phalacroma mitra 0.89 0.02 0.26 0.74 0.13 0.59 0.15 0.61 
bac Bacteriastrum elegans 0.87 0.01 0.81 0.48 0.20 0.27 0.01 0.74 
din Ornithocercus quadratus 0.62 0.02 0.10 0.65 0.03 0.75 0.97 0.24 
bac Chaetoceros radicans 0.79 0.08 0.40 0.13 0.08 0.40 0.50 0.97 
din Pyrophacus horologium 0.64 0.00 0.10 0.56 0.04 0.65 0.91 0.44 
din Phalacroma lens 0.50 0.01 0.26 0.18 0.09 0.59 0.95 0.72 
bac Chaetoceros paradoxus 0.74 0.03 0.66 0.18 0.31 0.35 0.04 0.99 
din Phalacroma favus 0.71 0.04 0.14 0.76 0.18 0.58 0.62 0.25 
bac Thalassiosira angulata 0.73 0.37 0.61 0.10 0.12 0.30 0.06 0.98 
hap Syracosphaera prolongata 0.65 0.03 0.68 0.73 0.35 0.38 0.01 0.44 
bac Dactyliosolen fragilissimus 0.84 0.02 0.79 0.59 0.10 0.30 0.12 0.49 
din Gonyaulax polygramma 0.69 0.01 0.11 0.55 0.02 0.70 0.92 0.25 
din Karenia brevis 0.78 0.00 0.41 0.81 0.14 0.47 0.06 0.56 
din Blepharocysta splendor-maris 0.89 0.00 0.42 0.87 0.10 0.47 0.04 0.44 
din Ornithocercus thurnii 0.76 0.02 0.13 0.80 0.24 0.55 0.49 0.22 
din Triadinium polyedricum 0.54 0.02 0.10 0.74 0.18 0.54 0.96 0.14 
bac Thalassiosira decipiens 0.75 0.30 0.48 0.05 0.08 0.47 0.09 0.98 
bac Thalassiothrix heteromorpha 0.82 0.00 0.65 0.42 0.06 0.31 0.01 0.93 
bac Trieres chinensis 0.21 0.41 0.57 0.04 0.48 0.43 0.56 0.45 
din Oxytoxum sceptrum 0.81 0.04 0.43 0.88 0.17 0.37 0.05 0.42 
bac Eucampia zoodiacus 0.81 0.04 0.62 0.20 0.18 0.27 0.02 0.99 
din Pronoctiluca spinifera 0.83 0.01 0.29 0.86 0.03 0.45 0.26 0.40 
din Protoperidinium pyriforme 0.76 0.00 0.11 0.64 0.12 0.60 0.58 0.30 
din Dinophysis argus 0.48 0.00 0.26 0.59 0.07 0.57 0.95 0.17 
din Protoperidinium cerasus 0.77 0.18 0.38 0.28 0.04 0.49 0.02 0.93 
din Gonyaulax diegensis 0.67 0.03 0.12 0.75 0.18 0.47 0.53 0.33 
din Tripos vultur 0.51 0.00 0.06 0.55 0.07 0.64 1.00 0.23 
hap Syracosphaera nodosa 0.55 0.01 0.49 0.95 0.10 0.62 0.19 0.15 
din Tripos euarcuatus 0.69 0.01 0.09 0.50 0.04 0.63 0.81 0.29 
bac Chaetoceros willei 0.83 0.00 0.66 0.29 0.03 0.30 0.05 0.88 
bac Rhizosolenia clevei 0.88 0.00 0.46 0.28 0.01 0.60 0.01 0.78 
bac Chaetoceros saltans 0.87 0.00 0.56 0.14 0.07 0.41 0.02 0.94 
din Dinophysis ovum 0.59 0.02 0.42 0.82 0.32 0.28 0.18 0.39 
din Dinophysis porodictyum 0.67 0.01 0.21 0.64 0.10 0.66 0.68 0.02 
bac Chaetoceros simplex 0.58 0.12 0.63 0.10 0.37 0.30 0.01 0.87 
din Protoperidinium elegans 0.58 0.04 0.02 0.62 0.07 0.63 0.90 0.11 
din Ceratium breve 0.54 0.00 0.09 0.47 0.02 0.63 0.87 0.35 
din Protoperidinium americanum 0.34 0.04 0.33 0.38 0.20 0.62 0.67 0.38 
din Protoperidinium divergens 0.59 0.02 0.03 0.37 0.07 0.65 0.96 0.21 
bac Corethron pennatum 0.55 0.61 0.24 0.09 0.14 0.26 0.14 0.86 
hap Michaelsarsia elegans 0.48 0.00 0.07 0.39 0.01 0.77 0.74 0.40 
din Pyrocystis hamulus 0.76 0.01 0.39 0.59 0.08 0.52 0.33 0.18 
hap Syracosphaera molischii 0.59 0.08 0.18 0.55 0.46 0.58 0.06 0.32 
din Ceratium gravidum 0.71 0.01 0.18 0.62 0.07 0.51 0.56 0.18 
bac Chaetoceros laevis 0.78 0.01 0.44 0.43 0.06 0.27 0.02 0.83 
hap Reticulofenestra sessilis 0.66 0.00 0.19 0.89 0.07 0.39 0.37 0.26 
din Tripos massiliensis 0.58 0.02 0.53 0.65 0.29 0.54 0.06 0.14 
bac Ditylum sol 0.78 0.00 0.56 0.15 0.14 0.28 0.01 0.87 
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Phy/cl Species TRP HIL WIS SUS HIT MTR PEU SMN 

bac Coscinodiscus granii 0.56 0.07 0.23 0.15 0.06 0.47 0.96 0.29 
hap Algirosphaera robusta 0.51 0.01 0.15 0.71 0.21 0.73 0.26 0.19 
din Pyrocystis lunula 0.69 0.01 0.17 0.35 0.06 0.63 0.43 0.42 
bac Chaetoceros eibenii 0.68 0.02 0.58 0.15 0.08 0.15 0.16 0.94 
hap Calciopappus rigidus 0.33 0.03 0.17 0.59 0.24 0.72 0.29 0.38 
din Dinophysis sacculus 0.43 0.01 0.62 0.82 0.22 0.20 0.07 0.36 
bac Odontella aurita 0.20 0.46 0.12 0.04 0.08 0.35 0.62 0.85 
din Prorocentrum triestinum 0.73 0.01 0.30 0.43 0.01 0.32 0.07 0.83 
bac Trieres mobiliensis 0.36 0.00 0.18 0.06 0.03 0.78 0.78 0.49 
bac Chaetoceros diadema 0.76 0.05 0.52 0.08 0.16 0.21 0.04 0.84 
hap Gephyrocapsa ericsonii 0.41 0.17 0.29 0.85 0.37 0.24 0.05 0.28 
bac Amphiprora gigantea 0.63 0.01 0.65 0.37 0.27 0.23 0.02 0.45 
din Oxytoxum gracile 0.58 0.01 0.46 0.91 0.18 0.36 0.03 0.09 
bac Chaetoceros pseudodichaetus 0.74 0.00 0.59 0.26 0.05 0.15 0.00 0.82 
bac Chaetoceros subsecundus 0.77 0.05 0.29 0.06 0.03 0.42 0.02 0.97 
din Neoceratium hexacanthum 0.43 0.03 0.27 0.21 0.33 0.54 0.13 0.62 
bac Chaetoceros densus 0.82 0.02 0.59 0.28 0.08 0.26 0.01 0.48 
din Oxytoxum reticulatum 0.37 0.02 0.08 0.59 0.20 0.44 0.64 0.16 
bac Chaetoceros tortissimus 0.76 0.05 0.47 0.06 0.04 0.31 0.08 0.74 
bac Pseudo-nitzschia subfraudulenta 0.62 0.01 0.46 0.70 0.12 0.48 0.05 0.06 
din Ornithocercus thumii 0.37 0.00 0.10 0.27 0.01 0.60 0.92 0.22 
din Dinophysis hastata 0.53 0.01 0.06 0.50 0.04 0.48 0.70 0.14 
hap Calciosolenia murrayi 0.27 0.01 0.12 0.61 0.20 0.29 0.73 0.23 
din Oxytoxum laticeps 0.60 0.06 0.06 0.24 0.05 0.61 0.55 0.27 
din Spiniferites pachydermus 0.42 0.01 0.16 0.83 0.10 0.47 0.39 0.06 
bac Chaetoceros debilis 0.24 0.07 0.10 0.08 0.04 0.39 0.85 0.67 
bac Licmophora lyngbyei 0.54 0.09 0.26 0.07 0.07 0.43 0.07 0.91 
din Phalacroma rotundatum 0.42 0.31 0.20 0.48 0.42 0.10 0.01 0.48 
din Prorocentrum gracile 0.42 0.00 0.07 0.23 0.01 0.57 0.78 0.36 
bac Pseudo-nitzschia pseudodelicatissima 0.61 0.04 0.34 0.65 0.14 0.38 0.04 0.24 
din Ornithocercus splendidus 0.57 0.00 0.35 0.44 0.05 0.38 0.45 0.16 
bac Bacteriastrum mediterraneum 0.69 0.01 0.53 0.08 0.06 0.11 0.01 0.90 
din Tripos ranipes 0.13 0.01 0.20 0.42 0.13 0.38 0.90 0.21 
din Tripos inflatus 0.47 0.00 0.01 0.25 0.02 0.63 0.82 0.17 
bac Thalassiosira leptopus 0.54 0.43 0.27 0.03 0.02 0.12 0.09 0.88 
din Bitectatodinium spongium 0.42 0.00 0.34 0.46 0.02 0.65 0.34 0.13 
din Preperidinium meunieri 0.49 0.15 0.06 0.38 0.02 0.37 0.80 0.10 
bac Lioloma pacificum 0.15 0.05 0.02 0.29 0.05 0.57 0.89 0.33 
din Protoperidinium grande 0.23 0.00 0.01 0.26 0.06 0.65 0.99 0.11 
bac Chaetoceros bacteriastroides 0.74 0.00 0.39 0.13 0.08 0.23 0.02 0.70 
hap Oolithotus fragilis 0.24 0.04 0.31 0.85 0.26 0.30 0.19 0.12 
din Ceratocorys armata 0.48 0.00 0.01 0.34 0.01 0.49 0.66 0.25 
bac Coscinodiscus asteromphalus 0.49 0.07 0.28 0.07 0.03 0.54 0.31 0.47 
din Ceratium gibberum 0.15 0.07 0.02 0.34 0.23 0.34 0.95 0.12 
din Pyrocystis fusiformis 0.08 0.00 0.02 0.20 0.03 0.62 0.99 0.26 
hap Gephyrocapsa muellerae 0.15 0.12 0.06 0.69 0.35 0.28 0.35 0.18 
bac Chaetoceros gracilis 0.52 0.04 0.20 0.03 0.11 0.32 0.11 0.83 
bac Actinocyclus curvatulus 0.19 0.08 0.06 0.05 0.04 0.42 0.74 0.58 
din Cochlodinium pupa 0.23 0.08 0.28 0.15 0.39 0.50 0.17 0.33 
bac Lithodesmium undulatum 0.34 0.02 0.21 0.08 0.05 0.33 0.62 0.49 
din Gymnodinium simplex 0.43 0.03 0.31 0.61 0.28 0.10 0.01 0.33 
hap Gephyrocapsa caribbeanica 0.23 0.18 0.36 0.47 0.35 0.04 0.03 0.42 
din Ceratium longirostrum 0.29 0.03 0.08 0.56 0.09 0.18 0.76 0.09 
hap Michaelsarsia adriatica 0.32 0.01 0.01 0.47 0.07 0.38 0.76 0.05 
din Protoperidinium stellatum 0.19 0.01 0.26 0.39 0.22 0.28 0.46 0.22 
bac Nitzschia pacifica 0.16 0.06 0.01 0.33 0.07 0.46 0.87 0.04 
din Protoperidinium leonis 0.38 0.00 0.11 0.28 0.05 0.46 0.59 0.15 
din Tripos hexacanthus 0.04 0.05 0.11 0.30 0.47 0.20 0.84 0.00 
din Dinophysis caudata 0.18 0.00 0.02 0.31 0.05 0.46 0.92 0.07 
bac Asterionellopsis glacialis 0.22 0.01 0.16 0.01 0.03 0.45 0.52 0.61 
hap Calciosolenia brasiliensis 0.07 0.00 0.02 0.41 0.10 0.43 0.91 0.05 
din Phalacroma doryphorum 0.62 0.00 0.04 0.54 0.02 0.39 0.22 0.15 
din Torodinium robustum 0.43 0.13 0.19 0.11 0.19 0.40 0.09 0.44 
bac Thalassiosira subtilis 0.23 0.02 0.10 0.13 0.03 0.26 0.86 0.33 
din Tripos paradoxides 0.32 0.00 0.03 0.10 0.02 0.59 0.82 0.08 
din Mesoporos perforatus 0.30 0.16 0.14 0.16 0.31 0.22 0.30 0.35 
din Tripos limulus 0.32 0.00 0.08 0.13 0.05 0.42 0.74 0.20 
bac Actinocyclus octonarius 0.60 0.00 0.23 0.33 0.02 0.44 0.04 0.26 
chl Ulva fasciata 0.46 0.01 0.15 0.31 0.19 0.37 0.16 0.25 
bac Rhizosolenia hyalina 0.19 0.02 0.04 0.05 0.02 0.44 0.83 0.30 
din Protoperidinium steinii 0.26 0.04 0.01 0.21 0.05 0.40 0.76 0.15 
din Ornithocercus steinii 0.33 0.02 0.04 0.27 0.02 0.37 0.59 0.24 
din Ceratium pavillardii 0.53 0.01 0.50 0.39 0.17 0.06 0.00 0.21 
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Table A.18 (continued ) 

Phy/cl Species TRP HIL WIS SUS HIT MTR PEU SMN 

din Schuettiella mitra 0.18 0.00 0.01 0.07 0.01 0.52 0.86 0.20 
bac Nitzschia vitrea 0.67 0.00 0.24 0.15 0.04 0.13 0.01 0.61 
bac Coscinodiscus gigas 0.56 0.01 0.22 0.26 0.03 0.42 0.16 0.18 
bac Chaetoceros convolutus 0.09 0.29 0.09 0.03 0.05 0.10 0.58 0.59 
dic Dictyocha fibula 0.21 0.34 0.13 0.07 0.05 0.12 0.19 0.73 
din Gymnodinium wulffii 0.08 0.43 0.29 0.07 0.36 0.10 0.07 0.41 
din Diplopsalis lenticula 0.38 0.04 0.21 0.67 0.10 0.11 0.14 0.15 
bac Thalassionema bacillare 0.11 0.02 0.04 0.25 0.06 0.28 0.83 0.19 
din Phalacroma rapa 0.29 0.01 0.01 0.11 0.02 0.48 0.73 0.12 
bac Chaetoceros castracanei 0.48 0.09 0.21 0.01 0.03 0.10 0.00 0.84 
bac Lioloma delicatulum 0.05 0.01 0.01 0.23 0.03 0.43 0.90 0.07 
bac Coscinodiscus oculus-iridis 0.67 0.10 0.05 0.16 0.00 0.46 0.03 0.25 
din Protoperidinium depressum 0.06 0.10 0.02 0.23 0.03 0.36 0.89 0.05 
bac Entomoneis paludosa 0.04 0.31 0.22 0.05 0.32 0.20 0.25 0.30 
din Protoperidinium crassipes 0.15 0.01 0.02 0.11 0.02 0.31 0.78 0.32 
din Protoperidinium mite 0.56 0.02 0.22 0.19 0.09 0.22 0.05 0.34 
din Tripos buceros 0.20 0.01 0.03 0.34 0.06 0.11 0.82 0.11 
din Diplopsalopsis bomba 0.27 0.00 0.04 0.02 0.01 0.44 0.58 0.27 
bac Thalassiosira gravida 0.10 0.14 0.09 0.03 0.04 0.09 0.47 0.64 
din Protoperidinium longipes 0.11 0.00 0.00 0.08 0.01 0.42 0.87 0.09 
bac Rhabdonema arcuatum 0.20 0.24 0.07 0.03 0.02 0.19 0.11 0.72 
din Protoperidinium diabolus 0.11 0.01 0.05 0.41 0.14 0.10 0.73 0.02 
bac Melosira borreri 0.33 0.01 0.28 0.06 0.08 0.09 0.02 0.71 
bac Thalassiosira antarctica 0.48 0.29 0.24 0.12 0.03 0.14 0.00 0.26 
bac Chaetoceros seiracanthus 0.33 0.01 0.40 0.03 0.13 0.07 0.01 0.58 
din Gymnodinium uberrimum 0.29 0.31 0.07 0.62 0.06 0.04 0.09 0.06 
din Protoperidinium bipes 0.33 0.59 0.03 0.01 0.02 0.17 0.11 0.28 
din Protoperidinium granii 0.32 0.02 0.02 0.20 0.00 0.20 0.54 0.23 
bac Chaetoceros pseudocrinitus 0.58 0.01 0.32 0.12 0.04 0.11 0.02 0.31 
bac Asteromphalus robustus 0.27 0.11 0.23 0.06 0.05 0.06 0.01 0.72 
bac Pleurosigma diversestriatum 0.37 0.00 0.23 0.53 0.01 0.21 0.10 0.04 
bac Chaetoceros pacificus 0.53 0.00 0.33 0.12 0.02 0.04 0.00 0.44 
cya Trichodesmium erythraeum 0.45 0.00 0.08 0.05 0.00 0.29 0.01 0.59 
din Tripos lunula 0.03 0.00 0.01 0.17 0.03 0.25 0.91 0.06 
bac Ethmodiscus gazellae 0.06 0.01 0.02 0.24 0.03 0.25 0.74 0.11 
bac Chaetoceros socialis 0.18 0.02 0.14 0.09 0.02 0.13 0.52 0.35 
din Protoperidinium curtipes 0.10 0.02 0.03 0.20 0.04 0.19 0.60 0.27 
din Heterodinium blackmanii 0.08 0.00 0.02 0.05 0.02 0.24 0.77 0.28 
hap Rhabdosphaera xiphos 0.32 0.00 0.02 0.58 0.12 0.21 0.05 0.15 
din Gymnodinium gracile 0.04 0.03 0.00 0.13 0.04 0.28 0.83 0.08 
bac Plagiotropis lepidoptera 0.66 0.00 0.09 0.11 0.01 0.17 0.02 0.36 
cya Trichodesmium thiebautii 0.37 0.00 0.07 0.10 0.00 0.15 0.05 0.64 
bac Chaetoceros concavicornis 0.08 0.18 0.07 0.02 0.03 0.07 0.36 0.57 
din Protoperidinium latispinum 0.44 0.00 0.06 0.06 0.01 0.41 0.11 0.29 
bac Stephanopyxis nipponica 0.18 0.29 0.04 0.05 0.04 0.21 0.06 0.47 
bac Chaetoceros seriacanthus 0.34 0.01 0.17 0.00 0.04 0.12 0.00 0.56 
bac Proboscia inermis 0.00 0.48 0.00 0.02 0.08 0.08 0.53 0.04 
bac Grammatophora oceanica 0.11 0.01 0.01 0.06 0.04 0.23 0.51 0.26 
bac Fragilariopsis oceanica 0.14 0.24 0.04 0.04 0.02 0.17 0.03 0.53 
bac Thalassiosira hyalina 0.08 0.23 0.11 0.04 0.07 0.05 0.02 0.63 
din Archaeperidinium minutum 0.35 0.01 0.04 0.22 0.00 0.06 0.41 0.13 
din Tripos azoricus 0.01 0.05 0.04 0.06 0.25 0.05 0.56 0.17 
din Alexandrium monilatum 0.34 0.00 0.01 0.02 0.00 0.34 0.39 0.06 
hap Coronosphaera mediterranea 0.14 0.04 0.05 0.56 0.21 0.13 0.01 0.02 
din Neoceratium breve 0.35 0.00 0.06 0.41 0.01 0.14 0.15 0.05 
din Dinophysis tripos 0.04 0.09 0.12 0.18 0.48 0.00 0.00 0.24 
din Tripos gravidus 0.03 0.00 0.00 0.03 0.01 0.17 0.84 0.06 
bac Chaetoceros furcellatus 0.06 0.24 0.13 0.00 0.08 0.03 0.01 0.59 
din Tripos incisus 0.02 0.00 0.00 0.09 0.01 0.17 0.79 0.05 
din Protoperidinium oceanicum 0.04 0.00 0.00 0.07 0.02 0.18 0.80 0.00 
din Tripos balechii 0.51 0.00 0.01 0.13 0.00 0.26 0.02 0.14 
din Tripos strictus 0.01 0.00 0.00 0.03 0.00 0.15 0.89 0.00 
bac Fragilariopsis doliolus 0.07 0.01 0.05 0.01 0.01 0.05 0.52 0.36 
dic Octactis speculum 0.08 0.26 0.03 0.01 0.02 0.07 0.17 0.40 
din Protoperidinium pellucidum 0.03 0.03 0.01 0.01 0.01 0.13 0.53 0.28 
din Protoperidinium claudicans 0.08 0.01 0.00 0.04 0.02 0.18 0.53 0.15 
din Phalacroma oxytoxoides 0.09 0.01 0.01 0.03 0.01 0.11 0.51 0.25 
din Kofoidinium velleloides 0.01 0.00 0.02 0.09 0.05 0.16 0.65 0.01 
din Protoperidinium brevipes 0.22 0.41 0.02 0.05 0.09 0.02 0.08 0.09 
din Peridinium breve 0.11 0.11 0.08 0.04 0.02 0.09 0.02 0.51 
din Ceratocorys reticulata 0.02 0.00 0.00 0.06 0.00 0.18 0.70 0.00 
din Protoperidinium pentagonum 0.02 0.01 0.00 0.01 0.01 0.18 0.72 0.01 
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Table A.18 (continued ) 

Phy/cl Species TRP HIL WIS SUS HIT MTR PEU SMN 

bac Entomoneis alata 0.13 0.01 0.01 0.01 0.01 0.16 0.44 0.17 
din Heterocapsa niei 0.20 0.02 0.09 0.25 0.13 0.11 0.01 0.13 
din Heterocapsa rotundata 0.09 0.04 0.19 0.11 0.20 0.22 0.01 0.07 
bac Coscinodiscus centralis 0.01 0.01 0.02 0.01 0.01 0.17 0.65 0.05 
hap Acanthoica acanthifera 0.18 0.02 0.04 0.16 0.07 0.16 0.19 0.09 
bac Chaetoceros teres 0.13 0.02 0.31 0.06 0.10 0.04 0.01 0.24 
bac Proboscia indica 0.05 0.12 0.17 0.06 0.43 0.00 0.00 0.06 
din Diplopelta asymmetrica 0.01 0.00 0.00 0.04 0.01 0.12 0.71 0.00 
bac Chaetoceros indicus 0.40 0.00 0.11 0.02 0.01 0.01 0.01 0.33 
bac Actinoptychus splendens 0.02 0.00 0.00 0.03 0.01 0.18 0.63 0.01 
bac Dactyliosolen antarcticus 0.08 0.21 0.09 0.01 0.09 0.06 0.11 0.24 
bac Hemidiscus cuneiformis 0.07 0.00 0.00 0.22 0.01 0.07 0.37 0.11 
bac Rhizosolenia temperei 0.01 0.00 0.00 0.03 0.01 0.14 0.62 0.04 
bac Stellarima stellaris 0.06 0.20 0.07 0.02 0.01 0.02 0.00 0.46 
din Tripos dens 0.00 0.00 0.00 0.01 0.01 0.07 0.74 0.00 
din Protoperidinium venustum 0.10 0.01 0.01 0.03 0.01 0.10 0.17 0.40 
din Amphidinium carterae 0.08 0.08 0.11 0.20 0.13 0.12 0.08 0.02 
bac Trieres regia 0.02 0.22 0.26 0.04 0.25 0.02 0.02 0.01 
din Scrippsiella acuminata 0.02 0.03 0.00 0.05 0.01 0.13 0.52 0.07 
bac Licmophora abbreviata 0.02 0.02 0.00 0.01 0.01 0.09 0.66 0.02 
din Protoperidinium tenuissimum 0.00 0.00 0.00 0.01 0.01 0.10 0.68 0.00 
bac Thalassiosira partheneia 0.04 0.00 0.00 0.06 0.01 0.08 0.57 0.04 
din Tripos eugrammus 0.01 0.00 0.00 0.07 0.02 0.08 0.63 0.00 
bac Coscinodiscus antarcticus 0.28 0.23 0.11 0.05 0.03 0.04 0.00 0.06 
din Protoperidinium subinerme 0.02 0.00 0.01 0.03 0.02 0.05 0.52 0.13 
din Protoperidinium tristylum 0.00 0.00 0.00 0.01 0.00 0.07 0.68 0.00 
din Ptychodiscus noctiluca 0.02 0.05 0.00 0.01 0.15 0.20 0.29 0.03 
chl Halosphaera viridis 0.01 0.38 0.05 0.01 0.02 0.01 0.01 0.25 
bac Pseudo-nitzschia lineola 0.00 0.12 0.01 0.03 0.01 0.01 0.44 0.11 
bac Rhizosolenia chunii 0.00 0.30 0.00 0.00 0.01 0.01 0.41 0.00 
bac Bellerochea malleus 0.11 0.07 0.03 0.04 0.13 0.14 0.08 0.14 
cry Hillea fusiformis 0.14 0.05 0.02 0.07 0.02 0.17 0.10 0.16 
din Protoperidinium pyrum 0.02 0.00 0.00 0.02 0.01 0.09 0.54 0.03 
din Dinophysis acuminata 0.02 0.12 0.00 0.01 0.01 0.11 0.44 0.00 
bac Coscinodiscus marginatus 0.01 0.22 0.02 0.02 0.02 0.02 0.09 0.29 
bac Roperia tesselata 0.01 0.00 0.00 0.02 0.02 0.12 0.52 0.01 
bac Nitzschia bilobata 0.02 0.00 0.00 0.01 0.00 0.09 0.51 0.06 
bac Grammatophora marina 0.02 0.08 0.00 0.01 0.01 0.10 0.33 0.16 
din Protoperidinium obtusum 0.03 0.00 0.00 0.01 0.00 0.09 0.40 0.15 
hap Ophiaster hydroideus 0.00 0.06 0.00 0.01 0.03 0.05 0.53 0.00 
din Gyrodinium pingue 0.11 0.06 0.03 0.01 0.01 0.16 0.13 0.17 
din Protoperidinium fatulipes 0.00 0.00 0.00 0.02 0.00 0.05 0.58 0.00 
hap Rhabdosphaera hispida 0.18 0.00 0.13 0.17 0.05 0.11 0.00 0.01 
din Gymnodinium agiliforme 0.13 0.05 0.03 0.04 0.09 0.15 0.12 0.02 
bac Helicotheca tamesis 0.00 0.03 0.00 0.01 0.01 0.02 0.53 0.01 
din Pyrocystis elegans 0.01 0.00 0.00 0.03 0.00 0.02 0.51 0.02 
bac Attheya septentrionalis 0.02 0.18 0.05 0.00 0.03 0.05 0.08 0.19 
bac Chaetoceros neglectus 0.10 0.34 0.08 0.01 0.02 0.01 0.00 0.03 
din Tripos geniculatus 0.02 0.00 0.00 0.02 0.01 0.11 0.41 0.00 
bac Coscinodiscus curvatulus 0.00 0.31 0.00 0.00 0.02 0.01 0.22 0.00 
bac Actinoptychus octonarius 0.00 0.27 0.00 0.00 0.01 0.01 0.28 0.00 
din Protoperidinium conicoides 0.01 0.06 0.02 0.02 0.01 0.02 0.20 0.23 
din Gonyaulax elongata 0.01 0.09 0.02 0.01 0.01 0.01 0.01 0.40 
bac Odontella longicruris 0.01 0.03 0.02 0.02 0.01 0.02 0.24 0.20 
din Ceratocorys bipes 0.00 0.01 0.00 0.01 0.01 0.04 0.30 0.18 
bac Chaetoceros constrictus 0.03 0.01 0.01 0.02 0.01 0.12 0.33 0.01 
din Prorocentrum arcuatum 0.12 0.01 0.00 0.01 0.00 0.21 0.18 0.00 
din Protoperidinium oblongum 0.01 0.00 0.00 0.00 0.00 0.04 0.44 0.00 
bac Eucampia antarctica 0.08 0.33 0.02 0.00 0.00 0.02 0.00 0.05 
din Protoperidinium pallidum 0.01 0.03 0.00 0.01 0.01 0.05 0.39 0.01 
bac Chaetoceros similis 0.00 0.25 0.00 0.02 0.01 0.01 0.19 0.00 
hap Phaeocystis pouchetii 0.00 0.19 0.02 0.00 0.21 0.00 0.00 0.06 
cry Leucocryptos marina 0.00 0.02 0.00 0.01 0.01 0.01 0.42 0.00 
din Protoperidinium excentricum 0.00 0.00 0.00 0.01 0.01 0.02 0.42 0.00 
bac Asteromphalus brookei 0.00 0.00 0.00 0.01 0.00 0.01 0.44 0.00 
bac Corethron hystrix 0.01 0.09 0.01 0.02 0.00 0.02 0.09 0.21 
bac Bacterosira bathyomphala 0.02 0.28 0.01 0.00 0.02 0.03 0.00 0.08 
din Diplopelta steinii 0.00 0.00 0.00 0.00 0.00 0.04 0.39 0.00 
din Dinophysis apicata 0.00 0.06 0.00 0.02 0.02 0.02 0.32 0.00 
bac Pleurosigma simonsenii 0.01 0.17 0.01 0.00 0.00 0.07 0.11 0.05 
din Amphidinium sphenoides 0.06 0.01 0.04 0.03 0.03 0.14 0.03 0.06 
din Tripos digitatus 0.08 0.01 0.00 0.02 0.01 0.11 0.18 0.01 
bac Fragilariopsis kerguelensis 0.01 0.37 0.00 0.00 0.00 0.00 0.03 0.00 
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Table A.18 (continued ) 

Phy/cl Species TRP HIL WIS SUS HIT MTR PEU SMN 

din Amphisolenia bispinosa 0.00 0.00 0.00 0.00 0.00 0.02 0.38 0.00 
hap Calciosolenia granii 0.00 0.01 0.00 0.03 0.04 0.03 0.27 0.01 
bac Eupyxidicula turris 0.04 0.00 0.01 0.01 0.02 0.12 0.14 0.05 
bac Chaetoceros criophilus 0.01 0.21 0.01 0.00 0.01 0.01 0.01 0.11 
bac Asteromphalus parvulus 0.00 0.35 0.00 0.00 0.02 0.00 0.00 0.00 
din Tripos minutus 0.03 0.08 0.01 0.01 0.15 0.06 0.00 0.03 
din Gymnodinium aureolum 0.02 0.03 0.00 0.03 0.08 0.15 0.02 0.03 
bac Cylindrotheca fusiformis 0.01 0.14 0.01 0.00 0.00 0.01 0.02 0.16 
bac Porosira glacialis 0.01 0.12 0.03 0.00 0.04 0.01 0.01 0.13 
bac Fragilariopsis cylindrus 0.00 0.34 0.00 0.00 0.00 0.00 0.00 0.00 
din Kapelodinium vestifici 0.02 0.18 0.00 0.00 0.00 0.07 0.06 0.00 
din Tripos bucephalus 0.00 0.08 0.00 0.02 0.23 0.00 0.00 0.00 
din Lebessphaera urania 0.00 0.02 0.12 0.00 0.20 0.00 0.00 0.00 
bac Achnanthes longipes 0.00 0.00 0.00 0.00 0.01 0.01 0.30 0.00 
eug Eutreptiella gymnastica 0.00 0.00 0.00 0.00 0.01 0.01 0.31 0.00 
bac Proboscia truncata 0.00 0.10 0.00 0.00 0.21 0.00 0.00 0.00 
din Akashiwo sanguinea 0.01 0.00 0.00 0.01 0.01 0.03 0.26 0.00 
bac Asteroplanus karianus 0.01 0.09 0.02 0.00 0.02 0.00 0.00 0.15 
din Karlodinium veneficum 0.03 0.01 0.01 0.01 0.02 0.07 0.01 0.13 
bac Thalassiosira gracilis 0.01 0.25 0.02 0.00 0.00 0.01 0.00 0.00 
din Tripos platycornis 0.01 0.07 0.01 0.01 0.13 0.03 0.03 0.01 
bac Shionodiscus gracilis 0.00 0.28 0.00 0.00 0.00 0.00 0.01 0.00 
bac Thalassiosira mendiolana 0.00 0.00 0.00 0.00 0.01 0.04 0.22 0.00 
din Tripos lamellicornis 0.01 0.07 0.01 0.00 0.15 0.02 0.00 0.02 
din Protoperidinium grahamii 0.00 0.01 0.00 0.00 0.01 0.02 0.24 0.00 
din Tripos carnegiei 0.00 0.00 0.00 0.00 0.00 0.00 0.26 0.00 
bac Diatoma rhombica 0.00 0.27 0.00 0.00 0.00 0.00 0.00 0.00 
din Dinophysis norvegica 0.01 0.11 0.00 0.01 0.02 0.00 0.00 0.12 
hap Phaeocystis antarctica 0.00 0.26 0.00 0.00 0.00 0.00 0.00 0.00 
din Gyrodinium wulffii 0.01 0.01 0.00 0.01 0.03 0.11 0.03 0.04 
bac Fragilariopsis obliquecostata 0.00 0.25 0.00 0.00 0.00 0.00 0.00 0.00 
din Polykrikos schwartzii 0.01 0.07 0.00 0.01 0.13 0.02 0.00 0.01 
bac Asteromphalus hyalinus 0.00 0.22 0.00 0.00 0.00 0.00 0.02 0.00 
bac Thalassiosira nordenskioeldii 0.00 0.20 0.00 0.00 0.01 0.01 0.01 0.01 
bac Navicula pelagica 0.00 0.14 0.02 0.00 0.03 0.00 0.00 0.05 
din Protoperidinium longispinum 0.00 0.00 0.00 0.00 0.00 0.00 0.23 0.00 
din Protoperidinium defectum 0.00 0.23 0.00 0.00 0.01 0.00 0.00 0.00 
bac Chaetoceros bulbosus 0.00 0.24 0.00 0.00 0.00 0.00 0.00 0.00 
din Gymnodinium arcticum 0.00 0.23 0.00 0.00 0.00 0.00 0.00 0.00 
din Tripos bigelowii 0.00 0.00 0.00 0.02 0.00 0.01 0.18 0.00 
din Heterocapsa triquetra 0.01 0.12 0.00 0.01 0.02 0.02 0.00 0.03 
bac Fragilariopsis curta 0.00 0.22 0.00 0.00 0.00 0.00 0.00 0.00 
bac Coscinodiscus concinnus 0.00 0.12 0.00 0.01 0.02 0.03 0.02 0.00 
din Ceratium arcticum 0.01 0.12 0.00 0.01 0.01 0.01 0.00 0.02 
chl Pterosperma vanhoeffenii 0.01 0.04 0.01 0.00 0.01 0.01 0.00 0.09 
bac Detonula confervacea 0.00 0.06 0.00 0.00 0.01 0.02 0.08 0.00 
din Gyrodinium prunus 0.01 0.02 0.00 0.00 0.00 0.02 0.00 0.12 
bac Chaetoceros borealis 0.02 0.06 0.01 0.00 0.00 0.04 0.00 0.02 
bac Melosira moniliformis 0.00 0.06 0.00 0.01 0.01 0.01 0.05 0.02 
din Protoperidinium mendiolae 0.00 0.00 0.00 0.00 0.00 0.01 0.14 0.00 
bac Pleurosigma nicobaricum 0.00 0.00 0.00 0.00 0.00 0.00 0.14 0.00 
chl Pterosperma moebii 0.00 0.13 0.00 0.00 0.00 0.00 0.00 0.00 
bac Grammatophora angulosa 0.01 0.00 0.00 0.00 0.00 0.04 0.10 0.00 
bac Thalassiosira angustelineata 0.00 0.03 0.00 0.01 0.01 0.02 0.09 0.00 
din Tripos compressus 0.00 0.03 0.00 0.00 0.07 0.01 0.01 0.00 
bac Coscinodiscus wailesii 0.01 0.03 0.00 0.00 0.01 0.02 0.04 0.01 
din Dinophysis acuta 0.00 0.10 0.01 0.00 0.01 0.00 0.00 0.00 
din Azadinium caudatum 0.00 0.03 0.00 0.01 0.05 0.02 0.00 0.00 
bac Biddulphia alternans 0.01 0.02 0.00 0.01 0.01 0.03 0.03 0.00 
din Gyrodinium flagellare 0.01 0.01 0.00 0.00 0.02 0.03 0.03 0.01 
bac Coscinodiscus subbulliens 0.00 0.05 0.00 0.01 0.01 0.01 0.02 0.00 
din Protoperidinium peruvianum 0.00 0.00 0.00 0.00 0.00 0.00 0.07 0.01 
bac Ephemera planamembranacea 0.00 0.06 0.00 0.00 0.01 0.00 0.00 0.00 
din Protoperidinium ovatum 0.01 0.03 0.00 0.00 0.00 0.02 0.00 0.02 
chr Dinobryon balticum 0.00 0.04 0.00 0.00 0.01 0.01 0.00 0.01 
bac Thalassiosira minima 0.01 0.00 0.00 0.01 0.01 0.02 0.03 0.00 
din Karenia mikimotoi 0.00 0.04 0.00 0.00 0.02 0.00 0.01 0.00 
din Cochlodinium vinctum 0.00 0.01 0.01 0.00 0.01 0.02 0.00 0.01 
bac Chaetoceros cinctus 0.00 0.02 0.00 0.00 0.01 0.02 0.00 0.01 
bac Nitzschia frigida 0.00 0.05 0.00 0.00 0.00 0.00 0.00 0.00 
bac Fragilaria striatula 0.01 0.02 0.00 0.00 0.00 0.01 0.00 0.00  
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Table A.19 
List of the top 100 most wide-spread species across our biomes. The number represent the relative area covered by a species on average across all months. The missing 
values indicate that the species is not among the top 100 for that respective biome. The average area coverage of all species is found in Table A.18. Marked in blue are 
the characteristic species mentioned in the text for each biome. The following abbreviations were used: Phy for phylum; cl for class; din for Dinoflagellata; bac for 
Bacillariophyceae; hap for Haptophyta; chl for Chlorophyta; cya for Cyanobacteria; dic for Dictyochophyceae; TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS 
for WInter Subtropical biome; SUS for SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and Tropical biome; PEU for Pacific 
Equatorial Upwelling biome; SMN for Seasonal MoNsoon.  

(continued on next page) 
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Table A.19 (continued ) 

(continued on next page) 

U. Hofmann Elizondo et al.                                                                                                                                                                                                                   



Progress in Oceanography 194 (2021) 102530

44

Table A.19 (continued ) 

(continued on next page) 
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Table A.19 (continued ) 

(continued on next page) 
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Table A.19 (continued ) 

(continued on next page) 
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Table A.19 (continued ) 

(continued on next page) 
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Table A.19 (continued ) 

Fig. A.16. Comparison of the global area coverage of wide-spread and rare species. The continuous distribution from wide-spread to local species is shown with four 
representative species, reflecting the extreme ends of the spectrum. (a) Species Tripos extensus is the species with the largest mean area coverage, (b) species 
Pyrophacus vancampoae is the species with the 179th largest mean area coverage, (c) species Heterodinium blackmanii is the species with the 358th largest mean area 
coverage, (d) species Fragilaria striatula is the species with the least mean area coverage. The color bar shows the number of months the respective species is found in 
a 1◦ × 1◦ pixel. 
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A.12. Indicator species 

Fig. A.17. 

Fig. A.17. Number of times, an indicator species of a specific biome was a satellite species in another biome.  
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A.13. Species co-occurrences 

Table A.20. 

Table A.20 
Co-occurrence metric for significant phytoplankton species pairs in all biomes. The co-occurrence metric is based on the text analysis algorithm by Dunning (1993). 
Positive values suggest a pair of species that co-occurs more often than expected from the individual presence frequencies of species across all months. Negative values 
suggest a pair of species that co-occurs less often than expected from the individual presence frequencies of species across all months. Species pairs are chosen as 
significant pairs if they have a positive value and the minimum area coverage between the species involved is above the 90th percentile in one biome, and the as-
sociation value is negative or the minimum area coverage between the species involved is below the 10th percentile in all other biomes (Section 2.6.3). For each biome 
we highlighted in blue the respective significant pairs. The following abbreviations were used: Phy for phylum; cl for class; din for Dinoflagellata; bac for Bacillar-
iophyceae; hap for Haptophyta; chl for Chlorophyta; dic for Dictyochophyceae; TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS for WInter Subtropical biome; 
SUS for SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR for Monsoon and TRopical biome; PEU for Pacific Equatorial Upwelling biome; SMN 
for Seasonal MoNsoon.  

(continued on next page) 
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A.14. Environmental conditions in our eight biomes 

Fig. A.18 and A.19 
Table A.21. 

Fig. A.18. Environmental conditions found in each of our biomes across the twelve months together analyzed jointly, shown for individual environmental variables 
separately. The biomes are sorted according to their average latitude starting from high latitudes to the equator. The units of the environmental variables are: N, P, Si 
and P*/N* in μ mol

L ; SSS in PSU; SST in ◦C; MLD in m; NPP in mg C
m2d; PAR in Einstein

m2d ; chl in mg
m3; pCO2 in μatm; wind in ms . The following abbreviations were used: TRP for 

TRoPical biome; HIL for HIgh Latitude biome; WIS for WInter Subtropical biome; SUS for SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR 
for Monsoon and Tropical biome; PEU for Pacific Equatorial Upwelling biome; SMN for Seasonal MoNsoon. 

Table A.20 (continued ) 
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Fig. A.19. Two-dimensional projection of the pCO2 and SST values found within our eight biomes across all twelve months analyzed jointly. The different colors 
denote the different biomes. The black dot shows the mean biome values in the two dimensions. Envelopes show the convex hull covering the interquartile range of 
pCO2 and SST for each individual biome. The units of the environmental variables are: SST in ◦C; pCO2 in μatm. The following abbreviations were used: TRP for 
TRoPical biome; HIL for HIgh Latitude biome; WIS for WInter Subtropical biome; SUS for SUmmer Subtropical biome; HIT for HIgh latitude Transition biome; MTR 
for Monsoon and Tropical biome; PEU for Pacific Equatorial Upwelling biome; SMN for Seasonal MoNsoon. 

Table A.21 
Median and interquartile range of the environmental conditions found in each of our biomes across the twelve months together analyzes jointly. The units of the 

environmental variables are: N, P, Si and P*/N* in 
μmol

L
; SSS in PSU; SST in ◦C; MLD in m; NPP in 

mg C
m2d

; PAR in 
Einstein

m2d
; chl in 

mg
m3; pCO2 in μatm; wind in 

m
s
. The 

following abbreviations were used: TRP for TRoPical biome; HIL for HIgh Latitude biome; WIS for WInter Subtropical biome; SUS for SUmmer Subtropical biome; HIT 
for HIgh latitude Transition biome; MTR for Monsoon and Tropical biome; PEU for Pacific Equatorial Upwelling biome; SMN for Seasonal MoNsoon.   

TRP HIL WIS SUS HIT MTR PEU SMN 

N 0.14 ± 0.26  13.12 ± 15.3  0.12 ± 0.26  0.13 ± 0.32  0.74 ± 1.49  0.76 ± 1.98  5.55 ± 3.3  0.28 ± 0.45  
P 0.13 ± 0.12  1.1 ± 0.91  0.13 ± 0.12  0.2 ± 0.17  0.27 ± 0.2  0.32 ± 0.18  0.66 ± 0.23  0.16 ± 0.1  
Si 1.92 ± 1.81  5.6 ± 14.61  1.47 ± 1.57  1.16 ± 1.03  1.72 ± 1.92  2.08 ± 1.63  3.74 ± 2.46  6.02 ± 4.2  
P* 0.12 ± 0.12  0.22 ± 0.25  0.12 ± 0.12  0.18 ± 0.16  0.2 ± 0.16  0.25 ± 0.12  0.29 ± 0.21  0.14 ± 0.1  
SSS 34.83 ± 0.93  34.05 ± 0.62  35.48 ± 1.19  35.9 ± 0.84  35.42 ± 0.81  35.16 ± 1.08  35.14 ± 0.41  34.38 ± 0.63  
SST 27.62 ± 2.99  7.83 ± 7.78  23.94 ± 4.1  22.7 ± 4.57  17.44 ± 3.12  27.5 ± 1.86  25.42 ± 3.32  25.96 ± 4.58  
MLD 36 ± 18.94  71.19 ± 64.4  65.53 ± 24.63  31.41 ± 16.45  61.01 ± 49.58  48.87 ± 30.88  41.44 ± 30.81  46.51 ± 31.72  
logNPP 5.45 ± 0.52  5.67 ± 1.03  5.65 ± 0.49  5.6 ± 0.7  6.14 ± 0.61  5.79 ± 0.34  6.05 ± 0.35  5.86 ± 0.38  
PAR 47.96 ± 8.06  25.32 ± 21.91  34.28 ± 10.87  53.03 ± 5.9  33.13 ± 21.26  46.56 ± 7.75  49.78 ± 6.2  43.64 ± 7.98  
logCHL − 2.57 ± 0.89  − 1.44 ± 0.76  − 2.55 ± 0.79  − 2.67 ± 0.98  − 1.65 ± 0.95  − 1.86 ± 0.52  − 1.67 ± 0.41  − 1.97 ± 0.56  
pCO2 366.77 ± 15.21  356.84 ± 20.33  351.87 ± 24.38  375.16 ± 25.99  344.87 ± 23.2  388.49 ± 24.32  433.35 ± 29.52  357.16 ± 21.26  
wind 6.23 ± 1.88  9.61 ± 2.04  7.61 ± 1.1  6.54 ± 0.92  7.75 ± 1.44  6.38 ± 2.09  6.54 ± 1.4  7.47 ± 2.09   
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A.15. Comparison between our biomes and previous partitionings 

Fig. A.20. 

Appendix B. Supplementary material 

Supplementary data associated with this article can be found, in the online version, at https://doi.org/10.1016/j.pocean.2021.102530. 
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Cabré, A., Shields, D., Marinov, I., Kostadinov, T.S., 2016. Phenology of size-partitioned 
phytoplankton carbon-biomass from ocean color remote sensing and CMIP5 models. 
Front. Mar. Sci. 3. URL https://doi.org/10.3389/fmars.2016.00039. 

Caldow, C., Monaco, M.E., Pittman, S.J., Kendall, M.S., Goedeke, T.L., Menza, C., 
Kinlan, B.P., Costa, B.M., 2015. Biogeographic assessments: A framework for 
information synthesis in marine spatial planning. Mar. Policy 51, 423–432. https:// 
doi.org/10.1016/j.marpol.2014.07.023. 

Cardoso, S.J., Nabout, J.C., Farjalla, V.F., Lopes, P.M., Bozelli, R.L., Huszar, V.L.M., 
Roland, F., 2017. Environmental factors driving phytoplankton taxonomic and 
functional diversity in amazonian floodplain lakes. Hydrobiologia 802 (1), 115–130. 
https://doi.org/10.1007/s10750-017-3244-x. 

Cermeño, P., Falkowski, P.G., 2009. Controls on diatom biogeography in the ocean. 
Science 325(5947), 1539–1541. URL https://doi.org/10.1126/science.1174159. 

Cermeño, P., Rodríguez-Ramos, T., Dornelas, M., Figueiras, F., Marañón, E., Teixeira, I., 
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Racault, M.-F., Quéré, C.L., Buitenhuis, E., Sathyendranath, S., Platt, T., 2012. 
Phytoplankton phenology in the global ocean. Ecol. Ind. 14 (1), 152–163. https:// 
doi.org/10.1016/j.ecolind.2011.07.010. 

Reid, P.C., Johns, D.G., Edwards, M., Starr, M., Poulin, M., Snoeijs, P., 2007. A biological 
consequence of reducing arctic ice cover: arrival of the pacific diatom neodenticula 
seminae in the north atlantic for the first time in 800 000 years. Glob. Change Biol. 
13 (9), 1910–1921. https://doi.org/10.1111/j.1365-2486.2007.01413.x. 

Reygondeau, G., Maury, O., Beaugrand, G., Fromentin, J.M., Fonteneau, A., Cury, P., 
2011. Biogeography of tuna and billfish communities. J. Biogeogr. 39 (1), 114–129. 
https://doi.org/10.1111/j.1365-2699.2011.02582.x. 

Reygondeau, G., Longhurst, A., Martinez, E., Beaugrand, G., Antoine, D., Maury, O., 
2013. Dynamic biogeochemical provinces in the global ocean. Glob. Biogeochem. 
Cycles 27 (4), 1046–1058. https://doi.org/10.1002/gbc.20089. 

Ricotta, C., 2002. Bridging the gap between ecological diversity indices and measures of 
biodiversity with shannon’s entropy: comment to izsák and papp. Ecol. Model. 152 
(1), 1–3. http://www.sciencedirect.com/science/article/pii/S030438 0001004689. 

Ricotta, C., 2005. Through the jungle of biological diversity. Acta Biotheoretica 53 (1), 
29–38. 

Righetti, D., Vogt, M., Gruber, N., Psomas, A., Zimmermann, N.E., 2019a. Global pattern 
of phytoplankton diversity driven by temperature and environmental variability. 
Science. Advances 5 (5), eaau6253. https://doi.org/10.1126/sciadv.aau6253. 

Righetti, D., Vogt, M., Zimmermann, N.E., Gruber, N., 2019b. Phytobase: A global 
synthesis of open ocean phytoplankton occurrences. Earth Syst. Sci. Data Discuss. 
2019, 1–39. https://www.earth-syst-sci-data-discuss.net/essd-2019159/.  

Ringelberg, J.J., Zimmermann, N.E., Weeks, A., Lavin, M., Hughes, C.E., 2020. Biomes as 
evolutionary arenas: Convergence and conservatism in the trans-continental 
succulent biome. Glob. Ecol. Biogeogr. 29 (7), 1100–1113. https://doi.org/10.1111/ 
geb.13089. 

Rivero-Calle, S., Gnanadesikan, A., Castillo, C.E.D., Balch, W.M., Guikema, S.D., 2015. 
Multidecadal increase in north atlantic coccolithophores and the potential role of 
rising CO2. Science 350 (6267), 1533–1537. https://doi.org/10.1126/science. 
aaa8026. 
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