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Presence probability of the marine phytoplankton species Asteromphalus
flabellatus, projected by a statistical model (1, present; 0, absent)

One of the most pressing tasks faced by environmental scientists and society is to predict how
climate and other environmental factors shape the distribution of biological species at the
global scale. Whether a region houses many or few species affects ecosystem functions,
including productivity and stability, through complementarity in species’ niches.
Phytoplankton have evolved ecological niches that fill the entire near-surface global ocean.
Despite being some of the tiniest organisms on Earth, they drive as much as half of global
primary production. However, the functional and ecological consequences of phytoplankton
species diversity have been poorly known, as global diversity patterns of these microbes have
been among the least characterized throughout the history of ecology. To determine global
patterns and drivers of phytoplankton diversity, this thesis combines ocean-sourced data with
statistical models, developed specifically to address data sparseness.
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Summary
Marine phytoplankton account for roughly half of global primary production and
constitute a uniquely diverse planktonic group. In addition to regulating some of
Earth’s most climate-relevant biogeochemical cycles, the distribution of
phytoplankton diversity across today’s and future oceans may influence the entire
marine fauna. However, global diversity patterns of species, their traits, or niches,
have remained poorly characterized for phytoplankton. A major reason for this
knowledge gap is that most of the ~15’000 phytoplankton species existing in the
ocean have not been sampled or been incompletely sampled at the global scale.
Global gradients in species richness, such as the general decline in species richness
from the equator to the poles are among the longest documented patterns in ecology.
Yet, such patterns have only recently been documented for open ocean taxa globally.
The emerging paradigm for these taxa has been that species richness plateaus around
the equator and declines continuously from the mid latitudes to the poles. The
metabolic theory of ecology posits that sea surface temperature drives diversity
pattern generation, because ambient temperature determines the rates of organismal
metabolism and also evolutionary speed, leading to higher species richness in tropical
than colder regions. Alternative hypotheses for the latitudinal richness gradient invoke
greater tropical climate stability, the larger area of tropical biomes, productivitydiversity relationships, or geometric effects, among others.
In my thesis, I use species occurrence data and statistical models to analyze global
phytoplankton diversity patterns. I first assemble a global phytoplankton database
including more than 1.28 million species records from five archival sources, such as
OBIS and GBIF (chapter 2). The quantity of data amounts to roughly twice that
obtained from the largest single source considered (OBIS). A total of 3288 scientific
names in the raw data, including synonyms, have been taxonomically harmonized,
excluding fossil, freshwater or erroneous species. The cleaning led to a final number
of 1709 species in the database, corresponding to ~30% of all marine phytoplankton
species catalogued. Direct raw data analyses reveal that sampling activities in tropical
seas (>20° C) have inventoried roughly three times the number of species of cold
(<10° C) seas. Yet sampling efforts are strongly unevenly distributed across the globe,
with significant information gaps occurring in the South Pacific, limiting direct data
analyses. The database represents an important contribution towards harmonizing
phytoplankton data from multiple sources and may be used for biogeographic or
ecological analyses.
To explore how phytoplankton diversity varies along environmental and spatial
gradients, I use species distribution models (SDMs), also termed ecological niche
models (chapter 3). These models infer the realized ecological niche of a species by
fitting relationships between the species’ occurrence data and co-located
environmental data and project the niche across the full ocean. Important limitations
to the use of SDMs for phytoplankton are the data scarceness and sampling biases, the
short-lived nature of phytoplankton, the lack of confirmed absence information, and
the lack of detailed knowledge on environmental predictors of species’ distributions. I
test SDMs with respect to data aggregation, pseudo-absences selection methods, and
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predictor choice, among other steps. I show that data limitations associated with
sparseness and survey biases can in part be overcome through pseudo-absences
selection from target groups, a fully randomized predictor choice, and ensemble
building from multiple medium-sized SDMs. The new method for predictor choice
also allows for a quantification of predictor-based uncertainty.
Using niche models and more than 540,000 observations, I project the global
biogeographic patterns of 536 phytoplankton species, from which I determine
monthly surface ocean species richness (chapter 4). Species richness varies strongly
by latitude, while longitudinal differences are comparably small. Richness in the
tropics is about three times that in higher (>45°) latitudes, in agreement with raw data
analyses and the scaling law predicted between richness and temperature by the
Metabolic Theory of Ecology (MTE). Sea surface temperature is the most powerful
predictor (R2 = 0.76, P < 0.001) of the global pattern of monthly species richness, and
of species’ presence versus pseudo-absence, across 22 variables tested (chapter 4). In
contrast to the current paradigm of open ocean biodiversity, monthly phytoplankton
species richness peaks tropically and does not fall off continuously away from the
tropics. Richness falls off steeply poleward of ~30° latitude, but this decline ceases or
reverses above 45° latitude North and South. Below 19°C, monthly resolved species
richness hence appears suppressed, with ~8°–14°C waters (~35°–60° latitude)
showing the greatest divergence relative to the linear trend predicted by MTE.
Regions of reduced species richness are characterized by maximal month-to-month
species turnover and environmental variability, suggesting that the latter reduces the
species richness directly or through enhancing species competition exclusion. These
findings also propose a strong global pattern in species’ temporal turnover, roughly
inverse to that of richness. The globally nonmonotonic relationship between
temperature and both phytoplankton richness and turnover suggests unanticipated
complexity in responses of marine biodiversity to ocean warming.
Chapter 5 provides an in-depth analysis of a recent method used to assess the thermal
sensitivity of marine fish and invertebrate communities to global warming. I
demonstrate that thermal niches determined from field data are sensitive to geometric
limits of the sampling domain and to sampling biases. The impacts of such biases on
the apparent thermal sensitivity of species communities can be quantified through null
model simulations. I recommend that data structure be considered in future globalscale estimates on the thermal sensitivity of both marine fauna and flora.
In essence, this thesis reveals a global spatial and temporal view of marine
phytoplankton species diversity. The models presented can be used in future contexts
to analyze global biodiversity patterns of scarcely or unevenly sampled taxa. An
important next task is to predict future phytoplankton species distribution patterns, as
phytoplankton are sensitive to climatic changes, with possibly direct impacts of
changes in plankton assemblages on other marine taxa and food stocks. The outcomes
of this thesis also open the door to explore the linkages between phytoplankton
assemblage and trait patterns (e.g. of cell size), between biodiversity patterns across
multiple trophic plankton levels, and between species’ niches. Only if we understand
the biogeography and diversity of phytoplankton, we can assess their impact on global
primary productivity, perform climate impact projections across marine taxa and
trophic levels, and predict climate-driven shifts in marine biogenic carbon uptake.
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Zusammenfassung
Das marine Phytoplankton ist verantwortlich für ungefähr die Hälfte der globalen
Primärproduktion und stellt eine außerordentlich vielfältige Planktongruppe dar.
Nebst der Regulierung von klimarelevanten biogeochemischen Kreisläufen, kann die
globale Verteilung der Phytoplankton-Diversität im heutigen und zukünftigen Ozean
auch die gesamte Meeresfauna beeinflussen. Globale Vielfaltsmuster der Arten,
Artmerkmale und ökologischen Nischen des Phytoplanktons sind jedoch noch kaum
bekannt. Ein Hauptgrund für diese Wissenslücke ist, dass die meisten der ca. 15'000
Phytoplankton-Arten im globalen Ozean nicht oder unvollständig erhoben wurden.
Veränderungen der Artenvielfalt entlang der geographischen Breite, wie der generelle
Abfall der Artenvielfalt von den Tropen zu den Polen, gehören zu den bestdokumentierten ökologischen Mustern. Solche Muster wurden jedoch im offenen
Ozean erst kürzlich auf globaler Ebene für gewisse Taxa beschrieben. Das Paradigma
für diese Taxa ist ein Plateau der Artenvielfalt in niedrigen Breiten und ein Abfallen
der Artenvielfalt von den mittleren Breiten hin zu den Polen. Die Ursache für den
Breitenabfall der Artenvielfalt könnte im Zusammenhang stehen mit
temperaturbedingten Unterschieden in Diversifizierungsraten von Arten auf
evolutionären Zeitskalen, wie sie die ökologische Stoffwechseltheorie voraussagt.
Andere Hypothesen erklären globale Artenvielfaltsmuster unter anderem mit einer
erhöhten Klimastabilität in den Tropen, einer grösseren Fläche tropischer Biome,
Zusammenhängen zwischen Vielfalt und Produktivität oder geometrischen Effekten.
Das Kapitel 2 dieser Arbeit beschreibt die Synthese einer globalen Beobachtungsbasis
mariner Phytoplankton-Arten aus fünf Datenquellen (unter anderem OBIS und
GBIF). Der gewonnene Datensatz umfasst 1,28 Millionen geographische
Beobachtungspunkte, etwa doppelt so viele Punkte, wie aus der grössten einzelne
Datenquelle stammen (OBIS). 3288 wissenschaftliche Namen (einschließlich
Synonyme) in den Primärdaten wurden taxonomisch harmonisiert. Fossile,
limnologische und unklare Arten wurden ausgeschlossen. Diese Schritte resultierten
in 1709 Arten im finalen Datensatz, etwa 30% der bekannten marinen PhytoplanktonArten. Direkte Rohdatenanalysen zeigen, dass Beobachtungen in tropischen Meeren
(> 20 ° C) in etwa die dreifache Anzahl an Arten hervorbringen, wie Beobachtungen
in kalten Meeren (<10 ° C). Phytoplankton-Arten wurden allerdings kaum erhoben im
Südpazifik und die räumlich-zeitliche Dichte der Beobachtungen variiert global sehr
stark. Dies erschwert die direkte Analyse der Artenvielfalt. Die Datenbank stellt einen
wichtigen Schritt dar, Phytoplankton-Aufnahmen aus mehreren Archiven zu
harmonisieren und dient biogeografischen und ökologischen Untersuchungen.
Um zu untersuchen, wie die Artenvielfalt global variiert, werden in Kapitel 3
Nischenmodelle (SDMs) entwickelt. SDMs assoziieren die Beobachtungspunkte einer
bestimmten Art mit Umweltdaten, um die ökologische Nische der Art abzuschätzen.
Die gewonnenen Zusammenhänge werden auf den globalen Ozean projiziert, um eine
Abschätzung der Artenverbreitung zu erhalten. Wichtige Einschränkungen für die
Verwendung von SDMs für Phytoplankton sind die Datenknappheit und die
unsystematische Beobachtungsdichte, die Kurzlebigkeit von Phytoplankton, das
Fehlen von Absenzen-Daten und ungenügendes Wissen bezüglich relevanter Faktoren
für die Artenverbreitung. Dies erfordert eine Weiterentwicklung der SDMs
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hinsichtlich ihrer Komplexität, des Umgangs mit wenigen Datenpunkten, der
Auswahl von Pseudoabsenzen, und Variablenselektion. Die Verwendung von SDMs
mit Standardeinstellungen führt zu Resultaten in der Artenvielfalt, welche mit der
zugrundeliegenden Datenverzerrung korreliert sind. Hingegen resultieren biologisch
interpretierbare Muster, wenn die angepassten SDMs verwendet werden. Ein neues
und dem Zufallsprinzip unterstehendes Variablen-Selektionsverfahren, kombiniert mit
einem Multimodell-Ansatz, und die Auswahl von Pseudoabsenzen über Zielgruppen
erweist sich als besonders wertvoll für die Abschätzung von global verteilten, aber
kaum erhobenen Arten. Zudem können Unsicherheiten, die durch die Variablenwahl
entstehen, durch den neuen Variablen-Selektionsansatz abgeschätzt werden.
Mit Hilfe von Nischenmodellen und mehr als 540,000 Beobachtungspunkten
projiziere ich globale biogeografische Muster von 536 Phytoplankton-Arten, anhand
derer ich die monatliche Artenvielfalt des Oberflächenozeans ermittle (Kapitel 4). Die
Phytoplankton-Artenvielfalt schwankt global stärker über die geographische Breite
als über die geographische Länge. Die Diversität in den Tropen ist etwa dreimal so
hoch wie in höheren Breiten (>45°), sowohl in Übereinstimmung mit
Rohdatenanalysen als auch mit den Skalierungsgesetzen, welche die ökologische
Stoffwechseltheorie prognostiziert. Das globale Muster der PhytoplanktonArtenvielfalt wird innerhalb von 22 getesteten Variablen (Kapitel 4) am besten durch
die Meerestemperatur erklärt (R2 = 0.76, P <0.001). Die Temperatur ist im Schnitt
auch der wichtigste Faktor um Artenverteilungen direkt in den Beobachtungspunkten
versus Pseudoabsenzen zu erklären. Im Kontrast zu bekannten Biodiversitätsmustern
im offenen Ozean ist die monatliche Artenvielfalt beim Phytoplankton am höchsten in
den Tropen und fällt nicht kontinuierlich ab entlang der Breite. Der Breitenabfall der
Artenvielfalt ist steil bei etwa 30° Nord und Süd. Die Vielfalt erreicht ein Minimum
in mittleren Breiten, worauf sie polwärts wieder leicht ansteigt. Unterhalb von 19 °C
ist die Vielfalt niedriger als erwartet, wobei in Meeren mit einer Temperatur von
ungefähr 8°–14 °C (~35°–60° Breite) die grösste Divergenz zu den Vorhersagen der
Stoffwechseltheorie auftritt. Regionen mit monatlich minimaler Vielfalt
korrespondieren mit einem maximalen Abwechseln von Arten auf monatlichen
Zeitskalen und hoher Umweltvariabilität, wobei letztere die Vielfalt direkt oder durch
verstärkten Konkurrenz-Ausschluss verringern könnte. Der nicht-monotone
Zusammenhang zwischen der Temperatur und sowohl der Artenvielfalt als auch der
zeitlichen Artendynamik könnte zu unerwarteten Veränderungen der marinen
Biodiversität unter künftiger Ozeanerwärmung führen.
Kapitel 5 analysiert eine Methode, die kürzlich verwendet wurde, um die Sensitivität
von marinen Fischen und Wirbellosen bezüglich Klimaerwärmung einzuschätzen. Es
wird klar, dass aus Beobachtungsdaten gewonnene Temperaturnischen von Arten
verzerrt werden in dieser Methode, durch Grenzen des globalen Beobachtungsraums
und durch räumliche Unterschiede in der Beobachtungsdichte. Die Auswirkungen
solcher Verzerrungen auf Wärmeempfindlichkeitsindizes von Artengemeinschaften
können durch Modell-Simulationen quantifiziert werden. Auf diesen Erkenntnissen
aufbauend schlage ich vor, Effekte der Datenstruktur künftig zu berücksichtigen, um
Voraussagen zur Klimaempfindlichkeit der marinen Fauna und Flora zu verbessern.
Zusammenfassend liefert diese Doktorarbeit einen ersten globalen Ein- und Überblick
in die Biodiversitätsverteilung und die zeitliche Dynamik von Phytoplankton-Arten
im Ozean. Die entwickelten Modelle könnten künftig auf andere spärlich erhobene
vi

Artengruppen übertragen werden. Die Modellierung von Phytoplankton-Verteilungen
unter Klimaszenarien stellt eine wichtige künftige Aufgabe dar, da das Phytoplankton
sensibel auf Umweltveränderungen reagiert, mit möglicherweise direkten Folgen für
andere Meereslebewesen und marine Nahrungsressourcen. Die Konzepte dieser
Arbeit eröffnen Forschungsmöglichkeiten in mehrere Richtungen. Diese könnten
Verbindungen zwischen Artenverteilungen und morphologischen Eigenschaften
(beispielsweise Zellgrösse) aufzeigen, die Funktionen von Arten-gemeinschaften
abschätzen, Biodiversitäts-Zusammenhänge auf mehreren Ebenen der Nahrungskette
analysieren oder Einsichten in die ökologische Nischenvielfalt beinhalten. Nur wenn
wir die Biogeographie und Vielfalt des marinen Phytoplanktons verstehen, können
wir dessen Einfluss auf die marine Produktivität beurteilen, Klimaauswirkungen auf
höhere marine Lebewesen und Nahrungsnetze abschätzen, sowie Veränderungen der
biogenen Kohlenstoffaufnahme des Ozeans vorhersagen.
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Chapter 1

Introduction
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1.1 A missing piece in global biogeography
A pattern underlying global biodiversity
At the latest in 1807, ecologists noted that the variety of species was unevenly
distributed across the Earth and particularly high in the tropics. In Alexander von
Humboldt’s Ansichten der Natur, this phenomenon was described as follows: “The
nearer we approach the tropics, the greater the increase in the variety of structure,
grace of form, and mixture of colors, as also in perpetual youth and vigor of organic
life” (translated to English by Otté and Bohn, 1850). Humboldt’s observations were
motivated by a deep curiosity for the apparent profusion and uneven distribution of
biomass and plant richness: “The verdant carpet which a luxuriant flora spreads over
the surface of the Earth is not woven equally in all parts; for while it is most rich and
full where, under an ever-cloudless sky, the sun attains its greatest height, it is thin
and scanty near the torpid poles, where the quickly-recurring frosts too speedily
blight the opening bud or destroy the ripening fruit”, and observations had started to
span the globe: “Those who are capable of surveying nature with a comprehensive
glance, and abstract their attention from local phenomena, cannot fail to observe that
organic development and abundance of vitality gradually increase from the poles
towards the equator, in proportion to the increase of animating heat”. Not only did
von Humboldt provide an early record of the strongest signal underlying global
biodiversity (Box 1), i.e., a decline from the hyper-diverse tropics to the poles, he also
proposed two explanations for this pattern: “recurring frosts” and “animating heat”.
Box 1. Biodiversity: what do we mean?
Biodiversity is a comprehensive term, which quantifies biological variety from genes, individuals,
ecotypes, traits, and species, to communities and ecosystems (Noss, 1990). Integrating these
multiple organizational levels, biodiversity strives to capture the most relevant features of
biological differentiation that distinguish the Earth from the rest of the universe. However, owing
to the difficulties in sampling all of these biodiversity facets in the field, it is necessary to focus on
key aspects and indicators of biodiversity (Jetz et al., 2019), which may be recorded at global
scales. Typically, the number of species in a certain area (i.e., species richness) has been used as a
surrogate of biodiversity in spatial analyses and analyses of biodiversity over time (Steinbauer et
al., 2018). Given the foundational role of the species concept in biological and ecological research,
this metric has been most widely used to quantify biodiversity (Gaston, 2000). Yet, it may not be
the most powerful metric for linking biodiversity to ecological functions. More recently, species
richness has been extended to include species evenness (Lehtinen et al., 2017), species’ functional
diversity (Stuart-Smith et al., 2013), phylogenetic diversity (Faith, 2002) and their combinations
(Safi et al., 2013).
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The generality of the pattern
Following the early 19th century naturalist-explorers, two centuries of efforts in
characterizing biodiversity confirmed a high diversity of species in tropical regions
across multiple taxa (Fig. 1.1A-C) and a latitudinal decline of diversity when moving
out of the tropics, with very few exceptions (Gaston, 2000, 1996). These patterns
were mostly characterized in terms of differences in species numbers between regions
or survey plots, i.e., species richness. Some of the most frequently documented taxa,
whose richness patterns support a latitudinal biodiversity decline from equator to pole
include plants (Keil and Chase, 2019; Kreft and Jetz, 2007; Otté and Bohn, 1850;
Usinowicz et al., 2017), vertebrates (Jenkins et al., 2013; Safi et al., 2013), birds
(Blackburn and Gaston, 2006), amphibians (Buckley and Jetz, 2007), insects
(Condamine et al., 2012), fishes (Pelayo-Villamil et al., 2015,) and invertebrates
(Gaston, 2000). In a comprehensive effort including nearly 600 latitudinal richness
gradients, spanning terrestrial and marine taxa (Hillebrand, 2004a), less than 30 of the
gradients diverged significantly from a tropical to polar decline. The subset of
gradients that showed positive latitude-biodiversity relationships, rather than negative
ones, stemmed primarily from taxa specialized to cold (e.g. penguins) or arid (e.g.
bees) environments for which the parent taxon (in this case: birds, insects)
nevertheless exhibited a tropical diversity maximum. Other notable exceptions
revealing extra-tropical biodiversity maxima stemmed from parasitic wasps, sawflies
or bees (Gaston, 1996), marine macroalgae (Keith et al., 2014), and marine
amphipods (Barnard, 1991). The finding that exceptional latitudinal diversity
gradients among subordinate taxa differ from gradients of the parent taxon may
depend on phylogenetic scale (Graham et al., 2018), meaning that evolutionary
distance between species plays a role in the environmental responses and richness
patterns of species. The key question remains: why is biodiversity or species richness,
considering all subordinate taxa within a certain parent taxon, controlled in a way that
a pervasive tropical to polar gradient emerges? Answers to this question may be
obtained by looking beyond the terrestrial realm into open ocean and deep-sea
habitats. Each of these realms serves as a ‘replicate’ to test the generality of pattern
and mechanisms behind the global distribution of biodiversity (Woolley et al., 2016).
While patterns of several deep-sea taxa aligned with the general diversity decline
along

increasing

latitude

(Rex

et

al.,

1993),

deep-sea

brittle

stars
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Fig. 1.1 Global distribution of biodiversity. Terrestrial (upper row) and open ocean (lower row) key taxa, sorted by increasing trophic level (left to right), each: (A) Plant
species richness (trees) in 1 ha plots (Keil and Chase, 2019). (B) Insect (sphingid moth) species richness, estimated from species distribution models (Ballesteros-Mejia et
al., 2017). (C) Mammal richness, showing the top 5% of species that are phylogenetically most distinct (Safi et al., 2013). (D) Foraminifera, (E) krill, and (F) predator (tuna
and billfish) species richness within 880 km bins (Tittensor et al., 2010). Horizontal lines in (A-C) depict equator and tropical edges (~23°N/S). Terrestrial and marine taxa
both show marked declines in biodiversity toward the poles; however, terrestrial richness hotspots appear centered around the equator (A-C), while marine richness hotspots
are often subtropical or temperate (D-F) (~30-40°N and S).

(Woolley et al., 2016) showed maximal species richness at mid-to-high latitudes (3060° N or S) rather than in the tropics. Obtaining a global picture of biodiversity across
realms remains an exciting task, as factors that form biodiversity patterns may differ
between principal habitat types as well as their temporal variability. For example,
global patterns of biodiversity and their underlying mechanisms may differ between
the energy poor deep-sea, which shows a shallow and stable temperature gradient, and
the sunlit surface of the ocean and terrestrial realms, where temperature varies
strongly, and also seasonally, with increasing latitude (Stevens, 1989).
A disparity in observational efforts across global habitats
A globally integrated picture of biodiversity across realms has been impeded by the
uneven efforts spent to analyze the different taxa and principal habitat types
(“physical milieus”) existing on Earth. The open ocean and the deep-sea constitute
two giant habitats, which span most of the biosphere, but biodiversity gradients have
been rarely reported for these systems (e.g. N = 39 for pelagic ocean; N = 34 for deepsea, out of nearly 600 diversity gradients reported in Hillebrand, 2004). Historically,
broad-scale patterns in terrestrial biodiversity of fauna and flora have intrigued
biologists fist on the land (at least since the early 19th century), likely because
terrestrial taxa were more easily accessible to human observations than marine taxa. A
first major effort to analyze marine biodiversity was the Challenger expedition,
operating from 1872 to 1876, which revealed a high variety of previously unknown
marine and deep-sea taxa, and it was in the late 1960s when the first richness patterns
of marine species were mapped globally, using coastal invertebrates (Stehli et al.,
1967) and open ocean foraminifera (Ruddiman, 1969) as study organisms. Ever since,
efforts to characterize marine biodiversity have increased. Latitudinal gradients of
other marine groups were explored since the 1970s (Angel, 1993; Honjo and Okada,
1974; Rutherford et al., 1999) (see section 1.3). In addition, longer-term monitoring
stations of marine biodiversity have been installed in the Arctic since 1999 (Soltwedel
et al., 2016), in the Sargasso sea since 1988 (BATS; Treusch et al., 2012), in the
North Pacific since 1988 (HOT; Karl and Lukas, 1996), and the central Pacific since
1985 (Moorea; McCliment et al., 2012) among further stations (e.g. Antarctica;
Moline and Prézelin, 1997). Additional monitoring has addressed, and continues to
address, global reef corals and reef fauna since 2007 (Edgar and Stuart-Smith, 2014)
or commercially exploited fish (Cheung et al., 2013; Worm, 2005). However, these
5

long-term monitoring efforts have often focused on benthic (near coastal) or regional
systems. Thus, the open ocean still remains underexplored relative to the terrestrial
realm.
A modified pattern of diversity in the open ocean
Patterns of species richness in the open ocean across multiple taxa (Fig. 1.1D-F) and
derived latitudinal gradients of species richness clearly differ in some aspects from
the latitudinal gradient typically observed in the terrestrial realm (Gaston, 2000).
While terrestrial species richness often peaks at the equator and declines close to
monotonically away from it, species richness of open ocean taxa is often slightly
reduced at the equator or plateaus broadly around the equator, with maximal richness
observed between subtropical and temperate latitudes (Fig. 1.1D-F; ~30-40°N or S).
Evidence for this modified pattern in the open ocean stems from foraminifera
(Ruddiman, 1969; Rutherford et al., 1999; Tittensor et al., 2010), copepods
(Rombouts et al., 2010, 2009), sharks (Worm, 2005) and additional groups, including
ostracods, decapods, crustaceans (Angel, 1993; Hillebrand, 2004b), cephalopods,
larvaceans, medusae, salps (Macpherson, 2002), bacterioplankton, and phytoplankton
(Table 1.1).
A global spatial analysis of species richness, including 13 taxa from zooplankton to
sharks (Tittensor et al., 2010), confirmed that species richness of open ocean
organisms was not clearly maximal in the tropics, but tended to be invariant or to be
increasing from the tropics to the subtropics, with a subsequent and clear decline from
~40° latitude to the poles. This analysis also revealed geographic differences between
the spatial species richness of coastal and oceanic groups. Coastal groups, including
sea-grasses, mangroves, corals, reef fishes and sharks, showed richness maxima in the
tropical Western Pacific and in the Caribbean (Tittensor et al., 2010) and a close to
monotonic latitudinal increase from the poles to the equator, peaking near the equator.
In correspondence with this result, one of the first global spatial analyses of marine
taxonomic richness (Stehli et al., 1967) found an increase of invertebrate richness
from the poles to the equator at species–, genus–, and family level, and two provinces
with particularly high richness: the tropical Atlantic and Indo-Australian archipelago.
One explanation for the remarkable hotspot of marine benthic biodiversity around the
Indo-Australian archipelago are extensive coral reefs, which may have served as a
6

stable habitat to marine organisms through Quaternary climate fluctuations, thus
preserving diversity (Pellissier et al., 2014). In essence, open ocean taxa
overwhelmingly showed subtropical to temperate richness peaks, while coastal taxa
showed tropical richness peaks with a Western Pacific province of highest richness.
A missing biogeography for autotrophs
Key terrestrial autotrophs (in essence, vascular plants) have been foundational to
ecology research since von Humboldt’s voyage. Vascular plants have served as a
system to analyze species richness gradients with latitude (Usinowicz et al., 2017),
elevation (Nogués-Bravo et al., 2008; Steinbauer et al., 2018; Whittaker, 1967) or
between biomes (Fine and Ree, 2006), and served to test ecological niche theory
(Kraft et al., 2008; Levine and HilleRisLambers, 2009; McGill, 2003; Silvertown et
al., 1999). In addition, global patterns in diversity have recently been analyzed for
marine autotrophic taxa, such as seagrasses (Tittensor et al., 2010) and macroalgae
(Keith et al., 2014). However, species richness analyses at the global scale neglected
phytoplankton (e.g. Tittensor et al., 2010), the principal photosynthetic autotrophs
found in open waters. These primary producers are dispersed passively by currents
throughout the sunlit global ocean (Greek adjective “planktos”, errant or wandering;
“phyto”, from Greek “phyton”, plant) and drive nearly the entire primary production
of the ocean and ~50% of the primary production on Earth (Falkowski, 1998; Field et
al., 1998). Phytoplankton comprise ~3’500 to 17’000 marine species (de Vargas et al.,
2015; Falkowski et al, 2004; Sournia et al., 1991), spread across at least six clades or
lineages with different evolutionary histories (Falkowski et al., 2004), and often these
clades carry out distinct biogeochemical roles (Le Quéré, 2005).
The exceptional richness of phytoplankton species in open water bodies has intrigued
ecologists for at least half a century (Hutchinson, 1961). Well above 100 species can
be found in a few milliliters of seawater (Cermeño et al., 2014). Given that open
water bodies contain only a hand-full of nutrients for which phytoplankton species
compete, the high richness of coexisting phytoplankton species is conflicting with
classical competition theory (Gause, 1932), a situation that has been referred to as the
“paradox of the plankton” (Hutchinson, 1961). Today, both the global patterns and the
drivers of phytoplankton species richness remain unclear (Rodríguez-Ramos et al.,
2015). Apart from marine coccolithophores (O’Brien et al., 2016), an important group
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of calcifying phytoplankton, and the photosynthetic cyanobacteria (Ladau et al.,
2013), global maps lack for phytoplankton species richness. Knowledge on
phytoplankton taxonomic richness patterns has almost exclusively been obtained from
regional to basin scale studies (Table 1.1) and from a limited number of globally
distributed metagenomic samples (Bork et al., 2015; Malviya et al., 2016).
Structure
Subsequently, I describe the general importance of biodiversity for the functions and
services of ecosystems (section 1.2). I will review large-scale species richness
patterns of phytoplankton and other plankton groups, and present evolutionary or
ecological hypotheses that strive to explain observed patterns (1.3). I will also
highlight functional and ecological impacts of phytoplankton on the marine
ecosystem (1.4). I will then introduce the ecological niche concept (1.5) and its
applications in the context of statistical species distribution models and thermal
vulnerability patterns of marine species. Finally, I provide an outlook of the
objectives addressed by this thesis (1.6).

1.2 The importance of biodiversity: diversity-function
relationships
Environmental change and the critical value of biodiversity
“Ecosystem services” and “ecosystem functions” represent two young concepts in
ecology. While a consistent definition has been lacking for both of them, the former
typically involves a direct reference to humans, while the latter does not. “Ecosystem
services” denote goods or services provided by ecosystems, such as clean water,
constant stream flow, or food (Fisher et al., 2009), which are relevant to human
welfare. “Ecosystem functions” on the other hand include a range of processes, which
can (but need not) be consumed or utilized by humans. An ecosystem function (also
termed ecosystem functioning; Loreau, 2000) is often loosely defined as “ecosystem
process”, such as primary production, organic decomposition, resistance to climate
perturbation, nitrogen mineralization, soil formation, or pollination (Bengtsson,
1998). Ecosystem functions may also refer to enhanced stability or resistance of
ecosystems to perturbation. Within this thesis I refer to functions as processes
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occurring in ecosystems, driven by species or species networks. I consider ecosystem
functions as ecosystem services, as soon as humans obtain direct benefits.
Linking patterns of biodiversity to ecosystem services is one of today’s key tasks
faced by environmental scientists (Cardinale et al., 2012), as ecosystem services
represent economic incentives for society, policy, and management to implement
global biodiversity conservation targets (Barbier et al., 2018; Edwards, 2000). In
2010, the so-called “Aichi Targets” were defined under the “Convention on
Biological Diversity” by the international community (Tittensor et al., 2014), which
aim at safeguarding vital ecosystem services. Linking patterns of biodiversity to
ecosystem functions, on the other hand, is essential to advance our understanding of
the importance of taxonomic and functional diversity (e.g., patterns of functional
traits, such as leaf size or body size) for processes such as primary production or
carbon sequestration in ecosystems (Clark et al., 2012; Scheiner, 2012; Stuart-Smith
et al., 2013). This task involves a determination and description of key aspects of
biodiversity (Box 1) relevant to specific ecological functions (Jetz et al., 2019).
Efforts to safeguard the patterns, functions, and services (Liang et al., 2016) of
biodiversity are one of the most urgent international tasks, as biodiversity in terms of
species is currently lost at a factor roughly 100 times higher than historical
background rates (Ceballos et al., 2015). Simultaneously, the distributions of many
Box 2. What are the key aspects of biodiversity besides species richness?
From an evolutionary and ecological point of view, the number of species (i.e., species richness in a
certain area or volume) has been a key focus of ecological research. The concept of biodiversity, can
be defined in multiple ways, and current definitions may include the variety of genes, differences in
species abundance in community composition, biological traits, phylogenetic distances between
species, and ecosystem level types. Advanced indices of diversity quantify not only species richness,
but also species evenness (i.e., the relative frequency of individuals in a community; how balanced is
the community in terms of species?), species turnover (i.e., the dissimilarity in the identities of
species assemblages between two sites in time or space; e.g., Jaccard index) and species nestedness
(i.e., a situation where one site contains a subset of the species of another site; Beenedetti et al.,
2016). Moving away from the species concept, metabarcoding and genetic referencing of
environmental samples provide a gene-based view of biodiversity, i.e., metagenomic, transcriptomic
or transproteomic diversity/richness, which, to a certain extent, can be linked to taxa (Farrant et al.,
2016; Malviya et al., 2016) or ecological functions (Darwin, 1859).

9

species have started to shif in a warming climate (Brun et al., 2019; Chen et al., 2011;
García Molinos et al., 2016; Pinsky et al., 2013). These climate-driven shifts lead to a
restructuring of ecosystems on large spatial scales (Beaugrand, 2002) and may also
push a substantial fraction of species outside their suitable habitats (Thomas et al.,
2004). As an example, arthropods (which include the insects and globally more than
60% of all species, Hamilton et al., 2010) in a Puerto Rican rainforest declined fourfold to eight-fold in abundance, when collected by sweep samples, and 30-fold to 60fold in sticky traps, between the year 1976 and 2012 (Lister and Garcia, 2018). This
decline has been associated with a climatic warming of 2°C observed over the same
period and may fundamentally impair the functioning and the food-web stability of
this tropical ecosystem. Additional pressures on biodiversity, besides that imposed by
climate change include man-made species exploitation (Worm et al., 2006),
environmental pollution (Obbard et al., 2014), habitat destruction (Margono et al.,
2014), invasive species spread (Powell et al., 2013), ocean acidification (Gruber et al.,
2012) and global biogeochemical perturbations (Yang and Gruber, 2016).
Diversity-stability relationships
The loss of species from ecosystems may lead to loss of ecosystem stability or
resilience and a loss of ecosystem functions (e.g. carbon export in marine planktonic
systems; Guidi et al., 2016; Tréguer et al., 2018), following anthropogenic or natural
perturbations (Isbell et al., 2015, 2011). A large number of empirical studies since the
1960s demonstrated that diversity (mostly in terms of species richness) increases the
stability (Ives and Carpenter, 2007), resilience (Wardle et al., 2000), productivity
(Yachi and Loreau, 1999), and services (Liang et al., 2016) of ecosystems
(MacArthur, 1955; Tilman and Downing, 1994). Increased ecosystem stability or
resilience concerns the state and health of ecosystems with respect to anthropogenic
and natural perturbations (Boyer et al., 2009; Isbell et al., 2015; Palumbi et al., 2009;
Worm et al., 2006). By stabilizing ecosystems and by safeguarding their productivity,
biodiversity also maintains important ecosystem services, including food provision
(Chassot et al., 2010), harvest of wood (Liang et al., 2016), organic decomposition,
water filtering, flood control, pest control or detoxification (Hooper et al., 2012;
Worm et al., 2006), all of which benefit humans (Cardinale et al., 2012; Liang et al.,
2016).
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Diversity-productivity relationships
The best studied organism group with respect to diversity-function relationships are
terrestrial plants (Isbell et al., 2015; Tilman and Downing, 1994) and their best
studied diversity-function relationship has been that with respect to primary
production (Fraser et al., 2015; Grace et al., 2016; Lambers et al., 2004; Loreau,
2000). Observed relationships between species richness and primary production in
plants have been predominantly positive (Liang et al., 2016) or positive unimodal
(Fraser et al., 2015; Grace et al., 2016; Lambers et al., 2004) using ground-sourced
data from globally distributed sampling plots, meaning that productivity generally
increases with increasing diversity until a certain diversity threshold is reached. The
relationship between diversity and productivity has been hypothesized to occur on the
basis of two fundamentally different mechanisms: resource-use complementarity
between species occurring in a community (Morin et al., 2011) and a selection effect
among the species present in a community (also termed: sampling effect) (Loreau,
2000). The complementarity hypothesis states that trait-differences between species,
such as interspecific differences in resource use, lead to a more efficient acquisition of
limiting resources and thus higher overall productivity; a hypothesis supported by
marine phytoplankton- (Ptacnik et al., 2008) and plant communities (Fargione et al.,
2007). By contrast, the selection hypothesis posits that species represent an initial
pool of trait-based diversity, from which environmental selection promotes the
dominance by few species with the best adapted traits (Loreau, 2000); this hypothesis
has been supported by marine phytoplankton communities (Cermeño et al., 2016).
Furthermore, experiments using plant communities in pots with varying numbers of
species sown per pot, have shown that productivity increased as a function of the most
productive species being experimentally included in the sown community (Spaekova
and Leps, 2001).
While both the selection effect and the complementarity effect predict a high
importance of species richness for productivity, observed diversity-productivity
relationships may differ fundamentally between the two mechanisms. In a scenario of
species complementarity, a high number of species is required simultaneously to
maximize production. Thus, productivity scales positively with the observed richness
of actively growing species in the system. Instead, in a selection scenario, only one or
few selected species drive the productivity. In this scenario, high productivity may be
11

associated with low observed richness. Nevertheless, also in the second scenario, a
high initial diversity or a high diversity of species potentially present through a seed
bank (e.g., in marine microbes; Gibbons et al., 2013; Ser-Giacomi et al., 2018) is
positively associated with primary productivity in the system. A larger initial species
pool increases the likelihood that the most productive species is part of the system and
can thus be selected by the environment to raise to dominance (Cermeño et al., 2016).

1.3 Global patterns of marine plankton diversity and related
hypotheses
Past descriptions of marine biodiversity patterns preferentially focused on taxa visible
to the naked human eye, including commercially relevant groups such as apex
predators (Fig. 1.1F), fishes (Jones and Cheung, 2015), krill (Fig. 1.1E), mammals
(Tittensor et al., 2010), and corals (Tittensor et al., 2009). Alternatively, taxa were
studied that are preserved by sediments, such as foraminifera (Jonkers et al., 2019;
Rutherford et al., 1999) (Fig. 1.1D). In the following paragraph, I will review
latitudinal biodiversity studies, which have examined the smaller and less easily
observed taxa, including marine zooplankton (e.g. Rombouts et al., 2009),
phytoplankton (e.g. Rodríguez-Ramos et al., 2015), and bacteria (e.g. Sunagawa et al.,
2015), in order to complete the view on biodiversity obtained from section 1.1.
Zooplankton patterns
For marine zooplankton, such as copepods and foraminifera, species richness
increases away from the poles and tends to saturate or slightly decline between
temperate latitudes and the equator (Rombouts et al., 2009; Rutherford et al., 1999;
Tittensor et al., 2010). The reported pattern matches the pattern known for other
marine taxa relatively well. For example, large-scale variation of foraminiferal
richness is tightly coupled to that of predator richness in the open ocean (Worm et al.,
2005). Thus, zooplankton share their pattern of species richness with at least some of
the higher trophic-level organisms. Next, I review whether empirical evidence
supports an identical pattern for marine microbes, including phytoplankton and
heterotrophic bacteria (Table 1.1).
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Phytoplankton and bacterioplankton patterns
Latitudinal gradients of phytoplankton species richness have not converged towards a
consistent pattern, yet relationships between species richness and decreasing latitude
(pole to equator) have been generally positive (Table 1.1). A latitudinal study on
Pacific diatoms and coccolithophores based on DNA metabarcoding (Endo et al.,
2018) found a positive asymptotic to hump-shaped trend with decreasing latitude, in
line with the general pattern observed for open ocean taxa. Another large scale study
based on DNA metabarconding (Malviya et al., 2016) suggested that latitudinal
gradients for diatom operational taxonomic unit (OTU) richness varied with cell-size.
Finally, diatoms or coccolithophores (Cermeño et al., 2008), and phytoplankton of
small size (Rodríguez-Ramos et al., 2015), exhibited flat latitudinal richness gradients
or scattered richness distributions, on the basis of traditional sea-water samples.
Bacterioplankton exhibited maximal OTU richness at mid latitudes (Sunagawa et al.,
2015). The study identifying these mid-latitude maxima was part of the TARA oceans
expedition, a global plankton sampling effort. The study used community DNA
shotgun sequencing (metagenomics), in which 16S ribosomal RNA gene tags were
Table 1.1 Latitudinal gradients of open ocean taxa reported since the 1970s
Taxon

Macroorganisms
Foraminifera
Tuna and billfish
Copepods
Six key taxa
Sharks
Tuna, billfish
Squids
Cetaceans
Krill
Foraminifera
Phytoplankton
Coccolithophores
Coccolithophores
Diatoms
Modeled types
Cyanobacteria
Modeled species
Microphytoplankton
Diatoms
Coccolithophores
Coccolithophores
Diatoms
Bacterioplankton
Heterotr. bacteria

Reference

Latitudinal
range

Richness maxima along
latitude (temperature)

Correlation
with T

Description of gradient from
pole to equator

Rutherford et al., 1999
Worm, 2005
Rombouts et al., 2009
Tittensor et al., 2010

65°N-60°S
70°N-50°S
87°N-47°S
85°N-65°S
85°N-60°S
85°N-60°S
85°N-65°S
85°N-65°S
85°N-65°S
85°N-65°S

~25° (~25°C)
~25° (~25°C)
~0-10°N
(0)-20-40° (20-30°C)
(30°C)
(25-30°C)
(~17°C)
(~18°C)
(25-30°C)
(~22°C)

r = 0.94
NA
r = 0.76
NA
NA
NA
NA
NA
NA
NA

positive, asymptotic-slightly arching
positive, asymptotic-slightly arching
positive, asymptotic
positive, asymptotic(-arching)
positive, asymptotic
positive, asymptotic-slightly arching
relatively weak and arching
positive, asymptotic-arching
positive, asymptotic
positive, asymptotic-slightly arching

Honjo and Okada, 1974
Cermeño et al., 2008
Cermeño et al., 2008
Barton et al., 2010
Ladau et al., 2013
Vallina et al., 2014a
Rodríguez-Ramos et al., 2015
Malviya et al., 2016
O’Brien et al., 2016
Endo et al., 2018
Endo et al., 2018

50°N-15°S (Pac)
50°N-50°S (Atl)
50°N-50°S (Atl)
global
global
60°S-60°N
51°S-66°N
62°S-42°N
55°S-85°N
40°S-70°N (Pac)
40°S-70°N (Pac)

~33°N (Pac)
~30°N, ~40°S (Atl)
~20°N, ~50°S (Atl)
~10°N
15-35°S, 15-35(-80)°N
~5°S, 40°N/S
elusive maxima
(0)-10-30°
~10°S, 0-30° (Pac)
0-40° (~17-30°C) (Pac)
20-40° (~18°C) (Pac)

NA
NA
NA
NA
NA
NA
NA
NA
ρ = 0.39
r = 0.80
NS

step from 40-30°S
unclear (positive signals at 30°N,40°S)
unclear (positive signals at 20°N,50°S)
positive, superimposed peaks at 40°*
||
positive or flat, to arching
bimodal (summer), unimodal (winter)
✩
weak linear to curvilinear increase
‡
weak asymptotic increase to arching
positive (Pac), step from 40-30° (Atl)
positive, plateauing at 40-0° (Pac)
hump-shaped (Pac)

Fuhrman et al., 2008
Sul et al., 2013
Sunagawa et al., 2015

65°S-70°N
75.6°S-72.4°N
62°S-43°N

8-25° (~27°C)
0-55°
temperate (~12°C)

r = 0.45
NA
NA

positive trend, much scatter
positive curvilinear trend, much scatter
positive trend to 12°C, then negative

§

The table comprises an exhaustive review of phytoplankton latitudinal richness gradients reported for the open ocean, and lists
examples of latitudinal gradients reported for macroscopic taxa and heterotrophic bacteria.
§
Declining richness trend from 30°S to 0° for full water-column, flat trend at surface. Shannon index (H’) yielded very similar trends.
* The Shannon index of diversity (H’) of modeled phytoplankton types was analyzed.
||
The North Atlantic exhibits a flat (summer) to positive gradient (winter). The Pacific exhibits positive asymptotic (Western Pacific) to
hump-shaped (Eastern Pacific) gradients. The gradient varies with season: during summer, high OTU richness extends into the
highest latitudes of the North Atlantic (unlike the North Pacific, where richness drops at ~40°N).
✩
Richness hotspots at mid-latitudes largely vanished after standardization for sampling effort.
‡
Latitudinal maxima of richness occurred at 20-30° for small and large diatoms but at 0-20° for diatoms with intermediate cell-size
¶
T, temperature; Atl, Atlantic; Pac, Pacific; NA, not available; NS, non-significant; Heterotr., heterotrophic; r, Pearson’s r ; ρ, Spearman’s ρ.
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clustered to OTUs (based on 97% sequence identity). Another study mapped the
richness of cyanobacteria OTUs globally and found seasonal peaks in taxonomic
richness at mid to high latitudes (North Atlantic) in winter. A third study found an
increase in bacterial OTU richness from high latitudes (>50° latitude; ~40-60 OTUs
per sample) to lower latitudes (< 25° latitude; maxima >100 OTUs per sample)
(Fuhrman et al., 2008). This study used relatively few samples that were often closely
located close to coasts and a 16S ribosomal RNA gene-based sequence similarity
(clustered to OTUs based on 98% sequence identity). A similarly positive OTU
richness trend from high latitudes to lower latitudes (with maximum richness at ~050° latitude) was reported by Sul et al. (2013). OTUs in this study were based on
mall-subunit ribosomal RNA gene sequences. The study used open ocean sampling
locations, which spanned a larger area, in particular in the Atlantic, than those of
Fuhrman et al. (2018). In sum, latitudinal richness gradients reported for
phytoplankton were either approximately consistent with the gradients reported for
macroscopic open ocean taxa, or at least the sign of the gradient’s slope was the same.
A major difference between microbial species richness gradients and the richness
gradients of macroscopic open ocean taxa was the stronger scatter in the observations
of the microbes (Fuhrman et al., 2008; Rodríguez-Ramos et al., 2015). In addition, the
shape of the latitudinal profiles reported for microscopic organisms appears to be
more variable than that of higher trophic level organisms. One study, analyzing
phytoplankton richness via microscopic species identification (Rodríguez-Ramos et
al., 2015), rather than via OTUs, argued that the flat latitudinal gradient identified was
partially driven by incomplete species richness detection within traditional seawater
samples (Rodríguez-Ramos et al., 2015). Perhaps, both the sampling methodologies,
and the seasonality found in microbial species richness patterns (Ladau et al., 2013)
have induced the data scatter and variability in microbial latitudinal gradients.
The temporally varying nature of microbial communities poses a challenge to
classical biodiversity pattern analysis. Biodiversity patterns are usually conceived as
stable patterns across the seasonal cycle (at least for long-lived, higher tropic
organisms), yet this concept needs revisiting for short-lived marine primary producers
and microbes. Phytoplankton temporal dynamics occurs over short timescales, with
seasonally transient blooms of species (Cermeño et al., 2016; Leblanc et al., 2018)
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and seasonal primary production (Boyce et al., 2017). Diversity descriptions of
ecosystems dominated by species with high temporal turnover and short life spans,
including phytoplankton, bacteria, and Archaea may need to include temporal aspects.
Hypotheses explaining global biodiversity
Two explanations put forward by von Humboldt for the global variation in plant
species richness are: “recurring frosts” and “animating heat” (Otté and Bohn, 1850).
Today, three corresponding hypotheses, i.e., the physiological tolerance hypothesis
(Currie et al., 2004; Jiang et al., 2016), the temperature or kinetic energy hypothesis
(Clarke and Gaston, 2006; Rohde, 1992) and the species-energy hypothesis still rank
among the most prominent explanations for the existence of the latitudinal species
richness gradient (Fraser and Currie, 1996; Wright, 1983). A synthesis study has
demonstrated that for 82 out of 83 studies, water or water-energy balance explained
the spatial variation of species richness better than any other climatic and nonclimatic variable tested (Hawkins et al., 2003). Yet, a large number of additional
hypotheses (>30; Willig et al., 2003) can explain the latitudinal gradient of species
richness. These hypotheses invoke processes of speciation, extinction, biotic
interactions, and migration (including dispersal and randomness) as the causes of
broad-scale gradients of species richness (Chust et al., 2013a; Quintero and Jetz,
2018). Specifically, macroecological hypotheses (Table 1.2) invoke several
mechanisms to explain global biodiversity gradients, such as: evolutionary history
(Mittelbach et al., 2007), diversity-area effects (Mittelbach et al., 2007), climate
stability ((Rosenzweig, 1992), mid domain effects (Colwell and Hurtt, 2002),
differences in species range size, known as Rapoport’s rule (Stevens, 1989), reduced
competition related to storage effects (Usinowicz et al., 2017), and the metabolic
theory of ecology (Brown et al., 2004), among others. While these hypotheses have
often found empirical support in the terrestrial realm, for many of the hypotheses the
empirical evidence has been very limited in the open ocean (Table 1.2).
Global open ocean: what hypotheses have been supported by empirical data?
In a global effort to determine the predictors of open ocean biodiversity across taxa,
Tittensor et al. (2010) tested six hypotheses (i.e., the kinetic energy hypothesis, the
species-energy hypothesis, the environmental stress hypothesis, the climate stability
hypothesis, the diversity-area hypothesis, and the effect of evolutionary history). The
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authors found support for the species-energy hypothesis by data on marine mammals,
and for the diversity-area hypothesis by data of coastal taxa (Table 1.2). However,
across all taxa, sea surface temperature was the only predictor that was significantly
and strongly related to species richness. Additional support for the potential role of
temperature as a key control on global patterns of open ocean biodiversity comes
from zooplankton (Rombouts et al., 2009; Rutherford et al., 1999; Yasuhara et al.,
2012) and gastropods (Roy et al., 1998). The study by Roy et al. (1998) compared
marine gastropod richness on shelves of the Western Atlantic with those of the
Eastern Pacific Ocean. While physical and historic factors strongly differed between
these two study regions, richness patterns were strikingly similar. Richness in both
regions was significantly correlated with sea surface temperature, which served as a
proxy for solar energy input in this study, in line with the work by Tittensor et al.
(2010). Together, these studies have suggested that temperature and kinetic energy
play a major role in structuring global marine biodiversity. Across the multiple taxa
studied by Tittensor et al. (2010), ocean basins of different age could explain little of
the observed variation in species richness, at odds with the expectation that
evolutionary history shapes large-scale species richness. Possibly, open ocean taxa
possess high dispersal capabilities, which cancel out the effect of evolutionary origin.
Nevertheless, inter-ocean dispersal of taxa, including plankton, may be incomplete
(Reid et al., 2007) and depend on currents as vectors of dispersal (Villar et al., 2015).
Key theory: the metabolic theory of ecology (MTE)
Temperature or kinetic energy may control global biodiversity patterns via
evolutionary and ecological processes (Table 1.2). With regards to evolutionary
processes, the general Metabolic Theory of Ecology (MTE) has formulated a unique
and testable prediction for species richness. The fundament of this theory is rooted in
a few and simple assumptions, namely allometric scaling relationships between
individual metabolic rate, body size, and temperature (Allen, 2002). Based on these
relationships, MTE provides an exciting and unifying theoretical framework that
predicts ecological phenomena from molecular rates to global biodiversity patterns
(Brown et al., 2004). According to the MTE, an organism’s metabolic rate is
predicted by a classical power function
(1)
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where R represents the metabolic rate of the organism, M its mass, R0 being a
coefficient, and the exponent b scales metabolism to the organism’s mass. According
to a second relationship, the rate of metabolism or biological activity, R, is a function
of temperature, assuming that higher temperatures accelerate biological processes,
(2)
whereby R’0 is fixed, Ea is the activation energy of metabolism, which serves to
determine the sensitivity of the metabolic processes to temperature, K is the
Boltzmann constant, and the T is the absolute environmental temperature.
MTE predicts that environmental temperature has direct and positive effects on the
rate of metabolisms in organisms (Allen et al., 2002; Brown et al., 2004) and on the
rates of mutation and speciation in organisms (Allen et al., 2006). The latter effect is
expected to shape the latitudinal gradient in species richness (Allen et al., 2002). The
prediction of MTE with regard to species richness is a linear and negative relationship
between logarithmic species richness (natural logarithm) and the inverse absolute
environmental temperature 1/KT. Specifically, MTE predicts that logarithmic richness
and temperature are linearly related (without making predictions on absolute species
numbers) with a slope that equals Ea of the organism’s metabolism (Brown et al.,
2004). Values of Ea for autotrophic organisms have been empirically determined and
approximate 0.32 eV, while the Ea for heterotrophic organisms is ~0.65 eV (Allen et
al., 2002). As a consequence, MTE predicts that the richness-temperature scaling
differs strongly between zooplankton (which are heterotrophic) and phytoplankton
(autotrophic), with a slope in the richness-temperature relationship of zooplankton
expected to be twice that of the phytoplankton. MTE has received compelling support
for simple predictions; for example, between metabolic rate and body size (Alcaraz,
2016) and also for the scaling of richness with temperature across several taxa (Brown
et al., 2004). Yet other studies find results that conflict with MTE (Algar et al., 2007)
or argue that MTE is a too simplified representation of reality, which does not hold in
all environmental conditions (Segura et al., 2015).
Marine plankton: Is MTE supported by empirical data?
Support for MTE in marine plankton comes from fossil data on foraminifera (Allen et
al., 2006). Across the past ~30 million years, foraminifera speciation rates in the fossil
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Table 1.2 Hypotheses for the latitudinal species richness gradient and their empirical support
Hypothesis

Description

Reference

Marine taxa
supporting the
hypothesis

Terrestrial taxa
supporting the
hypothesis (examples)

1. Physiological
tolerance
hypothesis

Richness in a particular area
is thought to be limited by the
number of species that can
tolerate local conditions:
Richness and climate covary
simply because fewer species
can physiologically tolerate
conditions in some places
than others
Warmer temperatures lead to
higher richness. Possible
mechanisms include (but not
limited to): (i) increased
metabolic rates leading to
increased rates of speciation /
decreased extinction rates (ii)
warmer environments are
easier to tolerate
physiologically; (iii) warmer
environments provide more
metabolic niches.
A positive effect of primary
productivity on species
richness is expected, such as
facilitating larger population
sizes that avert extinctions
and support niche specialists
Diversity is positively
correlated with the age and
area of geographical regions,
allowing for higher speciation
Lager habitat areas or climatic
zones (i.e., the tropics) house
more species, due to:
(i) larger range sizes of
species in larger habitats
(ii) a positive relationship
between geographic range
size of a species and the
likelihood of further speciation
(iii) a negative relationship
between the geographic range
size of a species and its
likelihood of extinction
The climate stability
hypothesis posits that regions
with stable climates allow the
evolution of finer
specializations and
adaptations than do areas with
erratic climatic regimes. In
addition: few species are
physiologically able to tolerate
varying environments.
Within two hard limits imposed
to species’ geographic ranges
(e.g. polar ice) “nonbiological”
gradients in species richness
arise inevitably from the
assumption of a random
latitudinal association between
the size and placement of
species' ranges, yielding a
tropical richness peak
The hypothesis predicts that
there is a latitudinal pattern in
species’ geographic range
size: range size increases with
increasing latitude. The
hypothesis predicts that the
same mechanism (e.g.
increasing climate variability to
the poles) shaping the range
pattern, may also shape a
decrease of richness with
increasing latitude.
The storage effect relates to a
situation where spcies can
temporally profit and store

Currie et al., 2004

Marine ectotherms
(Rombouts et al., 2011)

Herbaceous plants
(Sunday et al., 2012)

Rohde, 1992
Clarke and Gaston, 1996

Gastropods
(Roy et al., 1998)

Plants
(Jiang et al., 2016)

2. Kinetic energy
hypothesis

3. Species-energy
hypothesis

4. Evolutionary
history

5. Diversity-area
relationships

6. Climate stability
hypothesis

7. Mid-ain domain
effect

8. Rapoport’s rule

9. Storage effect
(temporal
coexistence)

Multiple taxa studied
(Tittesor et al., 2010
Zooplankton
(Yasuhara et al., 2012)
(Rombouts et al., 2009)

(Gao and Liu, 2018)
Evans et al., 2005

Corals and reef fish
(Pianka, 1966)
Marine mammals
(Tittensor et al., 2010)
Deep-sea brittle stars
(Woolley et al., 2016)

Mittelbach et al., 2007

Plants (angiosperms) and
birds, using actual
evapotranspiration as a
measure of energy
(Wright, 1983)

Coastal fishes, corals,
seagrasses,
cephalopods
(Tittensor et al., 2010)
Coastal marine taxa,
(Tittensor et al., 2010)

Plants (trees)
(Wright, 1983)

(Chown and Gaston,
2000)
Fraser and Currie, 1996

-

Plants (Poaceae)
(Galley et al., 2009)

Colwell and Hurtt, 2002

Planktonic foraminifera
(Galley et al., 2009)

Insects,vertebrates,plants
(Brayard et al., 2005)

Stevens, 1989

Bacteria
(Colwell et al., 2016)

-

Rosenzweig et al., 1992

Empirical support could
not be isolated from other
possible explanations
(Kerkhoff et al., 2014)

not supported by
molluscan species in
the Pacific
(Sul et al., 2013)

Usinowicz et al., 2017

-

Trees
(Usinowicz et al., 2017)
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“gains”, which they may loose
during unsuitable conditions.
1. Competition between
species is reduced, and
coexistence enhanced, if
species use different temporal
niches (temporal partitioning).
2. Latitudinal climatic variation
is hypothesized to shape
latitudinal diversity variation:
The potential for coexistence
is enhanced if climate is stable
(tropics), as species can
reproduce in different timeperiods of the year. By
contrast, the potential for
coexistence may be reduced if
annual climate variation is
large (favoring synchrony in
recruitment and reproduction).
10. Metabolic
Temperature drives the rate of
Brown et al., 2004
Theory of Ecology
speciation via “evolutionary
(MTE)
pace”: higher temperatures
increase metabolic rates and
rates of mutations, thus
enhancing speciation. MTE
predicts a linear relationship
between logarithmic species
richness and ambient thermal
energy (1/kT; whereby k is the
Boltzmann’s constant, and K
temperature in Kelvin), with a
slope equal to the activation
energy of metabolisms (unit
eV).
Modified and expanded, based on: Roy et al. (1994) and Tittensor et al. (2010)

Gastropods,
ectoparasites of marine
teleost fish
Allen et al. 2002

Trees, amphibians,
freshwater fishes
(Allen et al., 2002)

data were higher in tropical areas than higher latitude areas, in agreement with the
effect of environmental temperature on speciation predicted by MTE. Yet another
study on modern marine zooplankton (Rombouts et al., 2011) did not lend support to
MTE: Although the richness-temperature scaling was positive, the slope of the scaling
was weaker than theoretically predicted (i.e., –0.24 to –0.45, rather than –0.60 to
–0.70). Similarly, a latitudinal gradient of micro-phytoplankton species richness in the
Atlantic (Rodriguez-Ramos et al., 2015) was at odds with the MTE, as the slope of
the relationship was much shallower than expected. Last, a global study based on
freshwater phytoplankton (Segura et al., 2015) found a steeper slope between
logarithmic richness and temperature at mid temperatures, and shallower slopes for
the highest and lowest temperatures of the study area, than the slope expected. Thus,
for plankton, the strength of the latitudinal richness gradient and its links to metabolic
processes have not yet been clearly determined (Rodríguez-Ramos et al., 2015).
An alternative factor that may regulate phytoplankton species richness includes the
degree of nutrient influx into the euphotic zone. Higher nitrate influxes were proposed
to increase the predominance of diatoms (Fig. 1.2) over coccolithophores (Fig. 1.3),
both with regards to species richness and biomass (Cermeño et al., 2008). Another
hypothesis has been that the mid domain effect and long-term climatic variability
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Fig. 1.2 Examples of phytoplankton species that form shells from silicic acid and belong to the
most species rich clade of marine phytoplankton (diatoms). (A-D) Species illustrated: (A)
Biddulphia reticulata, a pennate diatom, (B) Diploneis sp., (C) Eupodiscus radiates, a centric diatom,
(D) Melosira varians, a centric diatom. Scale bars, 10 µm. Images compiled by Bradbury (2004).

shape the global zooplankton richness (Beaugrand et al., 2013). In this particular case,
limits to species’ distributions imposed by the equator (warm limit) and the poles
(cold limits) have been proposed to constitute an analogy to the spatial mid-domain
model (Table 1.2), leading to generally elevated species richness in the tropics. In
addition, temperature fluctuations (seasonal to interannual) have been proposed to act
on top of the mid-domain effect, leading to a latitudinal gradient in species richness.

1.4 Marine phytoplankton: ecological impacts, dispersal and
selection
Ecological impact
Phytoplankton serve as the base for food-webs in the ocean. Given their role for
higher trophic levels, to which they are the primary source of food and organic
energy, the ecological niches occupied by phytoplankton (i.e., where and in what
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Fig. 1.3 Morphological variety of species within a calcifying clade of phytoplankton
(coccolithophores). (A - N) Species illustrated: (A) Coccolithus pelagicus, (B) Calcidiscus leptoporus,
(C) Braarudosphaera bigelowii, (D) Gephyrocapsa oceanica, (E) Emiliania huxleyi, (F) Discosphaera
tubifera, (G) Rhabdosphaera clavigera, (H) Calciosolenia murrayi, (I) Umbellosphaera irregularis,
(J) Gladiolithus flabellatus, (K and L) Florisphaera profunda, (M) Syracosphaera pulchra, and
(N) Helicosphaera carteri. Images represent scanning electron micrographs of individuals collected by
seawater filtration from the open ocean. Scale bar, 5 µm. Images compiled by Monteiro et al. (2016).

conditions these microbes live) may structure the niches and distribution of next
upper trophic-level plankton, including the niches of copepods and other zooplankton.
A recent study has shown that cross-trophic impacts of phytoplankton on zooplankton
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are mediated by patterns in phytoplankton cell size diversity (García-Comas et al.,
2016). The hypothesis proposed is that greater cell-size diversity of prey (i.e.
phytoplankton) impedes energy transfer to upper trophic levels. In addition,
phytoplankton affect the evolution and maintenance of biodiversity at higher trophic
levels through their control on global open-ocean patterns in primary production (Fig.
1.4). A more productive system may support a higher total biodiversity, because
higher amounts of organic energy provided to the upper trophic levels can support
higher numbers of individuals in populations (reducing their risk of extinction) and
more specialized kinds of organisms (the species-energy hypothesis) (Evans et al.,
2005). Phytoplankton will also directly affect the diversity and ecology of higher
trophic-level taxa if these taxa have co-evolved with the phytoplankton (the diversity
begets diversity hypothesis) (Jetz et al., 2009). Among different groups of
phytoplankton found across the ocean, diatoms are usually considered to be the most
productive one, especially in well-mixed regions or upwelling areas where they find
suitable habitats (Armbrust, 2009). Diatoms have comparably high maximum growth
rates (Armbrust, 2009), large cell diameters (Fig. 1.2), and are often bloom-forming
(Litchman et al., 2007).
Phytoplankton interact with other members of the plankton microbiome, such as
viruses, Archaea, prokaryotes, protists, and zooplankton (Brum et al., 2015; LimaMendez et al., 2015). These organisms form competitive, mutualistic, parasitic or
predator prey relationships (Sunagawa et al., 2015). Depending on the type of
relationship, changes in the abundance, pheonology, and distribution of one member
of the biotic network has direct or indirect consequences for the survival of other
members, and affect ecosystem functioning.
Services
Phytoplankton benefit humans through at least three processes: they sustain marine
food stocks by providing organic energy to zooplankton and ultimately fishes
(Chassot et al., 2010). Second, they produce roughly half of the oxygen and net
primary production of the biosphere (Field et al., 1998). Third, phytoplankton control
biogenic CO2 uptake of the ocean, which provides climate services to humans. The
most important groups with regard to this CO2 uptake are cyanobacteria (i.e.,
Procholorococcus and Synechococcus), diatoms (Bacillariophyceae), dinoflagellates
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(Dinoflagellata) and coccolithophores (Prymnesiophyceae). These groups fix together
a similar amount of carbon via photosynthesis (Field et al., 1998), as do terrestrial
plants (all rainforests, boreal forests, other forests, and grasslands combined). Last,
phytoplankton may regulate global climate via their control on atmospheric dimethylsulfide concentrations (Simó and Pedrós-Alió, 1999).
Biogeochemical functions
Within the deeply branched phylogeny of marine phytoplankton (Falkowski, 2004)
diverse biogeochemical functions have evolved, performed by different taxa (Quere et
al., 2005): the functions include N2-fixation (cyanobacteria: Trichodesmium spp.),
biogenic silica assimilation (Bacillariophyceae, Chrysophyceae), calcium-carbonate
formation (Prymnesiophyceae) and dimethyl-sulfide production (Phaeocystis spp.).
As a consequence of stoichiometric requirements for tissue formation, phytoplankton
also control the stoichiometric ratios of important elements (e.g., C:N:P) and nutrient
levels in the ocean via their respective nutrient uptake ratios. Within the carbon cycle,
the stimulation of air-to-sea CO2 fluxes by assimilating carbon from CO2 is just one
function performed by the phytoplankton; they also export carbon to the ocean’s
interior (Quere et al., 2005; Smayda, 1971). More precisely, carbon export may be
enhanced during phytoplankton blooms, where a transient decoupling between
phytoplankton and zooplankton biomass may be established due to a rapid growth of
phytoplankton and a time-lag of grazing control (Boss and Behrenfeld, 2010).
The magnitude of marine biogenic carbon export has been related to phytoplankton
cell size, with sinking speeds of cells linearly increasing as a function of cell diameter
(typical rates of sinking are 1 - 10 m per day for cell sizes of 10 - 100 µm; Boss and
Behrenfeld, 2010; Smayda, 1971), productivity rather than cell size (Richardson and
Jackson, 2007), and phytoplankton community composition (Laufkötter et al., 2013).
Phytoplankton communities composed by large bodied and fast-growing diatom
species have typically a higher “biological carbon pump” efficiency (i.e., the organic
material exported from the ocean’s surface layer is higher compared to the total
amount of organic material produced via photosynthesis in the surface layer).
However, a recent study documents that also very small (pico- and nano-) diatoms
contribute substantially to carbon export via bloom forming species (Leblanc et al.,
2018). Accurate predictions of carbon export may thus not only require global spatial
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Fig. 1.4 Annual dynamics of phytoplankton net primary production. Global marine net primary
production is an ecosystem service provided by phytoplankton, which sustains higher trophic marine
organisms via food supply, and humans via marine food resources. The annual index of variation of
phytoplankton net primary production (defined as annual standard deviation, divided by annual mean)
has been calculated by Lutz et al. (2007), based on a seven-year observational period of satellite
chlorophyll data, for: (A) The global ocean, (B) latitudinal bands of 1.5°. Results show enhanced
annual dynamics poleward of 40° latitude. Colors in (B) highlight data from different ocean basins.

data on cell-size (Kostadinov et al., 2009), but also on species identity (slow vs. fast
growing species), along with data on zooplankton grazers and microbial decomposers.
Linking biogeographic patterns to ecosystem functions
Because different ecological strategies of species and different traits (e.g. cell sizes,
growth rates) may influence carbon export rates, primary productivity, and other
functions carried out by phytoplankton, an important question is how phytoplankton
species or groups carrying out specific functions are distributed geographically.
Diatoms (Fig. 1.2) and coccolithophores (Fig. 1.3) have been associated with differing
impacts on the diffusive draw down of CO2 from the atmosphere into the ocean’s
interior (Cermeño et al., 2008). These two groups have also been associated with
different ambient conditions, with coccolithophores being favored by relatively stable
nutrient poor conditions (as they are mostly slow growing “K strategists”; Litchman et
al., 2007), and diatoms favored by nutrient replete, well-mixed water conditions (as
diatoms are rather fast-growing and opportunistic “r strategists”, which take
advantage of such conditions; Litchman et al., 2007; Margalef, 1978). Species
networks of the Radiolaria, alveolates, and Synechococcus play a key role in shaping
carbon export in the subtropical oligotrophic oceans (Guidi et al., 2016), and diatoms
mediate carbon export through the degree of cell-wall silicification and thickness
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(Tréguer et al., 2018). Similarly, a species group of large protists known as Rhizaria
influence oceanic carbon cycling, accounting for up to 5.2% of the ocean’s biotic
reservoir of carbon (Biard et al., 2016). A spatial description of biogeographic
patterns of selected species and species’ interaction networks may thus be used to
predict ecosystem functions.
Neutrality, dispersal and selection
The Unified Neutral Theory of Biodiversity and Biogeography (Rosindell et al., 2011)
postulates that all individuals of the same trophic level have equal rates of
reproduction and death, regardless of species identity. This theory has been tested
against data from species-rich Amazonian plant communities (Kraft et al., 2008; Pos
et al., 2019). However, in the latter communities, which included many specialized
species, the neutral theory received little support. In a species-rich marine
phytoplankton community, on the other hand, observed distributions of species along
an axis of cell size (Vergnon et al., 2009) could be well explained by neutral theory,
along with differing environmental preferences (i.e., both neutrality and
environmental preferences apparently play a role in these communities).
Neutral processes, including random dispersal of species, may shape the global
biogeography of plankton species, which drift passively along with currents. In a
scenario of neutrality, biogeographic patterns of plankton would be uniquely driven
by dispersal processes, evolutionary processes and stochastic-demographic variability.
The comparison of empirical data with models of dispersal limitation has been seen as
a test for such neutrality. Several studies have suggested that marine phytoplankton or
microbes are not dispersal-limited, but environmentally selected (Cermeño and
Falkowski, 2009; Whittaker and Rynearson, 2017), and similarly, bacteria showed
global distributions at odds with a model of random dispersal (Sul et al., 2013). Yet,
other studies found that dispersal limits and ambient factors were both important in
shaping plankton distributions (Chust et al., 2013a; Villarino et al., 2018).
Analyzing global plankton diversity patterns: approaches
Several alternative approaches can be used to assess biogeographic patterns of marine
biodiversity, and in particular, of marine phytoplankton diversity. These approaches
differ broadly in their spatial extent and taxonomic resolution and include:
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(i)

Assessing taxonomic richness from space, using sensors that distinguish color
bio-optical anomalies (De Monte et al., 2013).

(ii)

Assessing taxonomic richness from in situ samples, using light microscopy for
species identification (Rodríguez-Ramos et al., 2015; Utermöhl, 1958) or
meta-genomic sampling (Sunagawa et al., 2015). Richness may be mapped by
interpolation or by relating samples to environmental predictors, followed by
spatial projections (Ladau et al., 2013).

(iii)

Assessing richness based on in situ imaging data from FlowCAM and
PhytoScan optical detectors (Monteiro et al., 2016). Richness may then be
mapped through spatial interpolation or statistical analyses.

(iv)

Diagnosing species richness from observed or expert-based species
distribution maps. In case of incomplete sampling of species’ ranges, gaps in
range-maps may be filled (Menegotto and Rangel, 2018) or expert opinion
may be invoked to assess ranges (Fourcade, 2016). This approach estimates
and maps species richness from the overlap of species’ distribution ranges.

(v)

Diagnosing richness from the geographic overlap of species’ modeled
distributions, yet species’ individual distribution ranges are analyzed by
species distribution models (also termed: ecological niche models, habitat
distribution models) (Guisan and Zimmermann, 2000). As for (iv), richness is
analyzed from the overlaps of species’ distribution ranges.

(vi)

Predicting species richness from mechanistic, dynamic models that are
grounded on theoretical and numeric laws, whereby growth rates, nutrient
uptake rates, population demographics, and other parameters are explicitly
defined for all species (Barton et al., 2010; Vallina et al., 2014).

Each approach may serve to determine global patterns of phytoplankton species
richness, yet limitations and strengths differ between them:
(i)

The remote detection of bio-optical anomalies has an unparalleled spatial
resolution and coverage, but it is limited to pigment-derived proxies of richness.
Optical diversity only captures a coarse taxonomic resolution that omits the
distinction of species, genera, and families. This method is based on a clustering
of color spectral anomalies into classes of bio-optical properties (De Monte et
al., 2013). These classes correlate with dominant phytoplankton types. The
patterns derived are thus dependent on measurable optical quantities.
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Potentially, spectral sensors deployed in the near future may resolve plankton
diversity to a higher degree.
(ii)

Assessing species richness from microscopic analysis of seawater samples
yields a much higher taxonomic resolution (to genus or species level).
Limitations of the microscopic approach include the possible omission of small
nano- and pico-phytoplankton. In addition, the identification of individuals
requires qualified personnel and taxonomic expertise. An additional
disadvantage is that phytoplankton richness remains typically under-detected by
conventional sampling volumes of 5-25 mL of seawater (Jordan, 2004; Lund et
al., 1958; Utermöhl, 1958). It has been shown that a sample sizes of 0.25 to 1L
are needed to detect ~90% of the phytoplankton species present in marine
communities (Cermeño et al., 2014). Species accumulation curves or rarefaction
techniques may be implemented when trying to assess species richness from
traditional samples, especially across gradients of ocean productivity with
varying cell density (Rodríguez-Ramos et al., 2015). Alternatively, richness
may be analyzed via metagenomic seawater analysis. Metagenomic highthroughput analysis filters up to 100 L per station, which may capture genes,
ribosomal DNA, and operational taxonomic units (OTUs) exhaustively. Yet,
determination of OTUs relies on the availability of reference genes, to which
field-collected OTUs can be matched (de Vargas et al., 2015), with ~one third
of OTUs in marine plankton that could not be assigned recently to any taxon (de
Vargas et al., 2015)

(iii) In situ FlowCAM or CytoScan imaging is capable of detecting diversity at
higher resolution than (i) and is able to automatically classify images of
phytoplankton into predominant groups. However, the phytoplankton categories
that can be discriminated are still few relative to the microscopic species
identification (Camoying and Yñiguez, 2016). Additional taxonomic detail in
the data will be achieved though improved optical analyses.
(iv) Estimation of phytoplankton species richness from expert range maps appears
impossible for phytoplankton at this point in time, as range maps do not exist
for the vast majority of marine phytoplankton species. A second problem of
range maps is that species’ ranges are usually assumed to be static, yet
phytoplankton are ephemeral organisms, with often time varying seasonal
growth-phases (e.g. pulsed spring blooms) (Boss and Behrenfeld, 2010).
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(v)

The estimation of richness patterns from statistical species distribution models
can be used to integrate empirical data from multiple sources and to account
for spatial data structure (Phillips et al., 2009). Second, species distributions
can be tracked through time in this approach, allowing for the transient
presence or absence of plankton through the year at any particular location.
Uncertainties of this approach include algorithm–, predictor–, and complexity
choice in the statistical modeling step (Merow et al., 2014) and a lack of
global validation data. By inferring richness from species maps, this approach
(along with iv) has the advantage to yield insight into species composition.

(vi)

Building mechanistic models helps exploring the mechanisms generating
richness patterns. In contrast to range maps approach (iv), geographic ranges
of species emerge as a consequence of dispersal limitation, exclusionary
pressure between species, and population dynamics in potentially varying
resource- and predatory environments. A challenge of this approach is that
each species in the model requires realistic input data on nutrient uptake rates,
light sensitivities and temperature-growth dependencies. Alternatively, these
parameters need to be drawn stochastically from a range of possible values,
lab based confirmatory values on these parameters are unavailable for most
plankton species.

Owing to the logistic impossibility of obtaining fine-scale sampling information (ii)
for some 15’000 phytoplankton species from the vast open ocean in repeated surveys,
a global characterization of phytoplankton that combines statistical models (approach
v) with available sampling records (approach v), from possibly different sources (e.g.,
ii, iii), appears promising. In the case of phytoplankton, these statistical models may
not be conceptualized in a static manner, but be flexible to allow for the potential
temporal dynamics in biogeographic patterns of species. Under the assumption that
environmental factors are important to phytoplankton distribution (Cermeño and
Falkowski, 2009; Falkowski and Oliver, 2007; Farrant et al., 2016; Sul et al., 2013;
Sunagawa et al., 2015; Whittaker and Rynearson, 2017) species-environment
dependencies may serve as a basis to extrapolate species’ distributions from available
sampling information to broader spatial scales.
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1.5 The ecological niche: concept and modeling
Ecological niche
The concept of the ecological niche characterizes a species’ multiple dependencies on
biotic or abiotic environmental conditions. Among a myriad of potential
dependencies, the ecological niche concept seeks to capture the most important and
causal aspects that define the species’ habitat preference. During the past century the
“ecological niche” has gone through several stages of definition. In 1917 the term
ecological niche was coined by Grinnell (1917). It was used to denote the key
physical habitat features that gave home to a Californian chaparral bird (Toxostoma
redivivum), accounting for the bird’s eco-physiological tolerances, its biotic
interactions, and feeding grounds. This habitat view of the niche was revised 40 years
later. Hutchinson (1957) moved the ecological niche from the habitat-based view
towards a multi-dimensional environmental view. He defined the niche as a key
characteristic of the species itself, which is related to the species’ physical habitat. He
conceptualized the ecological niche as N-dimensional hypervolume, defined by N
relationships between the species and biotic or abiotic environmental factors. Within

Fig. 1.5 Illustration of the ecological niche. (A) Univariate niche. The niche is defined by the growth
rate of a hypothetical phytoplankton species along an axis of environmental irradiance. Different lines
depict the growth rate for individuals adapted to low light (dashed) and high light (solid). Adapted
from (Colwell and Rangel, 2009). (B) Multivariate niche concept sensu Hutchinson (1957). The duality
between biotope space and ecological niche space is shown for two species (S1 and S2). The ecological
niche consists of two environmental axes (temperature and food size). S1 is capable of surviving based
on food from the mid-to-upper food size range, and intermediate temperatures, (left panel). S2 is
capable of tolerating lower temperatures in environmental space (to the left) than S2. Therefore, it can
extend to deeper strata in a hypothetical lake (right panel). The double-hatched area (left panel)
indicates those parts of the n-dimensional fundamental niche volume, where both species overlap, with
respect to their niches. In this overlapping range, only one species is thought to survive(here, S2),
excluding the other species. For S1, the fundamental niche minus the overlapping niche section (double
hatched) yields the realized niche. Adapted from (Hutchinson, 1957).
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this hyper-volume, he expected that the species survives and reproduces indefinitely
(Fig. 1.5). He distinguished the “fundamental niche”, which denotes the full suite of
environmental combinations that the species potentially inhabits, and the “realized
niche”, which denotes the subspace of the environment that the species occupies
given competitive (or mutualistic) interactions with other species community
members occurring in the real world (Fig. 1.5).
The innovation of Hutchinson’s concept was the dual view between niche space and
habitat space (Fig. 1.5B). The duality implies that a species’ ecological niche can be
estimated from the multiple environmental factors that define a species’ spatial habitat
and that those spatial habitats can be projected from a species’ ecological niche. This
potential interchangeability motivated the use of ecological niche models of species in
biogeographic research (Colwell and Rangel, 2009). A broad class of algorithms have
been used to calibrate ecological niches of species, including linear regression
(generalized linear models, generalized additive models) and machine learning
techniques (random forests), within statistical models known as species distribution
models (SDMs) or habitat distribution models (Zimmermann and Guisan, 2000).
These models fit the statistical relationships between species’ occurrences and
multiple co-located environmental factors, thereby estimating the species’ realized
ecological niche (Hutchinson, 1957). Based on the calibrated niche-relationships, the
models project species back into geographic space, following Hutchinson’s idea.
Applications of species distribution models
To characterize spatial patterns of species richness, SDMs have been applied to
multiple species separately, and niches of species have been projected geographically
and stacked (Calabrese et al., 2014; Zurell et al., 2016) and richness patterns
determined from the overlap of species’ projected distribution ranges (BallesterosMejia et al., 2017). SDMs have been broadly implemented in the terrestrial realm
since the 1990ies to address questions related to biodiversity, invasion biology
(Fournier et al., 2019), species conservation (Fordham et al., 2013), and climate
change (Zurell et al., 2018). In addition to present tense analyses, SDMs bear the
potential to predict species’ distributions, richness, and turnover under climate change
scenarios (Benedetti et al., 2018a).

30

A key assumption underlying these applications of SDMs is that species’ niches can
be accurately calibrated from species’ occurrence data and that species’ observed
geographic limits reflect species’ ecological niche limits (Lee-Yaw et al., 2016).
Species are thus expected to be environmentally controlled in their distributions,
rather than being controlled by dispersal capabilities or neutral processes. A second
key assumption inherent to SDMs concerns niche conservatism, meaning that
environmental relationships of the species are assumed to be invariant across the
species’ geographic occurrence range and to be invariant under current versus future
environmental conditions. Under this rather strict assumption (i.e., species are not
expected to evolutionarily adapt to future conditions), SDMs have predicted
substantial declines in species richness in the center tropics under global warming
(Thomas et al., 2012). Next generation SDMs might include estimates of species’
niche evolution under climate change to assess the effect of the niche-conservatism
assumption on projected patterns.
Marine organisms studied by SDMs have included fishes (García Molinos et al.,
2016; Thomas et al., 2012), deep-sea brittle stars (Cheung et al., 2009; García
Molinos et al., 2016; Jones and Cheung, 2015), phytoplankton (Barton et al., 2016;
Thomas et al., 2012), calcifying plankton (Gregory Beaugrand et al., 2013) and
zooplankton (Benedetti et al., 2018a, 2018b). SDMs for these marine taxa were set up
in a similar way to SDMs developed on the land (Guisan and Thuiller, 2005) and have
often focused on temperature as a key predictor variable, among further variables
(Grégory Beaugrand et al., 2013). However, SDMs implemented on the large-scale
have usually not accounted for the strong sampling bias occurring at this scale,
especially when using global species occurrence datasets from the oceans. Such
biases likely obscure an accurate selection of relevant predictors for species’
distributions in SDMs, and may lead to biases in the calibrated niches of species.
With regards to open ocean phytoplankton, SDMs have been first used as a tool to
characterize species’ ecological niches (Brun et al., 2015; Irwin et al., 2012), and
more recently to project plankton distributions under climate change (Barton et al.,
2016). However, it has remained unclear whether spatial predictions of phytoplankton
from SDMs are more meaningful than a random predictions under climate change
scenarios, on the basis of North Atlantic continuous plankton recorder data (Brun et
al., 2016). Thus, limitations stemming from data biases and difficulties in making
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climate change predictions are only at the beginning of being addressed in
phytoplankton SDMs.
The distributions of most marine organisms have remained incompletely
characterized at the global scale (Menegotto and Rangel, 2018). SDMs may serve as a
strategic tool to depict the distributions of sparsely sampled organisms at this scale
(Breiner et al., 2015). In addition, by using a niche-to-space projection, SDMs may
overcome certain limitations associated with spatial data gaps as long as the
ecological niche can be reasonably characterized. It is well-known that large-scale
areas, such as the Southern Pacific and the tropics (Meyer et al., 2015) have been
strongly under-sampled, leading to inhomogeneity in spatial densities of global
species occurrence data. To overcome some of the limitations imposed by the
sampling bias and data gaps, several steps in the SDMs, including pseudo-absence
selection (Phillips et al., 2009), statistical complexity (Merow et al., 2014), and
ensemble formation (Breiner et al., 2015) might be adjusted.
Assessing thermal sensitivities marine biota from in situ data
Climate change poses a major threat to organisms, which are sensitive to temperature
changes, such as tropical fishes (Cheung et al., 2016). Global species occurrence
datasets allow for an empirical determination of the realized thermal niches of species
(sensu Hutchinson). Based on a global dataset on reef fish and invertebrate species,
Stuart-Smith et al. (2015) extracted the observed thermal niches of fish and
invertebrates, in order to obtain a measure of community thermal sensitivity. In their
study, they used the niche-midpoint as a proxy for the species’ thermal preference. At
any given geographic location, they defined a community-level temperature index
(CTI) as the mean thermal preference of all recorded species (species mean) or
individuals (weighted mean) at this location. They defined negative divergence in the
CTI from local sea temperatures as negative thermal bias, and positive divergence of
CTI relative to local conditions as positive thermal bias. However, a key factor of
uncertainty in this assessment may be that the niches underlying the analysis of CTI
are curtailed by the available observational data. An open question is therefore, to
what degree the thermal niche descriptions are limited (geometrically) or biased (due
to sampling unevenness) and therefore influence results of CTI and thermal bias.
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1.6 Objectives and structure of the thesis
Summary of research gaps
I have reviewed the current state of the art literature with respect to global
biodiversity patterns, their proposed driving mechanisms, and their empirical
correlates, and the role and importance of phytoplankton in the ocean. Based on this
literature review, I have identified that spatial patterns in species richness of marine
phytoplankton are a missing element in our current view of global biodiversity.
Phytoplankton richness patterns have only been analyzed based on mechanistic
models so far or for individual taxa. Biodiversity in the ocean has been generally less
well explored than on the land. Possibly, limitations in global empirical species
occurrence datasets are a major reason for this situation. A potential strategy to model
planktonic species richness patterns, are statistical SDMs that account for observer
bias in the relatively sparse global data at hands. Yet few SDMs have been tested in
the marine realm and at the global scale. In particular, very few SDMs have addressed
marine phytoplankton at the global scale. Last, I have reviewed how thermal niches
obtained from field data may be used to predict the thermal sensitivity of marine
species communities. However, theoretical and empirical tests on how occurrence
data structure affects niche estimates and thermal sensitivity have been missing so far.
Research objectives
The main objective of this thesis is to unveil patterns of species richness, species
turnover, and species composition at the base of the food web for two-thirds of
Earth’s surface. Four aims contribute to this objective:
1) The first goal is to synthesize a global database of phytoplankton species records
from existing datasets and online biological data archives.
2) Based on the empirical phytoplankton locality data, the second goal is to develop
an ensemble of statistical SDMs, capable of dissecting biological pattern from
sampling biases, while dealing with data-sparse organisms.
3) By moving from individual species to hundreds of species, I strive to analyze the
global pattern of phytoplankton species richness. In addition, I will use the
projected species composition for each month to obtain an estimate of month-tomonth species turnover. Using richness patterns emerging from the raw data at
different levels of aggregation, and the diagnosed richness patterns from the
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SDMs, I examine the potential drivers of species richness and individual’ species
distributions.
4) Using field derived estimates of thermal niches of species, it is my goal to
separate ecological patterns from methodological artifacts (induced via edge
effects or uneven sample distribution). Results obtained from the phytoplankton
occurrence data will be compared against results obtained from null models.
Structure of the thesis
The thesis is organized around the following four questions:
1) What is the observational basis to assess global phytoplankton species
distribution patterns?
To address this question I present a global synthesis of open ocean phytoplankton
occurrences in chapter 2, together with a spatial and temporal analysis of the data.
The outcomes of this chapter are in preparation for publication in Earth System
Science Data (Righetti, D., Vogt, M., Zimmermann, N. E. & Gruber, N.
PHYTOBASE: A global synthesis of open ocean phytoplankton occurrences).
2) How can biogeographic patterns be inferred from globally imbalanced species
occurrence data?
To address this question I develop SDMs in chapter 3, addressing severe
limitations in data availability and uncertainty in predictor choice, among others.
The outcomes of this chapter are in preparation for publication in Methods in
Ecology and Evolution (Righetti, D., Zimmermann, N. E., Gruber, N. & Vogt, M.
The art of projecting global-scale species ranges and diversity patterns in the
presence of strong data limitation: The case for marine phytoplankton).
3) What are the global patterns and drivers of phytoplankton species richness?
Chapter 4 is devoted to the first spatiotemporal description of marine
phytoplankton species richness at the global scale, using field-derived data from
Chapter 2 and the SDMs scrutinized in chapter 3. The outcomes of this analysis
have been published as a research article (Righetti, D., Vogt, M., Gruber, N.,
Achilleas, P. & Zimmermann, N. E. Global pattern of phytoplankton diversity
driven by temperature and environmental variability. Science Advances, 2019,
doi: 10.1126/sciadv.aau6253).
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4) Is the so-called “community thermal bias” a geometric artifact?
Chapter 5 addresses the possibilities and limitations of global multi-species
occurrence datasets with regards to assessing the thermal sensitivity of marine
communities to global warming. Using estimates on the thermal sensitivity of
marine phytoplankton communities from randomized and observed thermal
niches, I attempt to dissect biological pattern from methodological artifacts. This
work has arisen in response to a paper published by Stuart-Smith et al. (2015).
The work has resulted in a Brief Communication reviewed in Nature (Righetti,
D., Vogt, M., Gruber, N. & Zimmermann, N.E. Biotic thermal bias: a geometric
artefact?), yet requires further preparation.
Finally, a synthesis chapter integrates the four segments and discusses their
implications. The appendices A to D present extended materials or collaborative
outcomes. Research objectives that go beyond this thesis include the analysis of
relationships between species biogeography and trait distributions (for example, cell
size) and the links between community composition and ecosystem functions. The
synthesis chapter provides examples of prospective results in these directions.
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Chapter 2

PHYTOBASE: A global synthesis of open
ocean phytoplankton occurrences

Righetti, D., Vogt, M., Zimmermann, N. E. & Gruber, N. PHYTOBASE: A global synthesis of open ocean
phytoplankton occurrences. In prep.
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Abstract
Phytoplankton exert a major control on net primary production and multiple other
ecological functions and services of the open ocean. These photosynthetic microbes
comprise more than 4’300 marine species, but their biogeographic patterns and the
resulting species diversity are poorly known, mostly owing to severe data limitations. Here,
we synthesize and harmonize marine phytoplankton occurrence data from the two largest
biological occurrence data archives (Ocean Biogeographic Information System; OBIS, and
Global Biodiversity Information Facility; GBIF) and three independent recent data
collections. We bring together over 1.35 million marine phytoplankton occurrence records
(1.28 million at the level of species), spanning 1713 species and the principal taxa
Bacillariophyceae, Dinoflagellata and Haptophyta. This data compilation increases the
amount of phytoplankton data available through the single largest contributing archive
(OBIS) by 63%, revealing significant complementarity between the main data sources.
Data span all basins, latitudes and most seasons. Analyzing the ocean inventory of sampled
phytoplankton species richness at the broadest scales possible, using cumulative resampling, we find that species richness tends to saturate in the pantropics at ~1600, at
~1100 in temperate waters, and at ~600 in northern cold waters, while the Southern
Hemisphere remains critically underexplored. We provide metadata on the cruise, research
institution, depth, and date for each data record. Cell-counts for 188’255 entries are also
included. We strongly recommend consideration of spatiotemporal biases in global
sampling densities and varying taxonomic sampling scope between cruises when analyzing
the occurrence data spatially. Including such information into statistical analysis tools, such
as species distribution models, may serve to project the diversity, niches, and distribution
of species in the contemporary and future ocean, opening the door for a quantification of
macro-ecological phytoplankton patterns.
Keywords
Phytoplankton, occurrence data, abundance data, taxonomic harmonization, species
richness, global ocean
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2.1 Introduction
Phytoplankton are photosynthetic members of the plankton, responsible for about half of
global net primary production (Field et al., 1998). While more than 4’300 phytoplankton
species have been described so far (Sournia et al., 1991), spanning at least six major clades
(Falkowski, 2004), there are likely many more species living in the ocean, perhaps more
than 10’000 (de Vargas et al., 2015). Some of these species, such as Emiliania huxleyi or
Gephyrocapsa oceanica are abundant and occur throughout the ocean (Iglesias-Rodríguez
et al., 2002), but a majority of marine plankton species form low-abundance populations
(Ser-Giacomi et al., 2018) and remain essentially uncharted; i.e., the quantitative
description of where they live, and where not, is rather poor. This biogeographic
knowledge gap stems from the lack of a systematic global survey of phytoplankton, as has
been undertaken for inorganic carbon (WOCE/JGOFS/GOSHIP; Wallace 2001) or for
trace metals (GEOTRACES; Mawji et al. 2015). Owing to logistic and financial challenges
associated with internationally coordinated phytoplankton survey efforts, our knowledge of
the biogeography of marine phytoplankton is, with a few exceptions (McQuatters-Gollop
et al., 2015), mostly based on spatially very limited surveys or basin scale studies (e.g.
Endo et al., 2018; Honjo and Okada, 1974). Global occurrence data on phytoplankton are
typically unevenly distributed, incomplete in remote areas and orders of magnitude higher
in more easily accessed areas, especially near coasts (Buitenhuis et al., 2013). Additional
factors that have impeded progress in developing a good biogeographic understanding of
phytoplankton are difficulties in species identification, linked to their microscopic body
size. This is well reflected in current knowledge on the geographic distributions of
phytoplankton species, which is much more limited compared to that of other marine taxa,
such as zooplankton (Rutherford et al., 1999), fishes (Jones and Cheung, 2015), sharks
(Worm et al., 2005) or euphausiids (Tittensor et al., 2010), even though many of these taxa
also suffer from deficiencies in sampling efforts (Menegotto and Rangel, 2018).
Even though the currently existing phytoplankton occurrence data are sparse and spatially
patchy, a systematic assessment and synthesis of these data would hold quite some
potential for progressing our understanding of global phytoplankton distribution patterns
and the importance of individual species for global biogeochemical processes. This is
particularly the case given the recent rapid developments in data mining and statistical
analysis tools, such as species distribution models (SDMs) (Guisan and Zimmermann,
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2000) that permit scientists to account for some of the limitations stemming from the
sampling bias in the data (Breiner et al., 2015; Phillips et al., 2009).
A key enabler for such a synthesis is the existence of two biological data archives, i.e., the
Global Biodiversity Information Facility (GBIF; www.gbif.org), and the Ocean
Biogeographic Information System (OBIS; www.obis.org). GBIF is the world’s largest
archive for biodiversity data, while OBIF is the largest occurrence database on marine life.
Both archives have gathered significant amounts of phytoplankton occurrences and make
them freely available to the global community. In addition, data collection efforts unique to
the marine realm, such as MAREDAT (Buitenhuis et al., 2013) and basin-scale efforts
(Barton et al., 2016; McQuatters-Gollop et al., 2015; Rodríguez-Ramos et al., 2015) have
gathered relevant phytoplankton data, including species’ abundances. But so far, no effort
has been undertaken to bring the various databases together and merge them into a single
global harmonized product of phytoplankton occurrences, which may substantially reduce
the limitations associated with global phytoplankton under-sampling or spatial information
gaps. This data situation contrasts with heterotrophic marine taxa: For example, Menegotto
and Rangel (2018) compiled 3.5 million marine species records, spanning nine taxa from
zooplankton to sharks. However, no phytoplankton were included. This study aims to close
this gap and to create the world’s largest phytoplankton occurrence database.
The majority of the existing occurrence data of phytoplankton species have been collected
via field-based sampling volumes of ~5–25 mL of seawater (Lund et al., 1958; Utermöhl,
1958), followed by light microscopic specimen identification. Another important source of
data is the continuous plankton recorder (CPR) survey program, in which plankton are
sampled by filtering seawater onto a silk roll within a recorder device that is towed behind
research and commercial ships (Richardson et al., 2006). The plankton is then picked from
the screens and identified by microscopy. Recently, DNA sequencing has become an
alternative method to record and monitor marine phytoplankton occurrences at large spatial
scales (e.g. de Vargas et al. 2015; Sunagawa et al. 2015). However, approximately one
third of DNA sequences of marine plankton cannot currently be taxonomically assigned
(de Vargas et al., 2015), and while 58% of DNA sequences of diatom records can be
assigned to genus level (Malviya et al., 2016), the majority of species still lack reference
sequences.
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In addition to data scarcity, additional factors have hampered the study of phytoplankton
biogeography from occurrence data: Some data lack taxonomic resolution in terms of the
species recorded (Richardson et al., 2006; Villar et al., 2015), and quantitative information
in terms of cell counts or biomass of species is often not available along with archived
occurrence records (e.g. from GBIF). Second, issues related to taxonomic identification
and under-sampling of the species present in local communities (Cermeño et al., 2014)
pose challenges, many of which can be resolved only by trained experts. In particular, the
rapidly evolving taxonomy (e.g. Jordan 2004) has led to varying use of nomenclature.
These limitations need to be assessed and possibly overcome in a synthesis effort.
Here, we compile 1’356’472 phytoplankton occurrence observations (94% resolved to the
level of species; n = 1711 species) and demonstrate that combining data from OBIS and
GBIF increases the number of occurrences by 53% relative to the data solely obtained from
OBIS. This value increases to 72%, when we add occurrence data from marine data efforts,
including MAREDAT (Buitenhuis et al., 2013), AMT cruises (Sal et al., 2013) and initial
TARA results (Villar et al., 2015). To allow for quantitative estimates of species
abundance, we retained cell-count records whenever possible from all sources, resulting in
188’255 quantitative data entries. We spent substantial efforts to harmonize and update the
taxonomy across all data. We thereby focused on extant species and open ocean conditions.
The aim of our database is to provide an empirical basis to study global patterns in
biogeography, diversity, and composition of marine phytoplankton. This may elucidate
some of the ecological functions and roles that these organisms play in global
biogeochemical cycles and the role of phytoplankton diversity for higher trophic levels. In
addition, data may serve to calibrate SDMs, which also allow addressing questions
concerning species’ niche differences and shifting distributions under climate change.

2.2 Compilation of occurrences
2.2.1 Data origin
To create PhytoBase, we compiled marine phytoplankton occurrences (presence or
abundance data) from a total of five archives and programs, including the two largest open
access species-occurrence archives: The Global Biodiversity Information Facility (GBIF;
www.gbif.org), and the Ocean Biogeographic Information System (OBIS; www.obis.org).
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These data were augmented with data from the MARine Ecosystem DATa (MAREDAT;
Buitenhuis et al. 2013), a global micro-phytoplankton dataset (Sal et al., 2013) and a subset
of the data collected during the TARA Oceans cruise (Villar et al., 2015).
For a set of defined phytoplankton phyla and classes (see below), occurrences from GBIF
and OBIS were first downloaded in December 2015 and then updated in February 2017.
Specifically, the initial retrieval of the GBIF data occurred on 7 December 2015, using the
taxonomic backbone from https://doi.org/10.15468/39omei, accessed on 14 July 2015.
Data accessible through GBIF were re-downloaded on 27 February 2017 for the same
phyla

and

classes

of

interest,

using

an

updated

taxonomic

backbone;

http://rs.gbif.org/datasets/backbone, released 27 February 2017. The data from OBIS were
first retrieved on 5 December 2015 (using the OBIS taxonomic backbone, accessed on 4
December 2015 via the R packages RPostgreSQL and devtools). Data from OBIS were redownloaded on 6 March 2017 (using the OBIS taxonomic backbone, accessed on 6 March
2017 via the R packages RPostgreSQL and devtools), using the same set of phyla and
classes of interest (see below). In addition to the use of the updated backbones, the 2017
update also expanded the GBIF database substantially, with over 20’000 records stemming
from the Australian CPR program alone (AusCPR, https://doi.org/10.1016/j.pocean.
2005.09.011, accessed via gbif.org on 6 March 2017). We retained the data from
Algaebase that were included in 2015, but no longer part of the GBIF database in 2017.
In addition, we retrieved occurrences from initial TARA Oceans results reported in Villar
et al. (2015) for diatoms (their Table W8) and dinoflagellates (their Table W9), from
MAREDAT (Buitenhuis et al., 2013) with its four phytoplankton data papers (Buitenhuis et
al., 2012; Leblanc et al., 2012; O’Brien et al., 2013; Vogt et al., 2012), and from Sal et al
(2013). Additional smaller datasets as well as the data processed by the TARA Oceans
cruise or the Malaspina cruise (Duarte, 2015) may provide additional data for a future
collection, yet here we have focused on publicly available datasets. These datasets
represent global efforts of phytoplankton collection until March 2017. We include a
substantial amount of data from the CPR program (Richardson et al., 2006) via the GBIF
and OBIS archives, and we obtain data from Atlantic Meridional Transects (AMTs) one to
six from Sal et al. (2013), which reflect a substantial part of the data of this latitudinal
monitoring program. We retrieved occurrence records at the taxonomic level ‘species’,
‘subspecies’, ‘variety’ and ‘form’ (indicated by the taxon rank field in GBIF and OBIS
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downloads) for the following phyla or classes of interest: Cyanobacteria, Chlorophyta
(excluding

macroalgae),

Cryptophyta,

Myzozoa,

Haptophyta,

Ochrophyta,

and

Euglenozoa. More specifically, among the Ochrophyta, we considered the classes
Bacillariophyceae, Chrysophyceae, Pelagophyceae, and Raphidophyceae. Within the
Myzozoa, we considered the class Dinophyceae. Within the Euglenozoa, we considered the
class Euglenoidea. The selection of these taxa strived to include all phytoplankton taxa
existing in the ocean (following de Vargas et al., 2015; Falkowski, 2004). In addition, we
retrieved the occurrences for Prochlorococcus and Synechococcus from all data sources, as
these genera are highly abundant (Flombaum et al., 2013), but typically not determined to
the species level. For simplicity, we refer to all genera as ‘species’ in our statistics.
2.2.2 Data selection
We excluded occurrences from seas less than 200 m deep (Amante and Eakins, 2009),
from enclosed seas (Baltic Sea, Black Sea, Caspian Sea), and from seas with a surface
salinity below 20, using the globally gridded (spatial 1° x 1°) monthly climatological data
of Zweng et al. (2013). This salinity-bathymetry threshold served to select data from open
oceans, excluding environmentally more complex and often more fertile near-shore waters.
Data accessed through GBIF and OBIS
We included GBIF data records on the basis of ‘human observation’, ‘observation’,
‘literature’, ‘living specimen’, ‘material sample’, ‘machine observation’, ‘observation’ or
‘unknown’, assuming that the latter was based on observation (see Table 2.1 for an
overview of the metadata retained). With respect to OBIS data, we included data records
on the basis of ‘O’ or ‘D’, whereby ‘O’ referred to observation and ‘D’ to literature-based
records. To filter out raw data of presumably inferior quality, records from OBIS and GBIF
were removed (i) if their year of collection indicated >2017 or <1800, (ii) if they were
associated with negative collection depth or (iii) if they had geographic coordinates outside
the range -180 to 180 for longitude and/or outside -90 to 90 for latitude. However, as data
from GBIF and OBIS were standardized to -180 to 180 degrees longitude (rather than 0 to
360 longitude East) and -90 to 90 degrees latitude, all records fulfilled criterion (iii).
Data accessed through MAREDAT
We retrieved species records for the Bacillariophyceae (Leblanc et al., 2012), Haptophyta
(O’Brien et al., 2013) and Phaeocystis (Vogt et al., 2012). In addition we included records
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at genus level for Synechococcus, (using the data-field ‘SynmL’) and Prochlorococcus
(using the data-field ‘PromL’) from the picophytoplankton dataset (Buitenhuis et al.,
2012). Furthermore, we included genus level occurrences for Phaeocystis from Vogt et al.
(2012) (in addition to species level records) as quantitative measurements (counts of cells
or colonial-type cells) often existed at genus level. For Prochlorococcus and
Synechococcus we retained all genus-level records with abundances larger than zero, while
excluding records with zero entries (cells l-1) or NA entries, as our database focuses on
presence-only or abundance records. Given that data of the MAREDAT have been qualitychecked previously, we flagged, rather than excluded year entries less than 1800 (n = 564;
values 6, 10 or 11) and unrealistic day entries (n = 58’340; values -9 or -1). These entries
stemmed from the picophytoplankton dataset and are indicated by the column
‘unrealisticDayOrYear’ in our final database. However, we discarded 67 records with a
month entry larger than twelve in the Bacillariophyceae dataset. Harmonization of
taxonomic names in the Haptophyta dataset (O’Brien et al., 2013) was guided by a
synonym table provided by the author (O’Brien, pers. comm.) (Table S1). Harmonization
of the Bacillariophyceae dataset was in progress at the time of first data access (24 August
2015). We completed the harmonization and replaced original names following Table S2.
All selected datasets of MAREDAT were merged to a single dataset, containing the
columns: ‘scientificName’, ‘longitude’, ‘latitude’, ‘year’, ‘month’, ‘day’, ‘group’, ‘Origin
Database’, ‘Cruise or station ID’, ‘basis’, ‘depth’, and ‘rank’, excluding duplicated records
with exact combination of scientific name, coordinates reference, sampling date, and depth.
Data accessed through Villar et al. (2015)
We compiled in situ presence records of species of Bacillariophyceae and Dinoflagellata
from the tables W8 and W9 of Villar et al. (2015). These were the only records accessible
at species level from the TARA oceans cruise at the time of first data access (25 August
2015). We excluded species containing ‘cf’ (e.g Bacteriastrum cf. delicatulum) in their
names, as such notation is typically used to refer to closely related species of a species
observed (n = 65; Table S3). The three species, which had ‘group’ in their names (e.g.
‘Pseudo-nitzschia delicatissima group’), were retained. Last, ‘Tripos lineatus/pentagonus
complex’ was considered as ‘Tripos lineatus’. The cleaning of all spelling variants of
original names from Villar et al. (2015) is presented in Supplementary Table S3.
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Data accessed through Sal et al. (2013)
The collection of Sal et al. (2013) represents a highly complementary phytoplankton data
source, i.e., it had no duplicated records with any of the other data sources considered. This
data source was originally composed from in situ samples subjected to a consistent
methodology performed by the same taxonomist. We considered all records of Haptophyta,
Bacillariophyceae, Dinophyceae, Peridinea, Dinophyceae and Dictyochophyceae at
species level or below (for the latter, we used the species name in the final database).
These data included 5891 records of 313 species, from 541 samples.
2.2.3 Concatenation of source datasets
Column or data-field names were adjusted and harmonized to establish compatibility in the
dimensions of the different sources datasets (Table 2.1). New specific data-fields were
added specifically to retain metadata that were only contained by certain source datasets.
We next concatenated the different source datasets which resulted in a raw database
containing more than 1.5 mio depth-referenced occurrence records of 3288 phytoplankton
species and 244’516 sampling events (Table 2.2). We added the data-field ‘group’ to the
Table 2.1 Harmonization of original column names across seven data sources considered
Original data-field names

Final data-field names

GBIF (2015)*

GBIF (2017)*

OBIS (2015)**

OBIS (2017)**

MAREDAT

Villar et al

Sal et al

species

species

species

species

species

species

species

scientificName

(all sources)

basisOfRecord

basisOfRecord

basisofrecord

basisOfRecord

-

-

-

basisOfRecord

decimalLongitude

longitude

longitude

longitude

Longitude

Longitude

Lon

decimalLongitude

decimalLatitude

latitude

latitude

latitude

Latitude

Latitude

Lat

decimalLatitude

publishingOrgKey

-

-

institutionCode

-

-

-

-

-

publishingOrgKey_gbif
§
institutionCode_gbif

-

-

institutioncode

institutionCode

-

-

-

institutionCode_obis

§§
datasetKey
taxonRank
taxonRank
-

§§
datasetKey
taxonRank
taxonRank
¶
individualCount

-

-

Origin Database

-

-

originDatabase_maredat

collectioncode
§§
resource_id
-

CruiseorStationID
rank
-1
-1#
cells l , cells ml
-

-1#
cells ml
organismquantity

Cruise
SampleID
-

datasetKey_gbif
||
collectionCode_obis
||
resname_obis
||,§§
resourceID_obis
||
cruiseOrStationID_maredat
||
cruise_sal
sampleID_sal
‡
taxonRank
cells_per_l
individualCount

year
month
day
depth

year
month
day
depth

yearcollected
monthcollected
daycollected
depth

collectionCode
resname
§§
resource_id
observedindivi¶
dualcount
year
month
day
depth

Year
Month
Day
Depth

Date
Date
Date
Depth

Date
Date
Date
Depth

year
month
day
depth

||,§§

* GBIF data were downloaded in 2015 (www.gbif.org; retrieved 7 December 2015) and 2017 (retrieved 27 February 2017)
** OBIS data were downloaded in 2015 (www.iobis.org; retrieved 5 December 2015) and 2017 (retrieved 6 March 2017)
‡
The “TaxonRank” field indicates the level of taxonomic resolution (species or genus) of observation records. Records of subspecies,
varieties, and forms were generally retained in the data, but considered at the species level (using the genus and specific epithet). We
obtained the species names for data from GBIF, OBIS, and Villar et al using the data-field “species”.
§
These fields indicate the organization or institution by which original records were collected.
||
These fields are indicators of different research cruises or resources, to which original records belonged.
#
Values were transformed to cells per litre.
¶
The field “individualCount” and “observedindividualcount” had equivalent values for records that overlapped between GBIF and OBIS.
§§
datasetKey and resource_id are valuable to flag raw datasets related to “sediment cores” (or similar expressions) via API (OBIS, GBIF).
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§

§
§

Table 2.2 Summary statistics of the raw database by source
Source

Number of observations
(%unique to source)

||

Number of species
(%unique to source)

Number of observations
(%unique to source)

full data
GBIF
OBIS
MAREDAT
Villar et al.
Sal et al.
Total

970’914
849’802
99’623
201
5891

(65.7)
(60.4)
(94.5)
(100.0)
(100.0)

1’588’908

3’977
2’286
119
86
314

(60.8)
(25.1)
(1.0)
(0.0)
(0.0)

4733

908’993
819’764
99’469
201
5’867

||

Number of species
(%unique to source)

data with depth-reference
(64.4)
2676 (52.4)
(60.1)
1784 (25.3)
(94.6)
119
(1.4)
(100.0)
86
(0.0)
(100.0)
313 (0.1)

1’505’596

3288

Numbers of observations (with % of observations unique to the source in parentheses) and the numbers of species (with % of species unique
to the source in parentheses) are presented for each data source. Data of Picoeukaryotes (not identified to species or genus level) stemmed
from MareDat and included 27 537 observations (all of which contained a depth-reference).
||
Species names are not harmonized with respect to synonyms or spelling variants.

database, indicating to which phylum or class records belonged: i.e., Cyanobacteria,
Bacillariophyceae,

Chlorophyta,

Chrysophyceae,

Cryptophyta,

Dinoflagellata,

Euglenophyta, Haptophyta, Raphidophyceae or Picoeukaryote, and the data-field
‘SourceArchive’, indicating the original archive of each record (GBIF, OBIS, MAREDAT,
VILLAR or SAL).
Extant species selection and species harmonization
We strived for a selection of occurrence data of extant marine phytoplankton species and a
taxonomic synchronization of their scientific name variants in the final database (merging
synonyms, while clearing misspellings or unaccepted names). This procedure included
three steps: First, we discarded all species (and their data) that did not have any depthreferenced data, arguing that data of these species may have been predominantly collected
based on fossil materials or are associated with significant uncertainty with respect to
collection depths, which would infringe the scope of our database. We then extracted all
scientific names (that were overwhelmingly at the level of species, including all synonyms
or spelling variants) from the merged data (sect. 2.2.3) into a single list.
Second, the resulting 3288 names in this list were validated against the taxonomic
reference list of Algaebase (http://www.algaebase.org) and each name was verified by
Michael Guiry, the founder and director at algaebase.org (M. Guiry, pers. comm.) in
August 2017. This led to the exclusion of 459 names from the database, which could not be
traced back to any scientific name that was accepted (or preliminarily accepted) at the time
of query. Simultaneously, the expert screening led to corrections of name variants and the
association of synonymous names to accepted names. Thus, each original name found in
the list was matched to an accepted or corrected name.
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Third, we collected information on the fossil status and habitat preferences for each of the
remaining 2829 species in the list. We excluded fossil species, using information from
Algaebase

and

the

World

Register

of

Marine

Species

(WoRMS;

http://www.marinespecies.org, accessed August 2017) and we excluded species belonging
to genera with fossil types (as indicated on Algaebase) under the condition that these
species lacked habitat information on both Algaebase and WoRMS. We assumed that these
latter species have likely been collected based on sedimentary or fossilized materials.
Species, which were uniquely classified as ‘freshwater’ on both Algaebase and WoRMS,
were excluded, as well, as these are beyond scope of our open ocean database. However,
we retained those species classified as ‘freshwater’, which had at least 24 open ocean
records (see definition of open ocean mask, sect 2.2.2) and thus were assumed to thrive
also in marine habitats: Aulacoseira granulata, Chaetoceros wighamii, Diatoma rhombica,
Dinobryon balticum, Gymnodinium wulffii, Tripos candelabrum, Tripos euarcuatus,
leaving 2036 species.
Data merger and synthesis
The final harmonized database was achieved via three steps: (i) We removed any
duplicates in the concatenated database (sect. 2.2.3) with respect to the data-fields
‘scientificName’, ‘x’, ‘y’, ‘year’, ‘month, ‘day’ and ‘depth’. When removing duplicates,
the meta-information of the duplicated record was added to the meta-information of the
record retained (e.g., if a record was sourced from different data archives, but else
identical, information on all source archives was assigned to the data-field ‘SourceArchive’
of the retained record). (ii) We assigned the cleaned and harmonized taxonomic name to
each original name in the database. We, again, removed duplicates with respect to the
harmonized ‘scientificName’, ‘x’, ‘y’, ‘year’, ‘month’, ‘day’, and ‘depth’. This resulted in
the final database containing 1’355’680 occurrences (for which 95.8% had a depthreference) of 1713 species and 234’748 sampling events (Table 2.3).
We retained meta-information on the dataset IDs, cruise number, and further attributes
when we removed duplicates with respect to harmonized taxonomic names. In particular,
we kept original taxonomic names associated with each record in a separate column
(taxonOriginal_sourceArchive), which allows tracing back the harmonized name to its
original name(s) and vice versa (e.g., this is relevant if taxonomy changes in the future).
Furthermore, we added the column ‘yearOfDataAccess’, indicating the year of data
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Table 2.3 Summary statistics of the harmonized database by source
Source

Number of observations
(%unique to source)

Number of species
(%unique to source)

full data
GBIF
OBIS
MAREDAT
Villar et al.
Sal et al.
Total

790’213
820’590
98’971
199
5744
1’355’680

(55.0)
(56.3)
(94.8)
(100.0)
(100.0)

1497
1319
117
85
291

(32.0)
(21.7)
(2.6)
(0.0)
(0.0)

1713

Number of observations
(%unique to source)

Number of species
(%unique to source)

data with depth-reference
731’777
(53.5)
1383
764’211
(55.1)
1227
45’391
(90.7)
117
**
185
(100.0)
82
**
4089
(100.0)
282
1’201’829

1565

(31.3)
(21.3)
(2.9)
(0.0)
(0.0)

§

Numbers of observations (with % of observations unique to the source in parentheses) and the numbers of species (with % of species unique
to the source in parentheses) are presented for each data source.
§
This number includes 1,561 species, the genera Phaeocystis, Prochlorococcus and Synechococcus, and the general group Picoeukaryotes.
For simplicity, we refer to these taxa collectively as species. Data of Picoeukaryotes (which were not identified to species or genus level)
stemmed from MAREDAT and included 27,537 observations, among which 10,725 records stemmed from within the ocean mixed-layer.

retrieval (2015, 2017 or both) and we added the field ‘containedWithinMLD_clim’ to the
database, to distinguish records from below the surface oceanic mixed-layer (monthly
climatology, de Boyer Montégut 2004) (11.55% of records) from those inside the mixed
layer. Besides presence-only data, the final database includes 188’818 count entries (of
individuals or cells) spread across 1111 species. Among these, 335 species had count
entries with a volume reference (n = 103’569 volume-referenced records). The latter
records exceed the quantity of count-records obtained from MAREDAT (n = 97’825) by
5.6%, owing to data from Sal et al. (2013) (n = 5744).
Last, we flagged sedimentary records in the database (using the column-field
‘basisPresumablySedimentary’). Although we excluded raw records based on fossil
materials in the first cleaning step, this does not exclude the possibility that occurrence
records of extant species in the GBIF and OBIS datasets stemmed partially from sediment
traps or sediment-cores, rather than from seawater samples. Marine sediments conserve
phytoplankton shells exported to depth. We flagged records from OBIS and GBIF in the
final database associated with surface sediment or sediment-core sampling, by checking
the metadata of each individual source dataset of GBIF (using the GBIF datasetKey) and
OBIS (using the OBIS resourceID) sourced data, via the R package rgibf (using the
function ‘datasets’) and via the online portal of OBIS (http://iobis.org/explore/#/dataset,
accessed 24 October 2018). This check resulted in a flagging of 2.6% of records in the
database. We did not further attempt to filter sediment-type records in the MAREDAT: we
assumed that information on sampling-depth associated with occurrence records of
MAREDAT lead to reasonable exclusion of sediment based data, and data in Sal et al.
(2013) and in Villar et al. (2015) are based uniquely on ocean seawater samples, requiring
no further sediment-based data filtering.
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2.3 Results
2.3.1 Data
Spatiotemporal coverage
Phytoplankton species occurrences from our synthesized database cover all ocean basins,
latitudes, longitudes and months (Fig. 2.1). However, data density is globally highly
uneven (Fig 2.1 B, C; histograms) with 44.7% of all occurrences falling into the North
Atlantic alone, while only 1.4% of data originate from the South Atlantic, and large parts
of the South Pacific basin are devoid of data (Fig. 2.1 A). The data distribution closely
reflects the overall phytoplankton sampling effort, as phytoplankton are ubiquitous in the
entire surface ocean. Analyzing the data by latitude (Fig. 2.1 B) and longitude (Fig. 2.1 C)
reveals that the sampling has been particularly thin at high latitudes (>70°N and S) during
winter. Occurrences cover a total of 18’863 monthly 1°-cells (WGS 84), corresponding to
3.8% of all monthly (n = 12 months) 1°-cells that constitute the open ocean (see sect. 2.2.2
for definition). Without monthly distinction, records cover 6098 spatial 1°-cells (WGS 84),
which is a fraction of 14.8% of all 1°-cells of the global open ocean.
Data are not evenly spread across major phytoplankton taxa and global sampling patterns
differ between major taxa (Fig. 2.2). CPR based observations in the North Atlantic (and to
a lesser extent south of Australia) result in an aggregation of occurrence records for
diatoms (Bacillariophyceae) and Dinoflagellata (Fig. 2.2 A, B), but this pattern is less
clear for the Haptophyta (Fig. 2.2 C), whose species have smaller cells compared to the
other two groups. Yet, these three taxonomic groups have all been relatively well surveyed
along the north-south cruises of Atlantic AMTs and they were not collected in southern
Pacific region. Among the smaller taxonomic groups, including the Cyanobacteria (Fig.
2.2 D) and Chlorophyta (Fig. 2.2 F), global occurrence data coverage is much more sparse
and differing. It is important to note that all of these main groups are globally widespread
(with at least some of their species). Therefore, a lack of occurrence data unlikely indicates
phytoplantkon absence (Fig. 2.2) but absence of phytoplankton sampling effort.
Environmental coverage
Figure 2.3 presents the coverage of phytoplankton occurrence data with respect to global
marine environmental conditions. We matched each record with climatological data of
nitrate (Garcia et al. 2013; at sea surface), temperature (Locarini et al. 2013; at sea surface)
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Fig. 2.1 Global distribution of phytoplankton occurrence records of PhytoBase. (A) Circles show the
position of in situ occurrence records (n = 1’355’680), with the colour indicating the source of the data. Map
shading indicates the extent of tropical (T >20°C; yellow), temperate (10°C≤ T≤ 20°C; snow-white), and cold
(T <10°C; light-blue) seas, based on the annual mean sea surface temperature (Locarini et al. 2013). (B-C)
Records plotted as a function of month and latitude (B) or longitude (C). Colours of dots show the number of
species detected in each “sample” (defined as any exact combination of time, location, and depth, in the final
dataset). Histograms above panels (B-C) show the frequency of these samples by latitude (B), by longitude
(C). (D-E) Histograms of sample frequency by year (D), by depth (E). Vertical yellow lines show the median.
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Fig. 2.2 Global distribution of phytoplankton occurrence records for individual taxa. Black circles show
the distribution of in situ records for the five largest phyla or classes in the database that constitute 97.6% of
all records (A-E), and for the remaining taxa (F). Multiple records may overlap at any particular position.

and mixed-layer depth (de Boyer Montégut, 2004) at monthly 1°-resolution (WGS 84) as
the basis for this analysis. Records cover the entire sea surface temperature span and a
broad range of nitrate and mixed layer conditions (Fig. 2.3 A, B). However, global records
are most numerous in areas with intermediate conditions, which are relatively more
frequent in the global open ocean (gray shade; Fig. 2.3 A, B). Cell-count records (Fig. 2.3
C, D) show a similar coverage as presence records (Fig. 2.3 A, B), but are much more thin
(13.1% of presence records, referring to cell-count records with a volume basis).
Taxonomic coverage
We compared the number of taxa and species in our database against estimates of known
marine phytoplankton species. Occurrence records span all major taxa of marine
phytoplankton, including the three predominant taxa: Bacillariophyceae, Dinoflagellata,
and Haptophyta. Data include up to half (ca. 34-55%) of the known marine species of
Haptophyta (Jordan, 2004), and a similar fraction of the total known marine
Bacillariophyceae and Dinoflagellata species (Table 2.4). By contrast, the remaining
(smaller) taxa are more strongly underrepresented in the occurrence data (<4% of records),
but these taxa account for a rather small fraction (~7-10%) of all phytoplankton species
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Fig. 2.3 Phytoplankton records in environmental parameter space. (A-B) Dots display in situ records (n
= 1’355’680) as a function of sea temperature and nitrate concentration (A), and as a function of mixed-layer
depth (MLD) and nitrate concentration (B). The scale is logarithmic for MLD and nitrate. Shading indicates
the relative frequency of environmental conditions appearing in the ocean, with darker grey shade indicating
higher frequency. The colors of the dots denote the source of data, indicating complementarity or overlap of
environmental sampling space between archives (C-D) Show the subset of records that contain information
on species’ cell counts with a valid volume basis (n = 103’569), stemming largely from MAREDAT.

known (de Vargas et al., 2015; Falkowski, 2004; Jordan, 2004). Occurrence records are
unevenly distributed between individual species or genera (Fig. 2.4). Half of the species in
the database contain at least 29 presence records, but considerable amounts of species
contain just one or two presence records (Fig. 2.4 A). The species that contain less than 29
records each, account for as little as 0.53% of total presence records at level of species.
Similarly, one half of all genera contain less than 107 records each, accounting for 0.34%
of all presences. A similar data distribution applies to the subset of species, which had
abundance records with a volume reference (Fig. 2.4 B; n = 335 species). Half of these
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Table 2.4 Occurrence- and species numbers contained in the database for key phytoplankton taxa
Taxon

Range (mean) of
known marine
species number

Bacillariophyceae

1’800 -5’000 (3400)

Dinoflagellata

1’780 -1’800 (1790)

Haptophyta

300 -480 (360)

Number of
records in
database

Number of species
(% of total species in
database)

% of known marine
species number

†

§

GBIF, OBIS,
MAREDAT, Villar et al.,
Sal et al.

698’186

704 (41.1)

14-39

†

§

GBIF, OBIS, Villar et
al., Sal et al.
GBIF, OBIS, Sal et al.,
MAREDAT

526’486

777 (45.4)

43-44

46’640

165 (9.6)

34-55

†,||

§

§

†

GBIF, OBIS

1428

30 (1.8)

20-25

†

§

GBIF, OBIS, Sal et al.

2111

11 (0.8)

1-8

GBIF, OBIS

2311

11 (0.6)

4-5

GBIF, OBIS,
MAREDAT

50’273

5 (0.3)

3

GBIF, OBIS

700

3 (<0.2)

6

GBIF, OBIS

8

4 (0.2)

20-50

27’537

1 (<0.1)

-

1’355’680

1’713

10-38

Chlorophyta

100 -128 (114)

Chrysophyceae

130 -800 (465)

Cryptophyta

78 -100 (89)

Cyanobacteria

150

Euglenoidea

30 -36 (33)

†

§

§

§

†

Sources contributing
to database

†

§

Raphidophyceae

4 -10 (7)

Picoeukaryotes

No reference

Total

4’530 -16’940
(10’735)

†,¶

MAREDAT
§

5

The table summarizes the occurrence records for the ten major taxa comprised in the database and describes to what degree the species in
each taxon represents the total number of marine species known (for which exact species numbers are still debated; we therefore provide
upper and lower bounds, and the mean value in parentheses).
§

Falkowski et al. (2004). Estimates include both coastal taxa and open ocean taxa, whereas this paper focuses uniquely on occurrence data
collected from open oceans.
†
de Vargas et al. (2015)
||
Jordan et al. (2004)
¶
This estimate excluded prokaryotes (De Vargas et al. 2015). A number of 150 prokaryotes (Falkowski et al. 2004) was added to calculate the
mean total number of species.

species had more than 16 records. Among all genera with volume-referenced abundance
records (Fig. 2.4 B; n = 127 genera) half had more than 73 records.
Completeness of species richness inventories of large-scale regions
We analyzed the ocean inventory of phytoplankton species richness comprised in the
database for different large-scale regions, separately. We used species accumulation curves
(SACs) (Thompson and Withers, 2003) (Fig. 2.5). These curves display the number of
species as a function of sample number (or survey area) and are expected to increase
asymptotically before they saturate above a certain sampling effort or sample number (i.e.,

Fig. 2.4 Distribution of occurrence records across species and genera. Histograms show the frequency of
species (black) and genera (yellow) with a certain amount of presence records (A) or abundance records (B),
separately. Vertical lines (black, yellow) indicate the median value. X-axes are logarithmic to the base ten.
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when the system has been exhaustively sampled). Using the number of sampling events
(i.e., unique combinations of time, depth and location in our database) as a surrogate for
sampling effort, we find that the richness detected (on the y-axis) is far from saturation in
southern temperate seas (Fig. 2.5 D) and southern cold seas (Fig. 2.5 E) both for total
species (black curves) and individual taxa (colored curves). By contrast, SACs in the
Northern Hemisphere start to saturate at ~40’000 samples. The SACs suggest that species
richness will saturate at around ~1500 species in the tropics, at ~1100 species in northern
temperate latitudes, and at ~600 species in northern cold regions. However these estimates
only represent the fraction of species detectable by light-microscopy and other methods
underlying our database, but likely omit rare and very small species (Cermeño et al., 2014;
Ser-Giacomi et al., 2018; Sogin et al., 2006). Thus, richness may continue to increase (at
low rate) with additional sampling effort. Theoretical models have suggested that
communities with many rare species lead to SACs with ‘low shoulders’ meaning that
SACs have a long upward slope to the asymptote (Thompson and Withers, 2003),
consistent with the SACs shown.
Species richness detected at the 1°-cell level
To explore how completely species richness has been sampled at smaller spatial scales, we
binned data at 1°-spatial resolution (i.e., we did not consider the month of sampling), and
we analyzed the number of species in the pooled data per cell as a function of sampling
effort. Global hotspots in directly observed phytoplankton richness at the 1°-cell level
emerge in the near-shore waters of Peru, around California, south-east of Australia, in the
North Atlantic, along AMT cruises, and along transects south of Japan (Fig. 2.6 A). In our
dataset, the species richness detected per 1°-cell is positively correlated with sampling
effort across taxa, using number of samples collected per cell as a surrogate (Spearman’s ρ
= 0.47, P < 0.001, total species). In particular, richness of Bacillariophyceae (ρ = 0.88, P <
0.001), and Dinoflagellata (ρ = 0.92, P < 0.001), is positively correlated with effort, while
this is less clearly the case for the Haptophyta (ρ = 0.27; P < 0.001).
The scatter inherent to species richness per 1°-cell, when plotted as a function of sampling
effort (Fig. 2.6 B-E) suggests that additional factors besides the number of sampling events
are important with respect to detected richness.
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Fig. 2.5 Accumulation of species richness as a function of sampling effort, by region. Curves show the
cumulative species richness as a function of samples (i.e., unique combinations of space, time and depth in
the database, drawn at random) drawn at random from the database, using 100 runs (shadings around the
curves indicate ± 1 S.D). Shown are species accumulation curves for all species (black) and three major taxa
(colours) for the tropics (T >20°C) (A), temperate seas (10°C≤ T≤ 20°C) of Northern Hemisphere (B), cold
seas (T< 10°C) of Northern Hemisphere (C), temperate seas (10°C≤ T≤ 20°C) of Southern Hemisphere (D),
cold seas (T< 10°C) of Southern Hemisphere (E), see background shade in map of Figure 2.1.

Analyzing data for ocean thermal regimes separately, it is clear that tropical oceans (yellow
dots; Fig. 2.6 B-E) yield generally higher cumulative per-cell richness at moderate to high
sampling effort (more than ~50 samples), than do temperate oceans (grey dots) or polar
oceans (blue dots), respectively (Fig. 2.6 B-E). Although data are thin and scattered,
species richness in cold oceans tends to saturate at ~70 species per cell (Fig. 2.6 B; blue
dots), at a sampling effort of ~500 samples collected per cell. In contrast, species richness
of the warm tropical ocean tends to reach ~290 species per cell at the same sampling effort
(~500 samples). This suggests that tropical species richness at the cell level is roughly four
times higher than that of the cold regime, but richness may further increase with additional
sampling effort. For individual taxa, results indicate ~200 species of Bacillariophyceae and
Dinoflagellata at high sampling effort (~500 samples), yet data are very sparse, especially
for Haptophyta, which generally lack cells with more than 100 samples (Fig. 2.6 E).
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Fig. 2.6 Species richness observed within 1°-cells. (A) Global map visualizing the species richness detected
within each 1° latitude x 1° longitude cell of the ocean. (The means of four 1°-cells are depicted at 2°resolution). (B-E) The number of species detected within each1°-cell is plotted as a function of sampling
effort per cell (i.e., number of sampling events, defined as unique combinations of position, time and depth in
the database), with colours indicating data originating from different regions: tropical (T >20°C; yellow),
temperate (10°C≤ T≤ 20°C; snow-white), and polar 1°-cells (T< 10°C; light-blue), as defined by the annual
mean temperature at sea surface (Locarini et al., 2013; see shading of map in Fig. 2.1). The richness-effort
relationship is shown for all taxa (B), and major taxa separately (C-E).

The cell-level analysis of detected species richness suggests that roughly one-third to onefifth of all species found in the entire tropical or polar realm (Fig. 2.5) can be detected
within a single 1°-cell of these realms at sufficiently high sampling efforts (~500 samples).
These results are in approximate agreement with the results obtained in the large-scale
analysis (Fig. 2.5 A-C), which suggested that roughly times as many species can be found
the tropical ocean than in the polar (northern) cold ocean.
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Comparative spatial and taxonomic analysis of source datasets
The single largest contributing source dataset to the database compiled is the CPR
program, which covers the north Atlantic and north Pacific (Fig. 2.7 A-D; brown dots), and
parts of the Southern Ocean south of Australia (Fig. 2.7 A-D; blue dots). CPR records
obtained through GBIF contribute 33.8% to all records in the database. The continuous
sampling method of the CPR results in low species numbers captured on average per
“sample” (defined as any exact combination of position, depth, and time in the data) in the
database (Fig. 2.7 I). In addition, the mesh size of the employed silk (270 µm) generally
under-samples small phytoplankton species (<10 µm) relative to larger ones. However,
small species nevertheless get regularly captured in CPR, as they get attached to the mesh
(Richardson et al., 2006).
The average number of species collected per “sample” is below four for the CPR program
and it increases to more than 40 for other source datasests (Fig. 2.7 I). While the 16 largest
datasets (excluding datasets with sedimentary records) presented in Figure 2.7, which are
part of data downloaded from GBIF, make an exemplary case, they demnostrate how
strongly the taxonomic resolution differs between samples of individual programs or
research cruises. By latitude, these programs contribute to a varying degree to the
occurrences in the database (Fig. 2.7 E-H). Systematic differences in species numbers
detected per sample (between the different datasets), and the varying contribution of these
datasets to total data along latitude (Fig. 2.7 E-H) are important considerations when
analyzing phytoplankton species richness on the basis of the dataset presented.
Analyzing the data from GBIF in parameter space reveals that different fractions of the
global temperatures, nitrate levels, and mixed-layer depths in the ocean are covered by
source datasets (Fig. 2.7). Across all datasets, the datasets collected in the tropics and
subtropics (mean temperature of sampling 20° C or higher; Fig. 2.8 A), tend to be
associated with higher taxonomic detail (~25 species per sample on average; Fig. 2.7 I),
compared to datasets collected in colder seas. This likely reflects, in part, an overall higher
number of species living in tropical seas (Figs. 2.5 A) than in extratropical seas.
Sensitivity of occurrence quantity to harmonization and coordinate rounding
In the raw database (Table 2.2), the largest contributing data archive was GBIF, with
970’914 records, followed by OBIS, which contributed 849’802 records. This relative
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Fig. 2.7 Spatial extent of the 16 largest datasets from GBIF and average per-sample richness. (A-D) M
aps display the spatial distribution of the 16 biggest contributing datasets to the GBIF-sourced data in the
database, showing each season separately. The datasets presented comprise 54.8 % of all records and 94.0 %
of GBIF-sourced records. GBIF data is shown as an exemplary case, as it contributes a variety of source
datasets defined by dataset keys (‘DatasetKey_gbif’). Panels (E-H) show the importance of contributing
datasets, by latitude. The width of coloured sub-bars reflects the amount of occurrences from each dataset, in
5°-latitude bands. Panels (E–H) correspond to data shown in (A–D). (I) Box plots show the mean (thick
vertical lines) species richness detected in samples of each dataset. Boxes show the first and third quartiles
for richness distribution around the mean. Whiskers show 2.5 times the inter-quartile range. Note that the
same analysis may be performed for OBIS-sourced data using the field ‘ResourceID_obis’ in the database.

contribution changed after harmonizing the data (Table 2.3). GBIF contributed 790’213
records to the harmonized database; OBIS contributed 820’590 records. This shows that
the exclusion of non-marine, fossil or doubtful species, and the taxonomic harmonization,
was more stringent for GBIF-sourced data than OBIS-sourced data. We tested to what
degree the number of unique occurrence records in the final database changed, when
rounding coordinates to varying decimal positions (Table 2.5). Furthermore, we were
interested to what degree the data contributed by the largest source (i.e., GBIF for the raw
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Fig. 2.8 Environmental range of the 16 largest datasets from GBIF. (A-B) The range of 16 datasets
contained within GBIF-sourced data, and the range of the dataset from Sal et al. (2015), are represented by
thin lines in parameter space: (A) temperature vs. logarithmic nitrate concentration in the surface ocean, and
(B) logarithmic mixed-layer depth vs. logarithmic nitrate (using climatological environmental data from
Garcia et al. 2013; Locarini et al. 2013; de Boyer Montegut, 2004; matching with records at monthly
climatological 1°-resolution). Lines span the minimum to maximum environmental condition associated with
records in each dataset, and triangles display the mean environmental condition of all records per dataset.

database and OBIS for the harmonized database) can be extended by adding additional
sources into the database. e find that the total number of unique records in the database
declines continuously from above 1.3 million to roughly one million, when rounding the
coordinates to the 6th, 5th and 4th, up to the 2nd decimal place. This decreasing trend may
be explained by the fact that a large part of the data comes from CPR. The records of CPR
Table 2.5 Number of total records as a function of coordinate rounding and data archives considered
Treatment (in addition
to merging sources and
§
removing duplicates )

GBIF, OBIS

-

1'491'620 (19'288)

970'927 (16'868)

GBIF, OBIS

harmonization

1’256’857 (17’473)

823’610 (15’621)

Total sources

-

1’591’882 (20'666)

970'927 (16'868)

Total sources

harmonization

1’356’472 (18’867)

Total sources

harmonization, coordinate
th
rounding to 6 digit
harmonization, coordinate
th
rounding to 5 digit

Total sources
Total sources
Total sources
Total sources

harmonization, coordinate
th
rounding to 4 digit
harmonization, coordinate
rd
rounding to 3 digit

Total No. of records
(total no. of
monthly 1°-cells)

No. of records (no.
of monthly 1°-cells)
of the largest
source*

Data sources
merged

Record (cell) fraction
gained, i.e., [(total – largest
source) / largest source]

Records of largest
source unique to
largest source**

GBIF

53.6 (14.3) %

65.7 %

OBIS

59.5 (11.9) %

56.1 %

GBIF

64.0 (22.5) %

65.7 %

823’610 (15’621)

OBIS

64.7 (20.8) %

56.2 %

1’346’386 (18’867)

823’413 (15’621)

OBIS

63.5 (20.8) %

56.2 %

1’319’017 (18’867)

818’974 (15’594)

OBIS

61.1 (21) %

56.0 %

1’131’928 (18’867)

649’098 (12’417)

OBIS

74.4 (52) %

69.9 %

1'083'865 (18’867)

624’669 (12’418)

OBIS

73.5 (51.9) %

71.6 %

OBIS

harmonization, coordinate
1'068'698 (18’867)
620’191 (12’370)
72.3 (52.5) %
nd
rounding to 2 digit
§
Removing exact combinations of scientificName, decimalLatitude, decimalLongitude, year, month, day, depth in merged sources
* The superscript besides the bracket indicates the largest source (contributing most records to the data and covering most spatial cells)
** % of records unique to source relative to total records of source

71.5 %
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start to be binned into coarser ‘samples’ when rounding their decimal positions. The
harmonized database (no rounding of coordinates) gained 64.7% of occurrences, relative to
its largest contributing source dataset. This gain was similar in the non-harmonized
database and around 73% when rounding coordinates to varying decimals (Table 2.5). This
shows that irrespective of coordinate rounding, different sources contributed unique data.

2.4 Discussion
2.4.1 Data coverage, uncertainties, and recommendations
Spatiotemporal data on species occurrence are an essential basis to determine and forecast
species’ distributions and to understand the drivers behind these patterns. Following recent
calls to integrate species occurrences into global databases (Edwards, 2000; Meyer et al.,
2015), we merged observational data of phytoplankton from three marine data sources and
the two largest open-access biological occurrence archives into PhytoBase. This new
database contains 1’355’680 records (1’280’257 records at the level of species), including
1713 species and nine key taxa. Our effort addresses a gap in marine species occurrence
data, as previous databases of marine taxa (Tittensor et al. 2010; Chaudhary et al. 2016;
Menegotto & Rangel 2018) have been devoid of phytoplankton. The taxonomic
harmonization and merging of the two largest publicly available species archives (GBIF
and OBIS) results in a substantial gain of phytoplankton records (more than 60% additional
records), relative to phytoplankton records residing in either of the two. The harmonization
of data from different sources has therefore proved as a valuable strategy to expand the
empirical basis of phytoplankton records, as has been shown for heterotrophic taxa
(Menegotto and Rangel, 2018; Tittensor et al., 2010).
Global occurrence data may be most useful, if data collection were designed to capture the
global marine environment through spatially systematic and temporally balanced efforts.
Two main features emerged from the analysis of the spatiotemporal data distribution:
Although this paper presents, to the best of our knowledge, the current largest database of
marine phytoplankton species occurrence records, information gaps persist in large ocean
regions, e.g. in the South Pacific gyre and the central Indian. Thus, the integration of
different data sources does not cure the problem that sampling is spatiotemporally more
dense in certain Northern Hemisphere regions and Southern Ocean regions than others.
Second, the different cell-size classes present in the phytoplankton, together with
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difficulties associated with sampling species communities in a complete manner (Cermeño
et al., 2014) may be a reason, why different cruises have narrowed their scope on
individual groups or taxa. Our results reveal that the average number of species collected
per cruise and per sample varies from three to above 40. Thus, varying taxonomic
sampling detail in different cruises is a second main feature of the global phytoplankton
occurrences dataset, in addition to spatiotemporal sampling bias. A global imbalance in
collection density of other marine species has been similarly found for heterotrophic taxa
(Woolley et al. 2016; Menegotto & Rangel 2018), but taxonomic uncertainties and
different sampling scopes between cruises may be more pronounced for the phytoplankton.
Owing to strong spatiotemporal variation in global sampling efforts and different sampling
scopes between cruises, we recommend that results obtained from the data be interpreted
with caution. We show that direct species richness estimates are sensitive to the quantity of
sampling events, as shown by plotting richness as a function of sample number per 1°-cell.
Statistical techniques may be implemented to analyze and integrate the data across
samples, while addressing some of the prevailing spatial biases in the data. These
techniques include rarefaction (Rodríguez-Ramos et al., 2015), randomized resampling
(Chaudhary et al., 2017), accounting for sampling gaps (Woolley et al. 2016; Menegotto &
Rangel 2018), and species distribution models (Zimmermann and Guisan, 2000). The latter
statistical models may be particularly promising, as they can be set up to account for
variation in presence data sampling bias (Phillips et al., 2009) and data scarceness (Breiner
et al., 2015). Another advantage of species distribution models is that they can circumvent
geographic gaps in sampling to some degree, through a niche-description and projection, as
long as the environmental parameter space of the species modeled is sufficiently sampled.
Based on the observed associations between species’ occurrences and environmental
factors (Guisan and Thuiller, 2005), these models estimate the ecological niche of a
species, which is projected into geographic space, assuming that the species’ ecological
niche and its geographic habitat distribution are interrelated (Colwell and Rangel, 2009),
Sampling efforts based on DNA shot-gun sequencing (metagenomics) have recently
become an important alternative approach to study phytoplankton biogeography globally
(de Vargas et al., 2015). This technique has two advantages over traditional taxonomic
sampling data: First, the sensitivity of this method to detect sparse taxa may be much
higher compared to traditional species sampling. Second, metagenomic sampling efforts
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have been performed in methodologically consistent global surveys (de Vargas et al.,
2015). These data on the other hand typically lack catalogued reference genes at the
species level and thus have been mostly assigned to genus level (Malviya et al., 2016). We
expect that integration of detailed genetic data with traditional sampling data may soon
become possible, pushing forward phytoplankton occurrence availability and analysis.
We addressed inhomogeneity in the taxonomic nomenclature of species through a species
synonym table and expert validation. However, taxonomy may continue to evolve. We
recommend that analyses for individual species address outliers and are aware of the fact
that varying cruises or methods may likely detect the model species with varying
sensitivity. At any point in the future, a potential revision of phytoplankton taxonomy can
be applied to our database as we retain original species name variants together with the
harmonized scientific name for each individual occurrence record.
2.4.2 Limitations
This database may serve as the basis to study phytoplankton geographic distributions, to
assess realized ecological niches of species, and to explore linkages between species’
niches and phylogenetic relatedness. However, the accuracy of these analyses is limited by
biases in the occurrence data, including the strong spatiotemporal variation in sampling
efforts and varying taxonomic sampling detail between data sources or research cruises.
However, these limitations can in part be addressed by considering the information on the
cruise numbers or data proiver into analysis. We have, therefore retained the information
on the dataset IDs or dataset keys along with each occurrence record in the database, where
possible. In addition, statistical analyses may specifically account for (or for)
spatiotemporal variation in global sampling. Additional data collected within for extensive
areas such as the South Pacific will likely lead to new species discoveries and bear a large
potential to improve global phytoplankton occurrence data coverage. In addition, the
contribution of data from recent cruises, which are still under evaluation, would add high
value to the database. These cruises include the Malaspina expedition (Duarte, 2015),
TARA oceans (Bork et al., 2015) and transects in the Southern Ocean (Balch et al., 2016).
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2.5 Data availability
The phytoplankton occurrence database will be made publicly available on a repository
through Pangaea (https://www.pangaea.de). The species synonym table and R scripts used
to download, synthesize and harmonize the database may be requested from the authors.

2.6 Conclusions
In PhytoBase, we compiled more than 1.35 million marine phytoplankton records that span
1716 species and nine major taxa or groups, including Bacillariophyceae, Dinoflagellata,
Haptophyta, Cyanobacteria and others. The database addresses photosynthetic microbial
organisms, which play crucial roles in global biogeochemical cycles and marine ecology.
We have provided an analysis of the current status of marine phytoplankton occurrence
records accessible through public archives, their spatial and methodological limitations,
and the completeness of species richness information for different ocean regions.
PhytoBase may stimulate studies on the biogeography, diversity, and composition of
phytoplankton and serve to calibrate ecological or mechanistic models. We recommend
accounting carefully for data structure and metadata, depending on the purpose of analysis.
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Table S1. Harmonization of 113 taxon names in the MAREDAT dataset of O’Brien et al. (2013). Only the
113 names that changed during harmonization are shown, out of a total of 197 names.
Group
Haptophyta

Original name
_P. pouchetii
_P. pouchetii_
_Phaeocystis pouchetii
_Phaeocystis pouchetii (Subcomponent: bladders)
_Phaeocystis spp.
_Phaeocystis spp._
_Phaeocystis spp. (Subgroup: motile)
_Phaeocystis spp. (Subgroup: non-motile)
ACANTHOICA QUATTROSPINA
Acanthoica acanthos
Acanthoica sp. cf. quattraspina
Algirosphaera oryza
Algirosphaera robsta
Anoplosolenia
Anoplosolenia braziliensis
Anoplosolenia sp. cf. brasiliensis
Anthosphaera robusta
CALCIDISCUS leptoporus
Calcidiscus leptopora
Calcidiscus leptoporus (inc. Coccolithus pelagicus)
Calcidiscus leptoporus (small + intermediate)
Calcidiscus leptoporus intermediate
Calciosolenia MURRAYI
Calciosolenia brasiliensis
Calciosolenia granii v closterium
Calciosolenia granii v cylindrothecaf
Calciosolenia granii v cylindrothecaforma
Calciosolenia granii var closterium
Calciosolenia granii var cylindrothecaeiformis
Calciosolenia murray
Calciosolenia siniosa
Calciosolenia sinuosa
Calciosolenia sp. cf. murrayi
Caneosphaera molischii
Caneosphaera molischii and similar
Coccolithus fragilis
Coccolithus huxley
Coccolithus huxleyi
Coccolithus leptoporus
Coccolithus sibogae
Crenalithus sessilis
Crystallolithus cf rigidus
Cyclococcolithus fragilis
Discophaera tubifer
Discosphaera thomsoni
Discosphaera tubifer
Discosphaera tubifer (inc. Papposphaera.lepida)
Discosphaera tubifera
Emiliana huxleyi
Emiliania huxleyi A1
Emiliania huxleyi A2
Emiliania huxleyi A3
Emiliania huxleyi C
Emiliania huxleyi Indet.
Emiliania huxleyi var. Huxleyi
Florisphaera profunda var. profunda
Halopappus adriaticus
Helicosphaera carteri var. Carteri
Michelsarsia elegans
Oolithotus fragilis var. Fragilis
Oolithus spp. cf fragilis
Ophiaster hydroideuss
Ophiaster spp. cf. Hydroides
P. antarctica
P. antarctica_
PHAEOCYSTIS
PHAEOCYSTIS_
PHAEOCYSTIS POUCHETII
PHAEOCYSTIS POUCHETII_

Harmonized name
Phaeocystis pouchetii
Phaeocystis pouchetii
Phaeocystis pouchetii
Phaeocystis pouchetii
Phaeocystis
Phaeocystis
Phaeocystis
Phaeocystis
Acanthoica quattrospina
Anacanthoica acanthos
Acanthoica quattrospina
Algirosphaera robusta
Algirosphaera robusta
Anoplosolenia brasiliensis
Anoplosolenia brasiliensis
Anoplosolenia brasiliensis
Algirosphaera robusta
Calcidiscus leptoporus
Calcidiscus leptoporus
Calcidiscus leptoporus
Calcidiscus leptoporus
Calcidiscus leptoporus
Calciosolenia murrayi
Anoplosolenia brasiliensis
Anoplosolenia brasiliensis
Calciosolenia murrayi
Calciosolenia murrayi
Anoplosolenia brasiliensis
Calciosolenia murrayi
Calciosolenia murrayi
Calciosolenia murrayi
Calciosolenia murrayi
Calciosolenia murrayi
Syracosphaera molischii
Syracosphaera molischii
Oolithotus fragilis
Emiliania huxleyi
Emiliania huxleyi
Calcidiscus leptoporus
Umbilicosphaera sibogae
Reticulofenestra sessilis
Calcidiscus leptoporus
Oolithotus fragilis
Discosphaera tubifera
Discosphaera tubifera
Discosphaera tubifera
Discosphaera tubifera
Discosphaera tubifera
Emiliania huxleyi
Emiliania huxleyi
Emiliania huxleyi
Emiliania huxleyi
Emiliania huxleyi
Emiliania huxleyi
Emiliania huxleyi
Florisphaera profunda
Michaelsarsia adriaticus
Helicosphaera carteri
Michaelsarsia elegans
Oolithotus fragilis
Oolithotus fragilis
Ophiaster hydroideus
Ophiaster hydroideus
Phaeocystis antarctica
Phaeocystis antarctica
Phaeocystis
Phaeocystis
Phaeocystis pouchetii
Phaeocystis pouchetii
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PHAEOCYSTIS sp.
PHAEOCYSTIS sp._
Palusphaera sp.
Palusphaera vandeli
Phaeocystis antarctica_
Phaeocystis cf. pouchetii
Phaeocystis cf. pouchetii_
Phaeocystis globosa_
Phaeocystis motile
Phaeocystis motile_
Phaeocystis sp.
Phaeocystis sp._
Phaeocystis spp.
Pontosphaera huxleyi
Rhabdosphaera sp. cf. claviger (inc. var. stylifera)
Rhabdosphaera claviger
Rhabdosphaera clavigera var. Clavigera
Rhabdosphaera clavigera var. Stylifera
Rhabdosphaera stylifera
Rhabdosphaera tubifer
Rhabdosphaera tubulosa
Syrachosphaera pulchra
Syracosphaera brasiliensis
Syracosphaera cf. Pulchra
Syracosphaera confuse
Syracosphaera corii
Syracosphaera cornifera
Syracosphaera corri
Syracosphaera mediterranea
Syracosphaera molischii s.l.
Syracosphaera oblonga
Syracosphaera quadricornu
Syracosphaera sp. cf. prolongata (inc. S.pirus)
Syracosphaera tuberculata
Umbellosphaera hulburtiana
Umbellosphaera sibogae
Umbellosphaera spp. cf. irregularis + tenuis
Umbilicosphaera mirabilis
Umbilicosphaera sibogae (Weber-van-Bosse) Gaarder
Umbilicosphaera sibogae sibogae
Umbilicosphaera sibogae var. Sibogae
Umbilicosphaera spp. (U.sibogae)
Umbillicosphaera sibogae
Note. An empty space in the original taxon name is indicated by “_”.

Phaeocystis
Phaeocystis
Rhabdosphaera longistylis
Rhabdosphaera longistylis
Phaeocystis antarctica
Phaeocystis pouchetii
Phaeocystis pouchetii
Phaeocystis globosa
Phaeocystis
Phaeocystis
Phaeocystis
Phaeocystis
Phaeocystis
Emiliania huxleyi
Rhabdosphaera clavigera
Rhabdosphaera clavigera
Rhabdosphaera clavigera
Rhabdosphaera clavigera
Rhabdosphaera clavigera
Discosphaera tubifera
Discosphaera tubifera
Syracosphaera pulchra
Anoplosolenia brasiliensis
Syracosphaera pulchra
Ophiaster hydroideus
Michaelsarsia adriaticus
Helladosphaera cornifera
Michaelsarsia adriaticus
Coronosphaera mediterranea
Syracosphaera molischii
Calyptrosphaera oblonga
Algirosphaera robusta
Syracosphaera prolongata
Coronosphaera mediterranea
Umbilicosphaera hulburtiana
Umbilicosphaera sibogae
Umbellosphaera irregularis
Umbilicosphaera sibogae
Umbilicosphaera sibogae
Umbilicosphaera sibogae
Umbilicosphaera sibogae
Umbilicosphaera sibogae
Umbilicosphaera sibogae

Table S2. Harmonization of 156 taxon names in the MAREDAT dataset of Leblanc et al. (2012). Only the
156 names that changed during harmonization are shown, out of a total of 248 names.
Group
Bacillariophyceae

Original name
Actinocyclus coscinodiscoides
Actinocyclus tessellatus
Asterionella frauenfeldii
Asterionella glacialis
Asterionella mediterranea subsp pacifica
Asterionellopsis japonica
Bacteriastrum varians
Cerataulina bergonii
Cerataulus bergonii
Ceratoneis closterium
Ceratoneis longissima
Chaetoceros angulatus
Chaetoceros atlanticus f. bulosus
Chaetoceros audax
Chaetoceros borealis f. concavicornis
Chaetoceros cellulosus
Chaetoceros chilensis
Chaetoceros contortus
Chaetoceros convexicornis
Chaetoceros dichaeta
Chaetoceros dispar

Harmonized name
Roperia tesselata
Roperia tesselata
Thalassionema frauenfeldii
Asterionellopsis glacialis
Lioloma pacificum
Asterionellopsis glacialis
Bacteriastrum furcatum
Cerataulina pelagica
Cerataulina pelagica
Cylindrotheca closterium
Nitzschia longissima
Chaetoceros affinis
Chaetoceros bulbosus
Chaetoceros atlanticus
Chaetoceros concavicornis
Chaetoceros lorenzianus
Chaetoceros peruvianus
Chaetoceros compressus
Chaetoceros peruvianus
Chaetoceros distans
Chaetoceros atlanticus
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Chaetoceros grunowii
Chaetoceros jahnischianus
Chaetoceros javanis
Chaetoceros peruvio-atlanticus
Chaetoceros polygonus
Chaetoceros radians
Chaetoceros radiculus
Chaetoceros ralfsii
Chaetoceros remotus
Chaetoceros schimperianus
Chaetoceros schuttii
Chaetocros vermiculatus
Corethron criophilum
Corethron hystrix
Corethron valdivae
Coscinodiscus anguste-lineatus
Coscinodiscus gravidus
Coscinodiscus pelagicus
Coscinodiscus polychordus
Coscinodiscus rotulus
Coscinodiscus sol
Coscinodiscus sublineatus
Coscinosira polychordata
Dactyliosolen mediterraneus
Dactyliosolen meleagris
Detonula delicatula
Diatoma rhombica
Dicladia bulbosa
Dithylim inaequale
Dithylum trigonum
Eucampia balaustium
Eucampia Britannica
Eucampia nodosa
Eucampia striata
Eupodiscus tesselatus
Fragilaria arctica
Fragilaria kerguelensis
Fragilaria obliquecostata
Fragilaria rhombica
Fragilariopsis antarctica
Fragilariopsis sublinearis
Fragilaris sublinearis
Fragillariopsis antarctica
Gallionella sulcata
Guinardia baltica
Hemiaulus delicatulus
Henseniella baltica
Homeocladia closterium
Homeocladia delicatissima
Lauderia borealis
Lauderia pumila
Lauderia schroederi
Leptocylindrus belgicus
Melosira costata
Melosira marina
Melosira sulcata
Moerellia cornuta
Navicula mebranacea
Navicula planamembranacea
Navicula pseudomembranacea
Nitzschia actydrophila
Nitzschia angulate
Nitzschia Antarctica
Nitzschia birostrata
Nitzschia closterium
Nitzschia curvirostris
Nitzschia delicatissima
Nitzschia grunowii
Nitzschia heimii
Nitzschia kergelensis
Nitzschia obliquecostata
Nitzschia pungens

Chaetoceros decipiens
Chaetoceros distans
Chaetoceros affinis
Chaetoceros peruvianus
Chaetoceros atlanticus
Chaetoceros socialis
Chaetoceros bulbosus
Chaetoceros affinis
Chaetoceros distans
Chaetoceros bulbosus
Chaetoceros affinis
Chaetoceros debilis
Corethron pennatum
Corethron pennatum
Corethron pennatum
Thalassiosira anguste-lineata
Thalassiosira gravida
Thalassiosira gravida
Thalassiosira anguste-lineata
Thalassiosira gravida
Planktoniella sol
Thalassiosira anguste-lineata
Thalassiosira anguste-lineata
Leptocylindrus mediterraneus
Leptocylindrus mediterraneus
Detonula pumila
Fragilariopsis rhombica
Chaetoceros bulbosus
Ditylum brightwellii
Ditylum brightwellii
Eucampia antarctica
Eucampia zodiacus
Eucampia zodiacus
Guinardia striata
Roperia tesselata
Fragilariopsis oceanica
Fragilariopsis kerguelensis
Fragilariopsis obliquecostata
Fragilariopsis rhombica
Fragilariopsis oceanica
Fragilariopsis obliquecostata
Fragilariopsis obliquecostata
Fragilariopsis kerguelensis
Paralia sulcata
Guinardia flaccida
Hemiaulus hauckii
Guinardia flaccida
Cylindrotheca closterium
Pseudo-nitzschia delicatissima
Lauderia annulata
Detonula pumila
Detonula pumila
Leptocylindrus minimus
Skeletonema costatum
Paralia sulcata
Paralia sulcata
Eucampia cornuta
Meuniera membranacea
Ephemera planamembranacea
Meuniera membranacea
Pseudo-nitzschia delicatissima
Fragilariopsis rhombica
Fragilariopsis rhombica
Nitzschia longissima
Cylindrotheca closterium
Cylindrotheca closterium
Pseudo-nitzschia delicatissima
Fragilariopsis oceanica
Pseudo-nitzschia heimii
Fragilariopsis kerguelensis
Fragilariopsis obliquecostata
Pseudo-nitzschia pungens
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Nitzschia seriata
Nitzschiella longissima
Nitzschiella tenuirostris
Orthoseira angulate
Orthoseira marina
Orthosira marina
Paralia marina
Planktoniella wolterecki
Podosira subtilis
Proboscia alata f. alata
Proboscia alata f. gracillima
Proboscia gracillima
Pyxilla baltica
Rhizosolenia alata
Rhizosolenia alata f. indica
Rhizosolenia alata var. indica
Rhizosolenia amputata
Rhizosolenia antarctica
Rhizosolenia calcar
Rhizosolenia calcar avis
Rhizosolenia calcar-avis
Rhizosolenia cylindrus
Rhizosolenia delicatula
Rhizosolenia flaccida
Rhizosolenia fragilima
Rhizosolenia fragilissima
Rhizosolenia genuine
Rhizosolenia gracillima
Rhizosolenia hebetata f hiemalis
Rhizosolenia hebetata f. hebetata
Rhizosolenia hebetata f. semispina
Rhizosolenia hensenii
Rhizosolenia indica
Rhizosolenia japonica
Rhizosolenia murrayana
Rhizosolenia semispina
Rhizosolenia stolterfothii
Rhizosolenia strubsolei
Rhizosolenia styliformis var. longispina
Rhizosolenia styliformis var. polydactyla
Rhizosolenia styliformis var. semispina
Schroederella delicatula
Spingeria bacillaris
Stauroneis membranacea
Stauropsis membranacea
Synedra nitzschioides
Synedra thalassiothrix
Terebraria kerguelensis
Thalassionema elegans
Thalassiosira condensata
Thalassiosira decipiens
Thalassiosira polychorda
Thalassiosira rotula
Thalassiosira tcherniai
Thalassiothrix curvata
Thalassiothrix delicatula
Thalassiothrix frauenfeldii
Thalassiothrix fraunfeldii
Thalassiothrix mediterranea var. pacifica
Trachysphenia australis v kerguelensis
Triceratium brightwellii
Zygoceros pelagica
Zygoceros pelagicum

Pseudo-nitzschia seriata
Nitzschia longissima
Cylindrotheca closterium
Thalassiosira angulata
Paralia sulcata
Paralia sulcata
Paralia sulcata
Planktoniella sol
Thalassiosira subtilis
Proboscia alata
Proboscia alata
Proboscia alata
Rhizosolenia setigera
Proboscia alata
Proboscia indica
Proboscia indica
Rhizosolenia bergonii
Guinardia cylindrus
Pseudosolenia calcar-avis
Pseudosolenia calcar-avis
Pseudosolenia calcar-avis
Guinardia cylindrus
Guinardia delicatula
Guinardia flaccida
Dactyliosolen fragilissimus
Dactyliosolen fragilissimus
Proboscia alata
Proboscia alata
Rhizosolenia hebetata
Rhizosolenia hebetata
Rhizosolenia hebetata
Rhizosolenia setigera
Proboscia indica
Rhizosolenia setigera
Rhizosolenia chunii
Rhizosolenia hebetata
Guinardia striata
Rhizosolenia imbricata
Rhizosolenia styliformis
Rhizosolenia styliformis
Rhizosolenia hebetata
Detonula pumila
Thalassionema bacillare
Meuniera membranacea
Meuniera membranacea
Thalassionema nitzschioides
Thalassiothrix longissima
Fragilariopsis kerguelensis
Thalassionema bacillare
Detonula pumila
Thalassiosira angulate
Thalassiosira anguste-lineata
Thalassiosira gravida
Thalassiosira gravida
Thalassionema nitzschioides
Lioloma delicatulum
Thalassionema frauenfeldii
Thalassionema nitzschioides
Lioloma pacificum
Fragilariopsis kerguelensis
Ditylum brightwellii
Cerataulina pelagica
Cerataulina pelagica
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Table S3. Harmonization of the total of 109 species names in the data from Villar et al. (2015). Only the
109 names that changed during harmonization are shown, out of a total of 201 names.
Group
Bacillariophyceae

Dinoflagellata

Original name
Asteromphalus cf. flabellatus
Asteromphalus spp.
Bacteriastrum cf. delicatulum
Bacteriastrum cf. elongatum
Bacteriastrum cf. furcatum
Bacteriastrum cf. hyalinum
Bacteriastrum spp.
Biddulphia spp.
Chaetoceros atlanticus var. neapolitanus
Chaetoceros bulbosum
Chaetoceros cf. atlanticus
Chaetoceros cf. coarctatus
Chaetoceros cf. compressus
Chaetoceros cf. danicus
Chaetoceros cf. densus
Chaetoceros cf. dichaeta
Chaetoceros cf. laciniosus
Chaetoceros cf. lorenzianus
Chaetoceros spp.
Climacodium cf. fravenfeldianum
Climacodium spp.
Corethron cf. pennatum
Corethron spp.
Coscinodiscus spp.
Cylindrotheca spp.
Ditylum spp.
Eucampia antartica
Eucampia spp.
Eucampia zodiacus f. cylindrocornis
Fragilariopsis spp.
Haslea wawrickae
Hemiaulus spp.
Hemidiscus cf. cuneiformis
Lauderia spp.
Leptocylindrus cf. danicus
Leptocylindrus cf. minimus
Lithodesmium spp.
Nitzschia spp.
Odontella spp.
Pseudo-nitzschia cf. fraudulenta
Pseudo-nitzschia cf. subcurvata
Pseudo-nitzschia delicatissima group
Pseudo-nitzschia pseudodelicatissima group
Pseudo-nitzschia seriata group
Pseudo-nitzschia spp.
Rhizosolenia cf. acuminata
Rhizosolenia cf. bergonii
Rhizosolenia cf. curvata
Rhizosolenia cf. decipiens
Rhizosolenia cf. hebetata
Rhizosolenia cf. imbricata
Rhizosolenia spp.
Skeletonema spp.
Thalassionema spp.
Thalassiosira spp.
Amphidinium spp.
Archaeperidinium cf. minutum
Blepharocysta spp.
Ceratocorys cf. gourreti
Ceratocorys spp.
Dinophysis cf. acuminata
Dinophysis cf. ovum
Dinophysis cf. uracantha
Dinophysis spp.
Diplopsalis group
Gonyaulax cf. apiculata
Gonyaulax cf. elegans
Gonyaulax cf. fragilis
Gonyaulax cf. hyalina

Harmonized name
Asteromphalus
Asteromphalus
Bacteriastrum
Bacteriastrum
Bacteriastrum
Bacteriastrum
Bacteriastrum
Biddulphia
Chaetoceros atlanticus
Chaetoceros bulbosus
Chaetoceros
Chaetoceros
Chaetoceros
Chaetoceros
Chaetoceros
Chaetoceros
Chaetoceros
Chaetoceros
Chaetoceros
Climacodium
Climacodium
Corethron
Corethron
Coscinodiscus
Cylindrotheca
Ditylum
Eucampia antarctica
Eucampia
Eucampia zodiacus
Fragilariopsis
Haslea wawrikae
Hemiaulus
Hemidiscus
Lauderia
Leptocylindrus
Leptocylindrus
Lithodesmium
Nitzschia
Odontella
Pseudo-nitzschia
Pseudo-nitzschia
Pseudo-nitzschia delicatissima
Pseudo-nitzschia pseudodelicatissima
Pseudo-nitzschia seriata
Pseudo-nitzschia
Rhizosolenia
Rhizosolenia
Rhizosolenia
Rhizosolenia
Rhizosolenia
Rhizosolenia
Rhizosolenia
Skeletonema
Thalassionema
Thalassiosira
Amphidinium
Archaeperidinium
Blepharocysta
Ceratocorys
Ceratocorys
Dinophysis
Dinophysis
Dinophysis
Dinophysis
Diplopsalis
Gonyaulax
Gonyaulax
Gonyaulax
Gonyaulax
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Gonyaulax cf. pacifica
Gonyaulax cf. polygramma
Gonyaulax cf. scrippsae
Gonyaulax cf. sphaeroidea
Gonyaulax cf. spinifera
Gonyaulax cf. striata
Gonyaulax spp.
Gymnodinium spp.
Gyrodinium spp.
Histioneis cf. megalocopa
Histioneis cf. striata
Oxytoxum cf. laticeps
Oxytoxum spp.
Paleophalacroma unicinctum
Phalacroma cf. rotundatum
Prorocentrum cf. balticum
Prorocentrum cf. concavum
Prorocentrum cf. nux
Protoceratium spinolosum
Protoperidinium cf. bipes
Protoperidinium cf. breve
Protoperidinium cf. crassipes
Protoperidinium cf. diabolum
Protoperidinium cf. divergens
Protoperidinium cf. globulus
Protoperidinium cf. grainii
Protoperidinium cf. leonis
Protoperidinium cf. monovelum
Protoperidinium cf. nudum
Protoperidinium cf. ovatum
Protoperidinium cf. ovum
Protoperidinium cf. pyriforme
Protoperidinium cf. quarnerense
Protoperidinium cf. steinii
Protoperidinium cf. variegatum
Protoperidinuim spp.
Schuettiella cf. mitra
Tripos arietinum
Tripos lineatus/pentagonus complex
Tripos massiliense
Note. Data of genera (using the harmonized names) were excluded from the database.

Gonyaulax
Gonyaulax
Gonyaulax
Gonyaulax
Gonyaulax
Gonyaulax
Gonyaulax
Gymnodinium
Gyrodinium
Histioneis
Histioneis
Oxytoxum
Oxytoxum
Palaeophalacroma unicinctum
Phalacroma
Prorocentrum
Prorocentrum
Prorocentrum
Protoceratium spinulosum
Protoperidinium
Protoperidinium
Protoperidinium
Protoperidinium
Protoperidinium
Protoperidinium
Protoperidinium
Protoperidinium
Protoperidinium
Protoperidinium
Protoperidinium
Protoperidinium
Protoperidinium
Protoperidinium
Protoperidinium
Protoperidinium
Protoperidinium
Schuettiella
Tripos arietinus
Tripos lineatus
Tripos massiliensis
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Abstract
1. The distribution of many species is not well known, yet such knowledge is crucial
to determine biodiversity patterns, to identify the role of species for ecosystem
functions, and to provide the basis for assessing how communities might respond
to global warming and other human-induced stressors. A key limitation hindering
progress is the uneven and sparse nature of most species’ occurrence data. In
addition, the data scarceness may obscure predictors of species’ true distributions,
impeding biogeographic analyses.
2. Here, using species distribution models (SDMs), we demonstrate that some of the
data limitations can be overcome, and robust global distributions maps can be
generated. We first describe the steps taken in our particular SDM approach,
addressing challenges associated with (i) differing taxonomic completeness of
samples, (ii) sampling bias stemming from data scarcity and uneven sampling at a
global scale, (iii) uncertainty in species’ projections due to predictor choice, and
(iv) a tendency to over predict species richness. We use marine phytoplankton as
our study case, for which we compiled records for 557 species from data archives.
3. We demonstrate that by aggregating all observations to 1°latitude by 1°longitude
cells and forming climatological monthly averages, we can drastically reduce the
limitations associated with the lack of taxonomic completeness present in most of
our samples. We further demonstrate that the so-called target-group background
approach outperforms the standard “random” background selection, in addressing
the challenge of balancing presence sampling bias. To ameliorate sampling bias
we also test spatiotemporal thinning of cells, yet SDMs using the gridded data
reach higher performance across species compared to those using thinned data. To
further address the data limitation, we use a new predictor ranking, randomization
and selection method to obtain ensembles of SDMs (E-SDMs). This method leads
to a much improved characterization of predictor-based uncertainty and E-SDMs
that largely (>50% of species) outperform the best performing member model
inside E-SDMs. Finally, we show that presence-absence thresholding within ESDMs reduces the overprediction of species richness.
4. Our approach successfully projects the niches for 557 marine phytoplankton
species on a monthly basis. It does not only improve substantially our ability to
project distribution and richness patterns of marine plankton at the global scale; it
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may also provide a template to model other unevenly or sparsely sampled taxa
globally. However, our SDMs do not substitute the need for improving the
observational basis, which remains subcritical for many important species.

3.1 Introduction
Without drastic countermeasures, habitat alteration and climate change are projected
to push approximately one million species towards extinction within the next few
decades (Diaz et al. 2019). Yet, an estimated 86% of the approximately 8 million
species existing on Earth has not yet been described (Mora et al. 2011) and for a large
fraction of the known species, the distribution, composition, and richness patterns are
not known or just about to be established. Ill described groups include marine
phytoplankton taxa (de Vargas et al. 2015), zooplankton taxa (Biard et al. 2016),
viruses (Brum et al. 2015), deep-sea (Woolley et al. 2016) or insect taxa (BallesterosMejia et al. 2017). Species richness, species’ temporal turnover, and composition are
fundamental characteristics of biodiversity, and may be important proxies for the
functioning and services of ecosystems. In addition, present-day patterns of species
distribution provide a reference against which to compare forthcoming changes of
ecosystems (Beaugrand 2002; Pinsky et al. 2013; Poloczanska et al. 2013).
One of the major tools to project species’ distributions from in situ data have been
species distribution models (SDMs), also known as ecological niche or habitat
distribution models (Guisan & Zimmermann 2000). SDMs characterize the realized
ecological niche of a species (Hutchinson, 1957) by relating species’ occurrences to
co-located environmental data. They then project the calibrated ecological niche
spatially and temporally to obtain probabilistic species distribution maps (Colwell &
Rangel 2009; Lee-Yaw et al. 2016). SDMs have been intensely used during the past
decades to analyze species distributions; for example, within the context of climate
change (Zurell et al. 2018), conservation (Fordham et al. 2013) or biological invasion
(Fournier et al. 2019). However, in comparison to terrestrial taxa, oceanic taxa have
been rarely analyzed by SDMs (Robinson et al. 2011). Reported patterns for marine
phytoplankton exist at the basin scale (Irwin et al. 2012; Beaugrand et al. 2013;
Flombaum et al. 2013; Pinkernell & Beszteri 2014; Rivero-Calle et al. 2015; Barton
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et al. 2016; Brun et al. 2016; Jensen et al. 2017). Furthermore, three studies have
analyzed phytoplankton richness or taxonomic operational units at the global scale
(Thomas et al. 2012; Ladau et al. 2013; Righetti et al. 2019). Among other marine
taxa, few SDMs have studied large-scale richness patterns, focusing on zooplankton
(Beaugrand et al. 2013; Chust et al. 2013; Villarino et al. 2015; Benedetti et al. 2018),
brittle stars (Woolley et al. 2016) or fish (Cheung et al. 2009; Jones & Cheung 2015).
A cardinal problem for the description of global species distribution and diversity
patterns has been the sparseness and patchiness of species observations (Meyer et al.
2015), as this biased sampling tends to lead to substantial biases in the SDMs. This
bias problem is particularly acute for open ocean (pelagic) organisms (Menegotto &
Rangel 2018), as most observations are obtained for purposes other than global
habitat mapping. Two major strategies to address sampling biases in SDMs have been
the thinning of species’ presence data (Aiello-Lammens et al. 2015) and the so-called
target group approach to background selection (Phillips et al. 2009). The first aims at
reducing clusters of presences in heavily sampled regions through distance-based
thinning of data. The latter balances presence-sampling bias through a selection of the
number and quantity of pseudo-absences (also termed background data).
Here, we use marine phytoplankton as the basis to develop global-scale SDMs
capable of dealing with biased sampling. Marine phytoplankton drive primary
production (Field et al. 1998), and thus food webs, across ~72% of Earth’s surface.
Furthermore, they contribute to oceanic CO2-uptake (Falkowski & Wilson 1992).
Phytoplankton may provide a unique study system for global-scale SDMs under
limited data, as different taxa show varying degrees of sampling bias (Fig. 2.2).
Building upon a recent global SDM analysis (Righetti et al. 2019), we present tests of
SDM development and performance for individual species (and species’ averages)
and discuss challenges arising in SDMs in greater depths.
The first challenge is that phytoplankton species are typically under-detected by
traditional seawater samples, in addition to being sampled unevenly in space and time,
leading to incomplete community descriptions (Cermeño et al. 2014). This implies
that many species that are present at low abundances escape detection (Ser-Giacomi et
al. 2018) and that species’ absences derived from sample information are unreliable.
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Furthermore, methodologies and taxonomic detail differ between individual surveys
(e.g. Richardson et al. 2006 vs. Sal et al. 2013). This variation in data density and
quality makes it difficult to define in situ species communities from presence data.
The second challenge concerns the exact definition of a so-called target group for
plankton species, which may serve as a key strategy to address sampling bias (Phillips
et al. 2009; Ballesteros-Mejia et al. 2017). The target group is classically defined as a
larger “study group” of species, which is subjected to similar sampling methodologies
or schemes, and thus similar sampling bias, as the model species. For instance,
species belonging to the same size-class, which are likely to be detected by the same
methodology (e.g. same net size), may define a target group. Alternatively, plankton
surveys often focus specifically on certain taxa, such as diatoms (Malviya et al. 2016),
and differing global sampling schemes have emerged between such key taxa (Fig.
2.2). It may therefore be important to define target groups based on taxonomic or sizebased criteria, in addition to study group.
The third challenge concerns predictor-choice when modeling sparsely sampled or
rare species (Breiner et al. 2015, 2018). For most marine plankton species, in vitro
experiments on physiological drivers and empirical knowledge on species’ true
geographic distributions are missing. However, recent SDM studies point to several
potentially important predictors of phytoplankton distribution; these include ocean
temperature, surface water CO2 concentration, nutrients (e.g. silicic acid, nitrate,
phosphate, iron), ocean mixing depth, sea surface wind stress, light availability, and
salinity (Irwin et al. 2012; Brun et al. 2015; Rivero-Calle et al. 2015). Uncertainty
surrounds the relative importance of these predictors: a recent study identified pCO2
as the main driver of abundance patterns for calcifying phytoplankton in the North
Atlantic (Rivero-Calle et al. 2015), while another study reports temperature as the
main driver (Beaugrand et al. 2013). The relative importance of predictors may differ
between species: for example, the importance of light as opposed to nutrient
availability may differ between species adapted to tropical versus higher latitudes.
Fourth, predictor-choice in plankton SDMs also involves a temporal dimension.
Phytoplankton species are mostly short-lived and show pulsed growth phases, with
blooms that last from a few days to weeks (Leblanc et al. 2018). SDMs may address
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such dynamics through time-discrete matchups between species presence data and
predictor data, or via a selection of predictors that reflect seasonal variability
(Iglesias-Rodríguez et al. 2002). A recent study has shown that SDM projections of
plankton into past and future decades remain highly uncertain (Brun et al. 2016),
possibly due to short planktonic lifespans. Well-known uncertainties in SDMs beside
predictor choice include algorithm- and response complexity choice (Merow et al.
2014; Brun et al. 2019a). Algorithm choice has emerged as a main source of
uncertainty in zooplankton SDMs (Benedetti et al. 2018). Yet, it remains untested if
algorithm or predictor choice induces larger uncertainty in phytoplankton SDMs.
In viewing of these challenges, we develop a synthetic, integrative SDM based
approach to phytoplankton biogeography and richness, which includes several new
aspects. Specifically:
(1) We build and evaluate SDMs that use species data aggregated at monthly 1°
latitude × 1° longitude, with or without subsequent thinning of the latter data.
(2) We evaluate the classical target-group for selecting pseudo-absences against a
more stringent, group-specific target group definition, for three key taxa. In
particular, we test whether bias in predicted (SDMs) versus observed species
richness (at coarse data aggregation) is reduced when choosing group-specific
target groups, rather than the general target group. As a third approach, we use
standard (random) pseudo-absence selection (i.e., no use of target groups).
(3) We compare the predictive skill of SDMs, using different predictors, and evaluate
uncertainty in spatial projections. To address data sparseness (Merow et al. 2014;
Breiner et al. 2015) we build relatively small SDMs with varying, randomized
predictors, and average these models to ensemble SDMs (E-SDMs). These ESDMs span a broad set of potentially important predictors.
(4) We use algorithms of varying statistical response-shape complexity and monthly
predictor data for SDM calibration.
By implementing these strategies in marine SDMs, using more than 550 species, this
study aims at improving distribution and richness projections of phytoplankton
species and to provide a cornerstone to model other unevenly sampled taxa globally.
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3.2 Materials and methods
We used in situ observations of 567 open ocean phytoplankton species from multiple
sources (chapter 2) as the basis for modeling globally unevenly and sparsely sampled
species. Our approach includes eight successive steps of model building (Fig. 3.1).
We fitted the SDMs using three statistical algorithms: generalized linear models
(GLMs), generalized additive models (GAMs), and random forest models (RFs). We
selected these algorithms, as they fit statistical response curves from rather simple
(GLM) or intermediately complex (GAM), to rather complex (RF). Given the
intermediate complexity of the GAM, we define this algorithm as our main model.
Phytoplankton presence data acquisition (step one)
We used 1.17 million georeferenced phytoplankton species records (chapter 2),
collected within the oceanic near-surface mixed layer (de Boyer Montégut 2004), as
the basis for our analysis. The database was compiled from various archival sources,
including the Global Biodiversity Information Facility (GBIF; https://www.gbif.org),
the Ocean Biogeographic Information System (OBIS; https://www.obis.org), Villar et
al. (2015), MareDat (Buitenhuis et al. 2013) and a recent phytoplankton data initiative
(Sal et al. 2013) uniting multiple Atlantic Meridional Transect cruises. Data span the
phyla Cyanobacteria, Chlorophyta (excluding macroalgae), Cryptophyta, Myzozoa,
Haptophyta, Ochrophyta, and Euglenozoa, including the classes Bacillariophyceae
(diatoms), Prymnesiophyceae (coccolithophores), Chrysophyceae, Pelagophyceae,
Raphidophyceae, Dinophyceae, Euglenoidea and the genera Prochlorococcus and
Synechococcus. Presence data of each of these phyla are strongly unevenly distributed
across the ocean. While sampling has been most dense in the North Atlantic, large
data gaps exist in the South Pacific and Indian Ocean. In addition, spatial sampling
designs differed between phyla or taxa, with Haptophyta showing a more even global
distribution than Bacillariophyceae or Dinoflagellata (Fig. 2.2).
Predictor data acquisition (step two)
We selected oceanographic predictors (Table 3.1) that determine important
dimensions of phytoplankton ecological niches (Irwin et al. 2012; Brien et al. 2014;
Brun et al. 2014; Pinkernell & Beszteri 2014) and shape species’ distributions via
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1. Presence data acquisition
(downloading, cleaning,
harmonising)
Open ocean mask

2. Predictor data acquisition
(preselection, literature search)

Open ocean mask

Richness observed

3. Data aggregation
(monthly 1°-binning, thinning)

4. Background selection

4. Background selection
4. Pseudoabsences
selection

5. Predictor selection for modelling,
single predictor skill tests

6.Model
Modelcalibration
calibration
6.6.
Modelcalibration
calibration
6.
Model
6. Model calibration and evaluation

7. Ensemble model construction
E-SDMs

9. Evaluation of
prediction
accuracy

Single-SDMs
Richness projected

8. Model projection and
richness mapping

Fig. 3.1 Flow diagram of the successive and interactive steps of model building in this study. The
construction of SDMs consists of eight steps, including model evaluation, and final evaluation of
richness projections. Key steps, indicated by grey boxes include data binning and a monthly matchup
of species-environment data, target-group based pseudo-absences selection and predictor selection.

effects on species’ physiology, growth, and competition (Margalef 1978; Boyd et al.
2010; O’Brien et al. 2016). We compiled data on an extensive set of potential
candidate predictors (n = 15) and aggregated these data at a monthly (n = 12)
climatological and globally gridded resolution (1° latitude × 1° longitude) (Table 3.1).
This resolution was the most detailed resolution available for all predictors, with the
exception of mixed-layer depth, which was available only at 2° resolution. We
obtained data on sea surface temperature (T; °C), salinity (S), nitrate (NO3−; µM)
phosphate (PO43−; µM) and silicic acid [ Si(OH)4; µM] from the World Ocean Atlas
2013 (1955–2012) monthly climatological fields (Garcia et al. 2013; Locarnini et al.
2013; Zweng et al. 2013). MLD (m) was used based on the temperature criterion (de
Boyer Montégut 2004). Photosynthetically active radiation (mmol m−2 s−1) and
chlorophyll (Chl; µg liter−1) were derived from the Sea-viewing Wide Field-of-view
Sensor, using data from 1997 to 2007 (https://oceancolor.gsfc.nasa.gov). Sea surface
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wind stress (SSW; m s−1) was obtained from the Cross-Calibrated Multi-Platform,
using data from 1987 to 2011 (https://podaac.jpl.nasa.gov). Data on carbon dioxide
partial pressure in the ocean (pCO2; µatm) stemmed from (Landschützer et al. 2015).
Based on these ten core variables, we defined further predictors: Photosynthetically
active radiation within the MLD (MLDPAR; µmoles m−2 s−1) was computed from
PAR, MLD and Chl (Brun et al. 2015). We also used the excess concentration of
NO3−, relative to the Redfield ratio of 16:1 (N*; µM), computed as [NO3−] −
16[PO43−] (Gruber & Sarmiento 1997). In addition to avoiding a strong global
correlation between NO3− and T (Fig. 3.2), which may impair SDM predictive skill,
N* can be considered as a measure of whether nitrate or phosphate is more limiting to
phytoplankton. Si*, the ratio of [Si(OH)4] to [NO3−], was included as a predictor
particularly relevant for the Bacillariophyceae (Sarmiento et al. 2004). We considered
the temporal change of T (dT/dt), NO3− (dNO3−/dt), PO43− (dPO43−/dt), Si(OH)4
[dSi(OH)4/dt] and MLD (dMLD/dt), calculated as the centered mean difference of the
data of each month with its neighboring months, and we considered logarithmic
MLD, Chl and nutrients to the base of 10 (Table 3.2). Sea level height anomaly (m)
(https://www.aviso.altimetry.fr/es/data/products/sea-surface-heightproducts/global/index.html) and nutricline depth (m), defined as the first depth at
which nutrient levels exceeded a certain threshold (0.05 µmoles L-1 for NO3− and
0.05:16 µmoles L-1 for PO43−) were additionally tested, yet these two variables were
discarded due to poor skill in single predictor model tests.
Presence data aggregation and thinning (step three)
We generated three sets of phytoplankton presence data from the original raw data: a
gridded dataset, a gridded and additionally thinned dataset, and a gridded and strongly
thinned dataset. For the first dataset, species’ presence records were binned into 1°
latitude × 1° longitude and monthly resolution (n = 12). Multiple observations per
species and per 1°-cell that stemmed from the same month, but potentially different
years, counted as a single presence, resulting in a total of 245,322 monthly
climatological 1° latitude × 1°longitude cells, hereafter referred to as species’
“presences”. This data aggregation at 1° matched the highest possible spatiotemporal
resolution of predictor data, while integrating all original presence data of the species.
This aggregation is in line with another recent phytoplankton study (Brun et al. 2015).
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Table 3.1 Oceanographic predictors considered for modeling
Variable

Unit

Reference

Original data basis
(timespan), notes

Locarnini, et al., 2013

1955-2012

SeaWiFS based, accessed via

1997-2007

Physical
1. Sea surface temperature (T)

§

2. Photosynthetically active radiation
(PAR)
3. Mixed-layer depth (MLD1)

§,||,*

°C
-2

µmoles m s

-1

https://oceancolor.gsfc.nasa.gov
de Boyer Montégut, 2004

temperature criterion

Atlas et al., 2011

1987-2011

-

Zweng, et al., 2013

1955-2012

µM

Garcia, et al., 2013

1955-2012

µM

Garcia, et al., 2013

1955-2012

µM

Garcia, et al., 2013

1955-2012

9. Surface ocean carbon dioxide partial
pressure (pCO2)

µM

Landschützer et al., 2014

1998-2011

10. Excess nitrate relative to the
Redfield (16:1) ratio (N*)

µM

Gruber & Sarmiento, 1997

computed as
3[NO3 ]–16[PO4 ]

11. Silicate to nitrate ratio (Si*)

µM

Sarmiento et al., 2004

computed as
[Si(OH)4]:[NO3 ]

µg liter−1

SeaWiFS, accessed via

1997-2007

4. Sea surface wind stress (SSW)

m
ms

-1

Chemical
5. Salinity (S)
- §,||

6. Nitrate (NO3 )

3- §,||

7. Phosphate (PO4 )

8. Silicic acid [Si(OH)4]

§,||

Biological
12. Chlorophyll (Chl)

||

https://oceancolor.gsfc.nasa.gov
Composite
13. Photosynthetically active radiation
over the mixed-layer depth (MLPAR1)*

µmoles m

−2

s

−1

Brun et al., 2015

computed from T,
MLD, and Chl

Tested yet discarded
14. Nutricline depth

m

15. Sea level height anomaly

m

computed from NO3
3and PO4

Cermeño et al., 2008
https://www.aviso.altimetry.fr/es/
data/products/sea-surfaceheightproducts/global/index.html
§

The temporal (month to month) changes were tested as predictor as well.
* Mixed-layer depth based on the density criterion (MLD2) was tested as predictor as well.
||
The logarithm (to the base of 10) of the variable was tested as predictor as well.

To the second and third dataset we applied additionally a monthly (n = 12 months)
and species-wise thinning of presences to a minimum distance ≥300 km, or ≥600 km,
respectively, using the R package spThin (Aiello-Lammens et al. 2015). This
procedure aims at removing clusters of presences, and to enhance statistical
independence between presences. Thus, it reduces the potentially confounding effects
of spatial autocorrelation. The aggregation of data to monthly 1 ° latitude × 1°
longitude integrates potentially numerous phytoplankton samples that fall within one
cell. As individual samples often capture only a small fraction of species (Cermeño et
al. 2014), this serves to provide an integrative and more complete view of the species
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Table 3.2 Spearman’s correlation matrix of globally gridded oceanographic predictors

Values indicate the Spearman’s ρ of each combination of two predictors. Values exceeding our maximum threshold
of |0.7| (indicating a too high correlation with respect to a joint use of predictors in SDMs), are highlighted in red. The
correlation analysis was performed on a 1° latitude × 1° longitude and monthly climatological resolution of data
across the open ocean. Data of MLD were available at 2° spatial resolution and split into 1° cells.

present per 1°-cell (a merged “pseudocommunity”). The binning removes the possible
signals of temporal changes in species’ distributions between different years or
decades. Yet we assume that seasonal amplitudes in environmental variables and
global gradients in these variables are larger than longer-term climatic trends or interannual variability. Namely, we assume that changes in gradients occurring within the
same year, captured by climatological predictor data, are generally larger than longer
term climatic changes over the period from 1950 to 2000, over which our data have
been collected (mean collection year 1984 ± 17; mean ± s.d.).
Pseudo-absences selection (step four)
Confirmed absence records for phytoplankton are reportedly unreliable based on
traditional sampling methodologies (Cermeño et al. 2014), yet absences are required
by our binary SDMs. Due to the incomplete sampling of plankton, we used species’
presences and selected “pseudo-absences” (also termed “background conditions”) in
our SDMs, rather than “true” absences data obtained from the field. To tackle
uncertainty with respect to such pseudo-absence selection, we used three different
strategies to select data from the monthly 1° latitude × 1° longitude cells:
(1) Standard approach: Pseudo-absences were selected from the monthly 1°-cells of
the global ocean, at random, without replacement (Barbet-Massin et al. 2012).
This is a standard procedure in SDMs (Brun et al. 2015; Barton et al. 2016).
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(2) Total target group approach: Pseudo-absences were selected from the subset of
those monthly 1°-cells of the ocean, which have been sampled with respect to any
phytoplankton species (jointly defining the total target group) in our presence
data. This approach, coined by Phillips et al. (2009), is a key strategy to correct
for spatiotemporal sampling biases in presence observations of species. It is based
on the assumption that the variation in spatiotemporal sampling density within
the target group reflects the variation of sampling effort applied to each species
inside the target group. Selecting pseudo-absences from the target group’s
sampling cells served two purposes: first, the pseudo-absence sampling scheme
resembled that of the model species’ presences. Thus, a similar “sampling bias” is
introduced to the pseudo-absences, as is assumed to underlie presence data
sampling of the species. Second, extensive ocean areas that lack observations are
not misclassified as areas where a certain species is absent.
(3) Group-specific target group approach: As a refinement of approach (2), this
approach only included species in the target group, which belonged to a certain
larger taxon (e.g. Bacillariophyceae). Specifically, all species belonging to the
Bacillariophyceae, Dinoflagellata or Haptophyta were used separately to define
group-specific target groups for their constituent species. The implementation of
this refinement appears necessary on the basis that these major phytoplankton
taxa are subjected to distinctly different global sampling-schemes (Fig. 2.2). Yet
for additional, smaller taxa, there were too few species available in our database
to build group-specific target groups. For those taxa, we used the total species
minus the Bacillariophyceae species as the group-specific target group. We
omitted Bacillariophyceae from the target group as the presence data of the latter
were particularly strongly imbalanced in meridional direction, and their species
often have relatively large body sizes, which may be subjected to specialized
taxonomic identification that likely omits species of other groups within samples.
For approaches (2-3), we used an environmentally stratified selection of the pseudoabsences. This stratification ensures that pseudo-absences are selected from multiple
strata, which cover the full breadth of environmental conditions spanned by the
presences of the target group. We selected pseudo-absences in an environmentally
stratified manner from the presences (1°-cells, monthly) of the target group.
Specifically, the presences of the target group were binned at monthly 1° resolution,
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discarding species level information (yielding 1° “sampling-cells”) before drawing
pseudo-absences from them. Environmental strata were defined by dividing the T and
MLD gradient (spanned by the target group) into nine equally spaced intervals, each,
yielding 81 strata (T × MLD). Sampling pseudo-absences from each stratum assured
that the environmental range of the above two factors was well reflected in the
pseudo-absences of the model species. We selected overall 10 times more pseudoabsences than the species had presences (Barbet-Massin et al. 2012). Within each
stratum, pseudo-absences were selected randomly. The number of pseudo-absences
drawn from each stratum was proportional to the number of monthly 1° cells provided
by the target group per stratum. Thus, the sampling density of pseudo-absences
reflected the presence sampling efforts within the target group. We tested whether the
density of the monthly 1° sampling cells, provided by the target group, indicated
original sampling efforts (using the number of unique combinations of latitude,
longitude, depth, and date, in the phytoplankton raw data as a proxy for original
sampling efforts). We found that sampling efforts and numbers of monthly 1°-cells
sampled were highly correlated, binning data to 1°-bands of latitude (Spearman’s ρ =
0.94) or longitude (Spearman’s ρ = 0.99), separately.
Selection of predictor sets based on single predictor tests (step five)
Predictor selection represents a major source of uncertainty in SDMs, especially as
the most important niche factors of individual phytoplankton species or lineages are
still poorly constrained. To select predictors for SDMs, we first assessed the skill of
26 candidate predictors, individually, in discriminating species’ presences versus
pseudo-absences (Table 3.2). To assess discriminative skill, we fitted single-factor
GLM, GAM, and RF models to the presences versus pseudo-absences of each species,
for each candidate predictor. The species (n = 677) used in predictor skill tests
contained a minimum of 15 presences. Nevertheless, our minimum threshold of
presences for modeled species was 24 (n = 567 species), as our SDMs employed
multiple predictors, which requires more degrees of freedom in the presence data to
avoid SDM over-fitting. Single predictor skill was evaluated using the adjusted D2
(for GLM and GAM) and the out-of-bag error (for RF) statistic. For each of the 677
species, predictors were ranked according to these statistics, using the mean ranks
obtained across GLM, GAM, and RF. We performed sensitivity tests to evaluate the
robustness of this predictor ranking. We used rarely versus more frequently sampled
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species (i.e., selecting species with ≥15, ≥24, and ≥50 presences), selected different
variables for the environmental stratification, and we used spatial thinning of
presences to ≥300 or ≥600 km (R package spThin, Aiello-Lammens et al. 2015).
None of these modifications changed the result that temperature was the top-ranked
predictor, on average, across species. However, the ranks for predictors others than
temperature tended to vary between species and modifications. Building on the single
predictor test results, we defined two strategies for predictor selection (Fig. 3.2):
(1) Standard predictor set: We used the average rank of single predictors, across all
species, to select the single best set of four “standard” predictors for all SDMs.
As an additional criterion, correlations between the four predictors higher than
|0.7| were omitted, which resulted in the choice of T, pCO2, SSW, and N*.
(2) Specific predictor sets for ensemble models: To capture predictor-based
uncertainty in SDMs, we built an ensemble SDM (E-SDM). We fitted five
SDMs, each using a different set of four predictors, for building an E-SDM, per
species. The choice of the five SDMs (herein, member-SDMs) to build the ESDM allowed us to capture a reasonably large breath of potential candidate
predictors (see below), while SDMs remained small enough to allow for
reasonable computation times. All member SDMs within the same E-SDMs used
the same statistical algorithm (either GAM, GLM, or RF), yet E-SDMs were
fitted using each algorithm, once. Using the single predictor ranking of the model
species as the basis, four predictors were selected per member. Specifically, for
the first member-SDM we selected four predictors, at random and without
replacement, from all predictors that ranked among the 10 most powerful
predictors per species. We avoided Spearman’s rank correlations between
predictors >|0.7| (computed from predictor data, gridded, global 1°-resolution). If
predictors were correlated >|0.7| we selected an additional predictor, at random.
Subsequently, we randomly selected predictors (avoiding correlations >|0.7| in
each set) for the four additional members from the top ten candidate predictors.
However, to avoid overrepresentation of individual predictors in full E-SDMs
(composed by 5 member-SDMs), we allow each predictor to be selected only up
to twice across the members. This constraint ensured that a large breath of
predictors was included in the member-SDMs, while no bias was introduced with
respect to the balance of predictors within the full E-SDMs. As an example,
temperature is only selected up to twice across member-SDMs. Interpreting SDM
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567 species
(gridded presences, 1° x 1° monthly, matching predictor data)

Step 3. Data aggregation and thinning
(i) Gridded

(ii) thinning, ≥300 km

(iii) thinning, ≥600 km

Step 4. Pseudoabsence selection
(i) Random

(ii) Total target group

(iii) Group specific target-group

Step 5. Predictor selection for modelling

V7

V6

V1

V4
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V15
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V3

V9
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Member 2
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V1

(ii) Species-specific and randomized
Predictors selected from
the top ranked candidate
predictors per species

Predictors used
for all species

(i) Standard predictor set

Evaluation of SDM or member-SDM: fit and cross-validate (full models, fit and project)

Averaging of member-SDMs

Standard SDM

Ensemble SDM (E-SDM)
× 3 algorithms (GLM, GAM, RF)

Fig. 3.2 Schematic illustration of variable strategies developed, and their embedment within the
principal building steps and choices made during SDM setup in this study. The four major SDM
building steps are: phytoplankton presence data aggregation or thinning, pseudo-absences selection,
predictor choice (using a standard set, i.e., the same predictors for all species or a species-wise
approach to build an ensemble). Three algorithms were tested with varying response shape complexity:
GLM, generalized linear model. GAM, generalized additive model. RF, random forest models.
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based results (e.g. patterns of species richness) in the context of key
environmental drivers (e.g., temperature), we consider our balanced approach as a
key strategy to avoid circular reasoning. If the top 10 candidate predictors did not
provide a sufficient number of predictors to define all 5 sets à 4 predictors,
candidate predictors ranked >10 (up to rank 26) were selected, following their
skill ranking in the single predictor test. The 5 variable sets defined were used to
fit 5 member-SDMs, times three algorithms (GAM, GLM, RF). We subsequently
consider all species (n = 567) in SDMs that contain ≥24 presences, corresponding
to a presence-to-predictor ratio ≥6.
Four predictors per SDM corresponds to the lower end in terms of predictornumbers used in recent plankton SDMs, which included four to seven predictors
(Pinkernell & Beszteri 2014; Brun et al. 2015; Barton et al. 2016; Jensen et al.
2017). The lower number of predictors per SDM permits us to consider species
with sparse data, with as little as 24 presences, while avoiding SDM over-fitting.
Algorithm choice, model calibration, and model evaluation (step 6)
Algorithm choice induces substantial uncertainty in SDMs (Buisson et al. 2010;
Benedetti et al. 2018; Brun et al. 2019b; Thuiller et al. 2019). To capture such
uncertainty, we fitted each SDM, using GLM (using the R built-in package stats),
GAM (using package mgcv Wood, 2001), and RFs (using the package randomForest,
Liaw & Wiener 2002). GLM, GAM and RF represent three algorithms of increasing
complexity due to increasing response-shape flexibility (Merow et al. 2014). Yet
within each algorithm, we kept the response-shapes rather simple, to account for the
often few presences available per species. Specifically, GLMs included linear and
quadratic terms and a stepwise bi-directional predictor selection procedure using the
AIC statistic as selection criterion. GAMs used smoothing terms with five basis
dimensions, estimated by penalized regression splines without penalization to zero for
variables. RFs included 4000 trees, simple terms, and single end node size. To
equalize the weights of presences versus pseudo-absences in SDMs, pseudo-absences
data in GAM and GLM were weighted by the ratio of species’ presences to pseudoabsences (approximately 1/10) (Barbet-Massin et al. 2012). RF models were balanced
in each of the 4000 trees by randomly sampling the same amount of pseudo-absences
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as the species had presences.
For each member-SDM, we evaluated the predictive skill based on 4-fold crossvalidation. We also evaluated the predictive skill of the full E-SDM (for GAM, as a
case) by fitting and projecting E-SDMs based on 4-fold cross-validation. In each
cross-validation test, species’ presences and pseudo-absences were randomly assigned
to four equally sized data subsets. SDMs were then iteratively trained on the basis of
75% of the data (training data) and used to predict 25% of the data (leave-out data).
The procedure was repeated until each 25% part was left out once for testing and used
three times for fitting. Predicted values (to left-out data) were compared against true
observations (leave-out data). We used the true skill statistic (TSS) of this test as a
metric of SDM predictive skill, which considers model specificity (true positive
predictions) and sensitivity (true negative predictions) (Allouche et al. 2006). TSS
ranges from −1 to +1. Values >0 indicate SDMs performing better than random.
Within E-SDM cross-validation, we used a weighted averaging: Member-SDMs (each
using the same shares of data for training and evaluation) were weighted by absolute
TSS (from the member-SDM cross validation runs) when averaged to E-SDMs.
Ensemble construction (step 7)
We used a TSS score of 0.35 as a minimum threshold to include member-SDMs in ESDMs, thereby removing members-SDMs with poor predictive skill. To obtain spatial
projections of the ensemble for each species, successful member models (with TSS
≥0.35) were projected globally onto monthly (n = 12 months) environmental data
fields, yielding probabilistic maps of species’ presences. For each month, we averaged
the projections of the successful members to obtain a monthly ensemble-mean.
Species richness projections (step 8)
The projection of global species richness patterns involved two steps. First,
probabilistic projections of member SDMs were transformed to presence-absence
projections from thresholds maximizing the TSS (using R package presenceAbsence,
Freeman & Moisen 2008). Second, monthly ensemble-mean projections (derived as
the mean projection from a maximum of 5 successful member-SDMs) were summed
across species, for each month. This yielded 12 monthly estimates of species richness.
Here, we focused on binary SDMs to obtain species richness. However, whether
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richness estimates are more accurate based on stacked presence-absence projections
(used here) or based on stacked probabilistic projections of SDMs has been disputed
recently (Calabrese et al. 2014; Zurell et al. 2016). Binary projections tend to
overpredict observed richness (Calabrese et al. 2014), while probabilistic projections
may over predict sites with low observed richness and underpredict those with high
observed richness. In our E-SDMs and standard SDMs, we used the sum of the
binarized (presence-absence transformed) species projections, rather than probabilistic
projections, as we observed that high probabilities of presence occurred preferentially
in polar species. This can be explained by the fact that ecological niches at the high
latitudes were easily captured and discerned by our SDMs. To avoid overprediction of
species richness from binary projections at the high latitudes, we therefore used a
refined thresholding approach. We binarized successful member-SDM. However, we
averaged the projections of these member-SDM projections towards E-SDMs, without
thresholding them any further. The E-SDM projections thus characterize species’
distribution patterns at a higher level of detail compared to 0/1 projections, and might
be better suited for multispecies (richness) analyses, as the projections of the E-SDMs
are smoothened by the averaging of their binarized member-SDMs.
Evaluation of richness against aggregate raw data (step 9)
In our study, the accuracy of SDM projections cannot be validated against
independent data, as global validation data on species distribution or richness are
widely lacking. As an attempt to evaluate SDMs in an aggregate manner, we
compared projected against observed species richness. Quantifying observed species
richness is not straightforward given the multiple biases in the phytoplankton raw
database. To obtain observed richness, we binned the raw data into 12 latitudinal
strata. We randomly selected 10 cells (in which sampling had taken place) from each
stratum × month and determined species richness from the pooled data of the cells. To
keep re-sampling effort constant, we omitted strata with less than 10 cells, yet these
were few. The pooling of data from multiple samples ameliorates, in part, under
sampling of richness by traditionally small sampling volumes (Cermeño et al. 2014).
We calculated Pearson’s r, mean absolute error (MAE) and bias between modeled and
observed richness (Zurell et al., 2016). The MAE measures the mean of the absolute
differences between projected and observed richness, while the bias denotes the mean
of all differences (positive or negative) between predicted and observed richness.
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3.3 Results
3.3.1 Effect of spatial data thinning on standard SDM predictive skill (step 3)
The mean TSS is relatively high (>0.6) for SDMs using gridded presences data, and
notably reduced for SDMs using thinned data (Table 3.3; center). Simultaneously,
much fewer species can be successfully modeled from strongly thinned presences (n =
280 species), using a lower threshold of 24 presences per species and a minimum TSS
of at least 0.35, than from gridded presences (n = 447). The TSS loss in response to
data thinning is robust and similarly high (~0.2) when considering only those species
that can be successfully modeled in all thinning cases (Table 3.3; right). The reduction
of presences data available for SDMs is substantial under data thinning, and amounts
to 71% per species on average, when using moderate thinning, and 83% when using
strong thinning (analyzing 280 species, successfully modeled in all thinning cases).
Furthermore, SDMs using thinned data underpredict species richness in species-rich
latitudinal bands, and overpredict richness in species-poor latitudinal bands,
irrespective of the thinning level (Fig. 3.3). The negative prediction error in highdiversity bands tends to increase with stronger thinning (Fig. 3.3; linear fits).
We inspect two exemplary key species further, in order to study the effect of the
spatial thinning of presences to at least 300km, or 600km, on: (1) the amount of
presences available for calibrating SDMs, and (2) on geographic projections of
SDMs. 75% of the presences are lost for the diatom A. flabellatus (n presences
(gridded) = 269, n (≥300 km) = 112; n (≥600 km) = 68) and 78% of presences are lost
for the coccolithophore E. huxleyi, when presences are strongly thinned (n presences
(gridded) = 1735, n (≥300 km) = 692; n (≥600 km) = 377). However, despite
substantial presences thinning, the projected presence-absence patterns of the two the
consistency of presence-absence projections suggests that a thinning of presences
cannot solve the problem of vast sampling gaps, when globally projecting plankton.
Table 3.3 True skill statistics of phytoplankton models using gridded vs. thinned data
Datasets (treatment of presence data
for each species)

TSS of total species
(mean ± S.D., no. of species)*

Gridding (1° latitude × 1° longitude, monthly)

0.70 ± 0.15, 447

Moderate thinning (≥300 km, monthly)

0.60 ± 0.15, 356

0.57 ± 0.13, 280

Strong thinning (≥600 km, monthly)

0.51 ± 0.13, 280

0.51 ± 0.13, 280

||

TSS of selected species
§
(mean ± S.D., no. of species)
0.67 ± 0.14, 280

* Based on the GAM algorithm, using standard pseudo-absences and predictor set (Materials and methods)
§
Same, but keeping species constant across data treatments (species with at least 24 presences in all treatments)
||
n=447 (rather than 557) species had ≥24 gridded presences, as some predictors used (pCO2) had limited coverage.
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Fig. 3.3 Comparison of predicted species richness (using standard SDMs) against observed
species richness (resampled and pooled richness), for three different data aggregation or thinning
levels in SDMs. Colored lines indicate linear regression fits for the richness results emerging on the
basis of different levels of data aggregation or thinning. Dots show richness (means of 100 resampling
runs) for individual latitudinal strata (resampled and analyzed by month, see Methods), and SDMbased predictions of species richness for the same strata. Data fits equaling the 1:1 line (dashed, black)
indicate an accurate prediction of observed richness by SDMs.

3.3.2 Effect of pseudo-absence approach on single-model predictive skill (step 4)
Pseudo-absence selection techniques serve as an alternative strategy to ameliorate
sampling gaps and unevenness (Phillips et al. 2009). We find that SDMs using a
standard pseudo-absences selection technique (i.e., random selection from global
ocean) show a mean TSS between 0.67 and 0.78, depending on the algorithms used
(Table 3.4). The mean TSS of SDMs, which used pseudo-absences selected via target
groups, is similar or slightly lower (0.64 to 0.70) (mean TSS across all species), yet a
direct comparison of the predictive model skill expressed by the TSS, across different
pseudo-absences methods tested, is not straightforward. This is because the TSS is
sensitive to the choice of pseudo-absences (which differs between the three pseudoabsence approaches tested) as the TSS includes correct and false predictions of both
presences and pseudo-absences (Allouche et al. 2006). Across different groups,
analyzed separately, Haptophyta show a higher mean TSS for the total target-group
method than the other two methods, while Bacillariophyceae and Dinoflagellata show
similar TSS scores for randomly versus target-group selected pseudo-absences.
SDMs using the target-group selection of pseudo-absences predict the observed
aggregated richness of species (monthly and binned raw data) better than SDMs using
the standard selection of pseudo-absences, across key taxa (Fig. 3.6). Although data
scatter is large in this SDM performance test, the better performance is supported by
the fact that linear regression fits approach the 1:1 line more closely for target-group
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Fig. 3.4 The projected annual mean presence-absence of the centric diatom Asteromphalus
flabellatus and the bloom-forming coccolithophore Emiliania huxleyi using gridded vs. spatially
thinned presence data in SDMs. The uppermost map depicts presence records (crosses) of the two
species. Data were binned at monthly 1° latitude × 1° longitude (first column, maps), and additionally
thinned (second and third column, maps). Based on these data, SDMs (GAM, T, pCO2, SSW, and N*
as predictors) were fitted. GAMs used standard pseudo-absences, shown as grey dots, in the maps. The
presence projections show the annual mean of 12 monthly presence-absence projections of SDMs.
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Table 3.4 True skill statistics of SDMs for three different pseudo-absence approaches
Method for selecting
pseudo-absences

TSS of total
species
(mean ± S.D.,
no. of species)

TSS of
Bacillariophyceae
(mean ± S.D.,
no. of species)

TSS of
Dinoflagellata
(mean ± S.D.,
no. of species)

TSS of
Haptophyta
(mean ± S.D.,
no. of species)

GAM algorithm
Random

0.71 ± 0.15, 447

0.72 ± 0.12, 209

0.72 ± 0.16, 194

0.50 ± 0.13, 33

Total target group

0.65 ± 0.20, 447

0.64 ± 0.21, 209

0.66 ± 0.18, 194

0.59 ± 0.15, 33

Group-specific target group

0.64 ± 0.21, 447

0.65 ± 0.22, 209

0.68 ± 0.22, 194

0.40 ± 0.15, 33

Random

0.67 ± 0.17, 447

0.68 ± 0.15, 209

0.70 ± 0.16, 194

0.44 ± 0.15, 33

Total target group

0.64 ± 0.20, 447

0.63 ± 0.22, 209

0.70 ± 0.19, 194

0.58 ± 0.15, 33

Group-specific target group

0.64 ± 0.22, 446

0.65 ± 0.23, 208

0.67 ± 0.23, 194

0.40 ± 0.15, 33

Random

0.78 ± 0.11, 447

0.80 ± 0.09, 209

0.79 ± 0.12, 194

0.63 ± 0.10, 33

Total target group

0.70 ± 0.17, 447

0.71 ± 0.18, 209

0.71 ± 0.16, 194

0.64 ± 0.12, 33

Group-specific target group

0.69 ± 0.20, 447

0.70 ± 0.21, 209

0.71 ± 0.21, 194

0.46 ± 0.16, 33

GLM algorithm

RF algorithm

SDMs presented in this table used the same set of predictors: T, pCO2, SSW, and N*

based selection techniques (grey and blue lines; Fig. 3.5) than for the standard
selection technique (yellow lines; Fig. 3.5), meaning that they fit more closely to
observed richness, particularly for the Dinoflagellata. However, for the Haptophyta (a
smaller taxon, compared to the latter), only one of the two target-group methods
appears superior to the standard method.
While the total target group approach performed better in predicting overall species
richness than the other two approaches (Fig. 3.5; top panel), showing the lowest
prediction error, the smallest model bias, and the highest R2 with respect to the linear
fit,

the

group-specific

target

group

approach

performed

best

for

the

Bacillariophyceae and Dinoflagellata for at least two out of three metrics (smallest
mean absolute prediction error, and highest R2). However, for the Haptophyta, the
total target-group approach performed better than the group-specific one (with respect
to the linear fit and R2), while prediction error and bias did not favor any approach.
We use two species to illustrate the emergent spatial differences in projected
presence-absence in response to pseudo-absence selection (Fig. 3.6). Within both
species, we find clear differences in the global presence-absence projections between
the total and group specific target group approach. For A. flabellatus, the clearest
difference in projected presence-absence occurs at ~30° latitude (Fig. 3.6; blue colors
in small world-maps, left side). For E. huxleyi, main differences are found at around
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Fig. 3.5. Comparison of predicted against observed richness, for three different pseudo-absence
selection techniques used (and standard variable sets without ensemble formation) in SDMs. Each
panel presents the results for a different taxon. SDMs predict richness using pseudo-absences obtained
from the total target group approach (grey linear fits), group-specific target group approach (blue linear
fits), or the standard pseudo-absence selection approach (yellow linear fits). The fits represent linear
regressions between observed and predicted richness. Fits close to 1:1 (black, dashed line) represent an
accurate prediction by SDMs with respect to observed richness. All SDMs used the same predictors
(i.e., T, pCO2, SSW, and N*). To obtain richness from SDMs, monthly patterns of species modeled
with TSS ≥0.35 were stacked and summed. To obtain observed richness, an equal number of monthlycells were sampled at random within latitudinal strata (means of 100 resampling runs) (see Methods).

20° North and South, with a relatively higher presence projected by SDMs using the
total target-group approach (Fig. 3.6; red colors in small world-maps, right side), but
higher presence projected by the group-specific target group approach from ~40° to
65° latitude (Fig. 3.6; blue colors in small world-maps, right side).
E-SDMs diagnose smoother presence-absence patterns compared to single SDMs
(Fig. 3.6; lower world map section) for both exemplary species, and presence-absence
patterns of E-SDMs differ less as a function of target-group choice compared to
presence-absence patterns from single SDMs (Fig. 3.6; colored small maps, bottom).
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Fig. 3.6 Projected annual mean presence-absence distribution of two species (Asteromphalus
flabellatus and Emiliania huxleyi) shown for total target group vs. group-specific target group
approach used to select pseudo-absences in the SDMs. The large map depicts the total target group,
smaller maps depict group-specific target groups (refined target group approach). The target groups
served as a surface for sampling pseudo-absences (also termed background conditions) for each
individual model species. Presence projections of species represent the annual means of 12 monthly
presence-absence SDM projections. Colored maps depict differences between presence distribution
patterns of species obtained from SDMs (GAM) using the two different target-group approaches. The
single SDM uses T, pCO2, SSW, and N* as predictors. The E-SDM use multiple predictors (Fig. 3.7).
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For E. huxleyi, a notable feature projected by our E-SDMs (using either target group
approach) is the “presence-band” between 45°S and 60°S. This feature is consistent
with phytoplankton blooms detected in satellite imagery, associated with E. huxleyi
(Iglesias-Rodríguez et al. 2002), and overlooked by the single-SDM. We next
evaluate whether the prediction accuracy of E-SDMs is better than that of single
SDMs with respect to observed species richness in the raw data, and whether the
group-specific or the total target group leads to more accurate predictions.
3.3.3 Effect of pseudo-absence approach on ensemble-model skill (steps 4 and 5)
E-SDMs predict observed species richness in the raw data (Fig. 3.7) with similar
accuracy as single SDMs (Fig. 3.5). In case of the total target group choice, richness
projections of E-SDMs show a higher prediction bias (31.7 vs. 23.4) and a higher
mean absolute error (MAE) (57.9 vs. 36.5) than single SDMs. In contrast, using
group-specific target groups, richness projections of E-SDMs show much less
prediction bias than richness projections of single SDMs (21.70 vs. 47.25). This
means that the problem of overpredicting species-poor sites and under-predicting
species-rich sites is reduced by E-SDMs in the refined target group approach. ESDMs also provide a means to deal effectively with uncertainties in predictor choice
and provide smoother species projections (Fig. 3.6; E-SDMs vs. single SDMs).
The group-specific target group approach is slightly superior to the total approach
when analyzing total species richness with regards to (Fig. 3.7; MAE, bias, and R2;
top panel). However, given scatter in observed richness data, we find no clear
advantage in E-SDMs with total vs. group-specific target group approach when
predicting observed richness for individual taxa (Fig. 3.7; lower panels). More
specifically, for Bacillariophyceae and Dinoflagellata, the group-wise target group
approach yields marginally better predictions of observed richness than the total
target-group approach (Fig. 3.7). In contrast, for the Haptophyta, the total target group
approach yields more accurate predictions (closer to 1:1 line) than the group-specific
target group approach. However, the scatter in the data of observed species richness
does not allow for a clear ranking of the predictive performance of the two target
group pseudo-absence techniques tested (Fig. 3.7).
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Fig. 3.7. Comparison of predicted against observed richness, for two different pseudo-absence
selection techniques used in ensemble SDMs (which averaged up to 5 SDMs per species). Each
panel presents the results for a different taxon. SDMs predict species richness using pseudo-absences
obtained from the total target group approach (grey linear fits) or the group-specific target group
approach (blue linear fits). The grey and blue lines show linear regression fits between observed and
predicted richness. Fits close to 1:1 (black, dashed line) represent a more accurate prediction of SDMs
with regard to observed richness. SDMs use multiple sets of variables as predictors (i.e., five member
models). To obtain richness from SDMs, monthly patterns of species modeled with TSS ≥0.35 were
stacked and summe. To obtain observed richness, an equal number of monthly-cells were sampled at
random within latitudinal strata (means of 100 resampling runs) (see Methods).

3.3.3 Effect of predictor choice on model predictive skill (step 5)
Predictor choice leads to clear variability in the predictive skill (TSS metric) of SDMs
(Fig. 3.8). We compared the TSS of single-SDMs using standard predictors (i.e., the
top four predictors from the predictor ranking across all species were used in SDMs),
against single-SDMs using species-specific predictors (i.e., four predictors were
selected five times, at random, to obtain five variable sets from the top ten ranked
candidate predictors of each particular species). We find that the best SDMs emerging
from the species-specific approach (Fig. 3.8; white bars) clearly and consistently
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Fig. 3.8 SDM predictive skill (TSS) shown for total species, and individual taxa, using varying
sets of four predictors in SDMs. SDMs use either our standard predictor set (sta), (namely: T, pCO2,
SSW, N*) or five species-specific predictor sets (vrs), using a randomized selection procedure of topranked predictors per species (Methods). In addition, we show results for the best performing (highest
TSS) predictor set (top; white boxes) among the vrs. The effect of predictor selection is shown for two
different pseudo-absences (BG) selection approaches (i.e., total vs. group-specific target group
approach). Colors match the results shown in Figs. 3.5 and 3.7. Boxes indicate the first and third
quartiles for TSS distribution around the median and whiskers denote 1.5 × the inter-quartile range.

show a higher TSS than the SDMs using standard predictors, across total species and
three taxa, times two pseudo-absence approaches (Fig. 3.8; panels). Given that
predictors were selected at random in the species wise approach, there might be
additional potential to optimize predictors for a single-best species model. These
results demonstrate that the species wise ranking and species wise assembly of
predictors from the best ranked predictors (illustrated in Fig. 3.2), broadly increases
the skill of SDMs relative to generally optimized (regarding all species) predictors.
However, single SDMs with standard predictors tend to perform slightly better than
the five member-SDMs (including the top model) across all species (Fig. 3.8; “sta” vs.
“vrs”), except for Haptophyta.
In accordance with the main results of Figure 3.8, we find that combinations of
higher-ranked predictors gathered in species-specific predictor sets, lead to SDMs
with higher TSS (Table 3.5). Specifically, we find a significant negative relationship
between the ranks of the four predictors per member SDM, and the member’s TSS.
The slope of the relationship is rather weak, yet consistent across all algorithms used.
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Fig. 3.9 Effect of predictor choice on global presence-absence projections of individual species
(Asteromphalus flabellatus, Chaetoceros dichaeta, Discosphaera tubifera, and Emiliania huxleyi),
and the resulting ensemble mean projection (the mean projection from varying predictors). The
top-row maps depict the distribution of presence and pseudo-absences of the species. Based on these
data, five SDMs are calibrated (GAM, group-specific target group approach). The predictor choice of
each SDMs is indicated with each map. Colored maps at the figure bottom depict the standard variation
across five projections from varying predictors. Bottom maps show the ensemble projection when
averaging the five SDMs per species. All maps show annual means of 12 monthly SDM projections.
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Table 3.5 Mixed-effects model results on the effect of predictor ranking on model TSS
Value (fixed effect)

D.F.

F value

P value

GLM based analysis
-0.0061

2167

38.27

<0.001

2167

36.88

<0.001

2167

34.77

<0.001

GAM based analysis
-0.0056
RF based analysis
-0.0041

Predictor mean-rank per SDM was used as fixed effect, species as a random effect in generalized mixed-effects.

Predictor choice induces substantial uncertainty in the projected presence-absence of
individual test species (up to > 0.5 SD across member models in certain areas) with
differing geographic patterns (Fig. 3.9). In A. flabellatus, varying predictor selection
in SDMs results in projected distributions that are equatorial to tropical-temperate
(Fig. 3.9). For E. huxleyi (another globally important haptophye species) predictor
choice induces uncertainty with regards to higher latitude (45° S to 60°S) features in
presence-absence. For C. dichaeta (a globally important diatom) predictor based
uncertainty in presence-absence is highest in tropical to subtropical (southern) areas.
The magnitude of variability in presence-absence projections (SD of projections) of
each species is highlighted by the green yellow maps of figure 3.9. Such predictor
based uncertainty can only be quantified by systematically testing different predictor
sets in SDMs, as in our randomised predictor selection approach.
3.3.4 Variability in model skill due to predictor or algorithm choice (step 5)
We find that variability in TSS across member-SDMs using different predictors is on
average highest for the most rarely sampled species (Fig. 3.10) (i.e., species with the
least presences in our gridded dataset). Yet, the trend of median TSS is weak relative
to the spread of the data. By tendency, TSS variability declines with more presences
available per species, in particular for GAM- and RF based SDMs (Fig. 3.10; blue and
green boxes). The relative variability in predictive skill (TSS) induced by predictor
choice (Fig. 3.10) is equal to the variability induced by algorithm choice (Fig. 3.11) in
our global study system. Specifically, the relative variability of TSS across the five
predictor sets used (S.D. of TSS divided by mean TSS) reaches 0.09 ± 0.06 (Fig. 3.10;
blue boxes, 516 species) using the group-specific target group approach, and 0.09 ±
0.06 (not shown, 509 species), using the total target group approach (516 species),
keeping algorithm choice constant (i.e. GAM), while the relative variability of TSS
across the three algorithms tested reaches on average0.09 ± 0.10 (Fig. 3.11; blue
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Fig. 3.10 Predictor-induced variability in SDM skill (TSS) per species, ordered by the number of
presences available per species for SDM calibration. Results are shown separately for GLM (red),
GAM (blue), RF (green) based SDMs. Boxes show the relative variability of TSS across five SDMs
fitted per species. These SDMs used varying predictors (Fig. 3.2). Results are grouped by number of
presences (sparsely to frequently sampled) per species. Higher values indicate higher uncertainty in
TSS. Group-specific target groups were used to select pseudo-absences. Boxes denote the first and
third quartiles for data distribution around the median. Whiskers denote 1.5 × the inter-quartile range.

Fig. 3.11 Algorithm-induced variability in SDM skill (TSS) per species, ordered by the number of
presences available per species for SDM calibration. Results are shown separately for SDMs using
two different pseudo-absences selection approaches: total target-group (grey) vs. group-specific target
group (glue). Boxes show the variability (standard deviation) of TSS across three different algorithms
(GAM, GLM, and RF) to calibrate each SDM. The three algorithms were used for each species × 5
variable sets (representing ensemble SDM-members). Results of species are grouped by number of
presences (sparsely to highly-sampled species). Higher values indicate larger uncertainty in TSS across
the three algorithms tested. Boxes denote the first and third quartiles for data distribution around the
median. Whiskers denote 1.5 × the inter-quartile range.
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boxes, 566 species) using the group-specific target group approach and 0.09 ± 0.09
(566 species) using the total target group approach (Fig. 3.11; grey boxes, n = 566
species). However, we find contrasting trends in TSS variability, caused by the two
sources of uncertainty, as a function of available species’ presences: while algorithmbased uncertainty in TSS increases with increasing species’ presence numbers (Fig.
3.11), predictor-based uncertainty in TSS declines with increasing species’ presence
numbers (Fig. 3.10). Possibly, patterns of species with few observations are more
susceptible to variable choice owing to differing responses extrapolated from narrow
sampling spans and narrow observed niches by different predictors in SDMs.
3.3.5 Species richness projections: selected results (final step)
Target group choice in E-SDMs affects projected phytoplankton species numbers
most strongly in tropical to temperate regions, while qualitative differences in
emergent richness patterns are weak (Fig. 3.12). The group-specific target group
approach leads to hiher projected species numbers of Bacillariophyceae and
Dinoflagellata in tropical to temperate areas than the total target-group approach (Fig.
3.12; red colors in maps at bottom). By contrast, for the Haptophyta, fewer species are
predicted present by the group-specific target group approach, yet this is mainly due
to the fact that ~1/3 of species were excluded from the richness projections in the
group-specific approach owing to model selection (excluding SDMs with TSS <0.35).

Fig. 3.12 Effect of target-group choice on species richness patterns diagnosed by E-SDMs. Maps
show the species richness (mean of 12 months) projected by E-SDMs that use group-specific target
groups (top row), as opposed to total target groups (mid row), for sampling pseudo-absences. Species
richness is obtained from stacking and summing presence-absence ensemble projections of model
species. Maps at the bottom show the difference: specific minus total target group approach.
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Target group choice in E-SDMs has an impact on basin-scale east to west gradients in
species richness for key taxa. The group-specific approach predicts higher numbers of
Dinoflagellata species to be present in the Western Pacific and tropical Indian than
the total target group approach (Fig. 3.12; bottom row, stronger reds in Western
Pacific). By contrast, the group-specific approach predicts relatively lower
Bacillariophyceae richness in the Western Pacific and Indian ocean compared to the
total target group approach (Fig. 3.12; bottom row, weaker reds in Western Pacific).
These opposed trends can be explained by differences in the global sampling schemes
between Dinoflagellata and Bacillariophyceae. Using the total target group approach,
both groups can serve as donors of pseudo-absences to SDMs of species of the other
group. The Western Pacific has been well sampled for Bacillariophyceae, but lacks
data for Dinoflagellata (Fig. 2.2). In the total target group approach, these transects
provide sampling cells for pseudo-absences to Dinoflagellata, unlike in the groupspecific approach (here, only Dinoflagellata presences provide pseudo-absences to
Dinoflagellata species). As a consequence, Dinoflagellata richness appears enhanced
in the Western Pacific in the group-specific relative to the total target group approach.
Species richness emerging from stacked and summed probabilities (Fig. 3.13; top
row) show generally a weaker latitudinal gradient across key taxa compared to
richness emerging from stacked and summed presence-absences (Fig. 3.13; mid row).

Fig. 3.13 Species richness patterns diagnosed by probabilistic projections versus presenceabsence projections of E-SDMs. Maps show the species richness (mean of 12 months), obtained from
stacking and summing probabilities of presence of species (top row), as opposed to stacking and
summing presence-absence (mid row). E-SDMs use group-specific target groups for sampling pseudoabsences. Maps at the bottom show the difference: probabilistic minus presence-absence estimate.
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The probability-derived species richness is clearly enhanced above ~35° latitude,
relative to the richness projected from presence-absence. The difference might be
predominantly explained by relatively high absolute probability-of-presence values
that are often projected by SDMs for species with well-defined niches in cold waters
(data not shown). The species-specific thresholding of probabilistic SDM projections
to presence-absence projections reduces this latitudinal bias in the projected richness.

3.4 Discussion
We address the challenge of projecting species distribution and richness patterns for
open ocean phytoplankton using an SDM approach. It is not straightforward how
globally widespread yet sparsely sampled species shall be modeled, and guidelines
with regards to the calibration of SDMs in the ocean have been rare (Robinson et al.
2011). Our study provides a first comparative analysis of common versus adjusted
SDMs across a large set of marine phytoplankton species (n > 550) in a global setup.
Pseudo-absence selection
We confirm that selecting pseudo-absences from target-groups (Phillips et al. 2009),
is a useful strategy for modeling species with biased sampling schemes at the global
scale. Comparing predicted richness against observed richness, target group
approaches to select pseudo-absences reduced bias type I (i.e., overprediction of low
observed richness, underprediction of high observed richness) (Calabrese et al. 2014;
Zurell et al. 2016), compared to using pseudo-absences selected randomly from the
entire ocean. For two test species (E. huxleyi and A flabellatus), we find that the
random approach yields patchy presence-absence projections at the global scale, and
high presence is projected around areas of intense sampling (e.g., tropical Atlantic for
E. huxleyi, Peruvian coast for A flabellatus).
Our results suggest that a group-specific target group approach (i.e., selecting pseudoabsences from sampling-cells of specific taxa, rather than from the total taxa)
additionally improves species projections for key taxa that contain a sufficient number
of species to create a target group. Models projected the observed richness of
Bacillariophyceae and Dinoflagellata more accurately using the group-specific target
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group approach, rather than the total target group approach. However, additional tests
are needed to confirm this result, given the larger uncertainties in estimates of “true”
observed species richness, against which the modeled species richness was validated.
The group-specific target group approach may be advantageous over the total target
group approach if sampling patterns of key taxa differ between each other spatially or
temporally. Latitudinal transects of Bacillariophyceae found in the Western Pacific
are corresponding with comparatively higher richness of Bacillariophyceae species in
this region, but a suppressed richness of Dinoflagellata species, using the total targetgroup approach. This is likely because the Bacillariophyceae sampling cells provide
pseudo-absences to (some of the) the Dinoflagellata species. The influence of one
taxon on the projected richness of another taxon through pseudo-absences is avoided
in the group-specific target group approach, which results in weaker east west basinscale gradients of the richness modeled for the latter two taxa. Additional tests are
needed to define optimal target groups, and need to further examine group-specific
versus total target group based patterns in the Haptophyta, another key taxon.
Data thinning
We found that spatial thinning reduced the amount of presences (of the already
sparsely sampled species) rather strongly, and thus led to a loss of species available
for modeling. Hence, the thinning approach cannot effectively address the problem of
modeling rare or sparsely sampled species, but may serve as a strategy to reduce
sampling biases and clusters of intense sampling in frequently observed species. In
our global study system, where spatial and temporal gaps in sampling are common,
we did not find enhanced, but decreased performance (TSS, or richness prediction
accuracy) for SDMs that used thinned presences, relative to using gridded presences.
Predictor selection and algorithm choice
This study shows that predictor choice in SDMs induces significant variability in
model predictive skill and leads to varying global projections of presence-absence of
species. The amount of variability in model predictive skill, resulting from predictor
choice, is similar to the variability resulting from algorithm choice. More specifically,
our results suggest that predictor choice induces larger uncertainty in TSS for sparsely
sampled species, but weaker uncertainty in frequently sampled species, relative to
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algorithm choice. While algorithm choice has long been identified as a key source of
uncertainty in SDMs (Benedetti et al. 2018), our results point to a similarly important
role of predictor choice in SDMs, especially for rarely sampled species.
Predictor based ensemble formulation
The formulation of ensembles of small models (using different predictors) has been
proposed as a strategy to deal with data-sparse species previously (Breiner et al.
2015). This strategy is promising for phytoplankton, as it allows to include a large
breadth of predictors in an ensemble while keeping the number of predictors low per
member model. Using a low number of predictors per member is important to avoid
model over fitting, given the few presences available for many species. We propose a
systematic species-wise predictor performance ranking, combined with a randomized
selection of predictors from the better ranked candidate predictors, as a strategy for
modeling sparsely sampled plankton, for which the importance of individual
predictors is often elusive. We have shown that predictors with higher single-predictor
skill (i.e., a better performance ranking), on average yielded SDMs with higher TSS.
Caveats
The development of marine SDMs capable of modeling sparsely sampled organisms
globally is at an early stage. One significant limitation to testing, evaluating, and
improving SDMs is the lack of independent global validation data, both with respect
to species’ presence-absence and species richness. The advent of metagenomic data,
such as the data collected during the TARA expedition (Bork et al. 2015; Duarte
2015), may eventually shed light on planktonic richness patterns, and serve to test the
validity of SDM projections. In this study, we tested SDM results in an aggregate
manner (i.e., at the level of species richness) against results emerging from aggregate
observational data (binned spatio-temporally, with constant resampling effort per bin).
Such a test is not yet possible at much higher spatial resolution: at the level of 1°cells, observed species richness is heavily biased by the number of samples collected
per 1°-cell and by varying methodologies used between research cruises (chapter 2).
Thus, despite keeping resampling effort of cells constant in our approach, the estimate
of observed richness may suffer from several biases, such as varying methodologies
or taxonomic detail used to collect samples between different regions. We therefore
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consider our approach as a first-order test of SDM prediction accuracy, which may be
refined in the future, when additional data on phytoplankton become available.
Another issue concerns the quality of occurrence data compiled from multiple data
sources (chapter 2). Online databases such as OBIS (www.obis.org) and GBIF
(www.gbif.org) provide a formidable basis to explore global biogeographic patterns
of various taxa (Menegotto & Rangel 2018). However, species data from samples or
cruises may be incompletely reported and there may be misidentification at a species
level. We attempted to integrate such methodological variation by binning presences
at monthly and 1°-spatial resolution.
While the target-group based approach to pseudo-absence selection can address
spatiotemporal bias in presence data density, it cannot account for methodological
variation in space or time. As a next step, we propose to include of information on
taxonomic detail of samples (e.g. few versus many species detected), and the number
of samples collected (e.g. number of samples per 1°-cell) into the method of selecting
pseudo-absences from target groups. In addition, the testing of optimal target groups
(e.g. selected via cell size, co-sampled species, or cruises) represents a next step.
Conclusion
Our SDMs framework allows addressing several limitations inherent to the analysis of
species richness and distribution patterns of globally unevenly sampled organisms.
These limitations include first and foremost sampling gaps or sample sparseness in
global multi-species occurrence datasets, and predictor uncertainty at the level of
individual species with poorly known habitat preferences. Our E-SDMs which use
target groups and randomized predictor assemblies help exploring macroecological
patterns of the species richness, distribution, or turnover, of other globally important,
yet poorly sampled groups such as zooplankton, lichen or insects.
Recommendation
Our recommendations for the conceptualization of future statistical SDMs of
phytoplankton, and potentially other scarcely sampled organisms, are:
(i)

Use of target-group based selection of pseudo-absences, rather than presences
thinning, as a strategy to address global spatiotemporal biases in sampling.
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(ii)

Use of the true skill statistics (TSS), along with additional metrics (focusing on
presence-only data, rather than presence-pseudo-absences data) in crossvalidation procedures to assess model skill, and use of direct comparisons of
predicted versus observed richness at different spatiotemporal resolutions.

(iii) Use of target-group approaches to select pseudo-absences, rather than random
pseudo-absences selection from the background conditions of the study area.
(iv) In case of differing global sampling schemes between groups (e.g., between
predominant taxa) a group-wise specification of the target group is
recommended, applying the target groups to SDMs within these taxa. However,
target groups need to include a sufficiently large number of species (providing
sufficient sampling sites) to cover the breadth of conditions of the study area.
(v)

Quantification of predictor based uncertainty and consideration of multiple
potentially relevant predictors in SDMs as an additional means to model species
with few observations via an SDM ensemble approach.

(vi) Use of presence-absence transformed (ensemble SDM) projections in stacked
SDMs, to estimate global patterns of species richness, rather than using summed
and stacked probability projections. This is because probabilistic projections of
higher-latitude species (at least for marine phytoplankton) with well defined
niches tended to be systematically higher than those of lower latitude species.
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Chapter 4

Global pattern of phytoplankton
diversity driven by temperature and
environmental variability

Righetti, D., Vogt, M., Gruber, N., Achilleas, P. & Zimmermann, N. E. 2019, Science Advances,
Volume 5, Issue 6, doi:10.1126/sciadv.aau6253

109

Abstract
Despite their importance to ocean productivity, global patterns of marine
phytoplankton diversity remain poorly characterized. Although temperature is
considered a key driver of general marine biodiversity, its specific role in
phytoplankton diversity has remained unclear. We determined monthly phytoplankton
species richness by using niche modeling and >540,000 global phytoplankton
observations to predict biogeographic patterns of 536 phytoplankton species.
Consistent with metabolic theory, phytoplankton richness in the tropics is about three
times that in higher latitudes, with temperature being the most important driver.
However, below 19°C, richness is lower than predicted, with ~8° – 14°C waters (~35°
to 60° latitude) showing the greatest divergence from theoretical predictions. Regions
of reduced richness are characterized by maximal species turnover and environmental
variability, suggesting that the latter reduces species richness directly, or through
enhancing

competitive

exclusion.

The

nonmonotonic

relationship

between

phytoplankton richness and temperature suggests unanticipated complexity in
responses of marine biodiversity to ocean warming.

4.1 Introduction
Marine phytoplankton dominate primary production across ~70% of Earth’s surface
(Field et al., 1998), play a pivotal role in channeling energy and matter up the food
chain, and control ocean carbon sequestration (Guidi et al., 2016). The diversity of
phytoplankton species in open waters has intrigued ecologists for at least half a
century (Hutchinson, 1961), but the global pattern of this diversity and its underlying
drivers have been unclear (Cermeño et al., 2008; Rodríguez-Ramos et al., 2015). This
is a critical gap in our understanding of the oceans since the richness of phytoplankton
species, a key element of their diversity, may enhance resource use efficiency
(Ptacnik et al., 2008), and thus primary production, as often seen in terrestrial systems
(Liang et al., 2016). For those oceanic taxa that have been investigated, including
foraminifera, fish, and invertebrates, species richness tends to peak at low to midlatitudes and to decline sharply toward the poles (Rombouts et al., 2011; Rutherford et
al., 1999; Tittensor et al., 2010; Yasuhara et al., 2012). This decline is consistent with
the metabolic theory of ecology (Allen et al., 2002; Brown et al., 2004); i.e., the
hypothesis that temperature exerts a key control on metabolic rates and thus promotes
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speciation and increased species richness in warm tropical areas through time (Allen
et al., 2006). However, a recent large-scale study on marine phytoplankton richness is
at odds with the prediction by metabolic theory (Rodríguez-Ramos et al., 2015), and
latitudinal richness gradients identified for individual phytoplankton groups have
taken various shapes (Cermeño et al., 2008; Honjo and Okada, 1974; Malviya et al.,
2016; O’Brien et al., 2016). Observed discrepancies may originate from other factors
such as resource competition (Lehtinen et al., 2017; O’Brien et al., 2016), differences
in body size (Hillebrand and Azovsky, 2001; Malviya et al., 2016), or undersampling
of richness (Cermeño et al., 2014). Empirical tests of the competing theories
explaining global diversity patterns have so far been impeded by the paucity of in situ
observations and the lack of systematic sampling schemes for open-ocean
phytoplankton (Claustre et al., 2010).
Here, we overcome these limitations and provide the first analysis of marine
phytoplankton species richness and its ecological drivers at the global scale, using
1,056,365 presence observations of 1300 species compiled from multiple sources as
the basis for our analysis. These data span all major taxa, ocean basins, latitudes, and
most seasons (fig. A.1). To address the strong spatial and seasonal bias in sampling
effort, we analyze the subset of data of species with at least 24 presences (553 species
and 699,387 observations) using species distribution models (SDMs), which have
been set up specifically to account for uneven sampling and fit each species’
ecological niche as a function of multiple environmental predictors. Our statistical
approach thus aims at filtering out spurious patterns in the raw data while integrating
all observational evidence. We successfully build probabilistic SDMs (fig. A.2) for
536 species using generalized additive models (GAM) and use generalized linear
models (GLM) and random forest models (RF) to assess the robustness of our
findings. We project the species’ niches to the global ocean at a 1° resolution and at
monthly scales and diagnose richness from the overlap of species’ presence-absence
projections. Since the diversity of short-lived phytoplankton may change over the
course of each year, we project species richness for each month and map its annual
mean state, as well as monthly species turnover (see Materials and Methods).
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4.2 Results and discussion
Our diagnosed annual mean of monthly phytoplankton richness varies strongly with
latitude, while longitudinal differences are comparably small (Fig. 4.1 A).
Phytoplankton richness is highest and least variable throughout the year in the inner
tropics (<5°N and S; Fig. 4.3 A), reaching more than 240 species on average.
Richness hot spots, where roughly half of the total species analyzed occur
simultaneously, are found in the central Indian, the equatorial and west Pacific, and
the Indo-Australian Archipelago (Fig. 4.1 A). Thus, hot spots of phytoplankton
richness tend to be more tropical than those of foraminifera and other oceanic taxa
(Rutherford et al., 1999; Tittensor et al., 2010). Analyzed by latitude, richness
declines steeply poleward of 30° (Fig. 4.1 C), reaches its minima (~50 species) and
associated inflexion points at mid-latitudes (~45° to 65°N and ~45°S), and increases
slightly toward the poles. This latitudinal pattern is composed of species with notable
wide thermal ranges (15.8° ± 6.8°C, mean ± SD; Fig. 4.2 B) and broad geographic
distributions (Fig. 4.2 C), with more than 60% of high-latitude species (>70°N and S)
recorded close to the equator as well (table A.1). The latitudinal ranges of most
species (n > 400) tend to be aggregated between 30°N and 30°S, with relatively few
specialist species populating the extratropics (Fig. 4.2 C).
The raw observations corroborate the global latitudinal richness gradient at monthly
resolution (fig. A.4). The global richness pattern (Fig. 4.1 A), which is diagnosed
from these observations by our models, shows seasonal variation that is strongest
from subtropical to temperate latitudes (Fig. 4.3 A). Yet, its general form and, in
particular, inflexion points (Fig. 4.1 C) are persistent throughout the year and robust
to corrections applied to balance the representation of major taxa in our model
analysis (i.e., the proportion of species of a specific taxon captured in our SDMs; fig.
A.3 A). Moreover, the diagnosed richness pattern is decoupled from the spatial
density of phytoplankton raw observations (R2 = 0.015, P < 0.001, n = 536 species),
robust against the model algorithm used (GAM versus GLM, R2 = 0.99, P < 0.001;
GAM versus RF, R2 = 0.99, P < 0.001), and largely shared between major taxa
(diatom versus dinoflagellate richness, R2 = 0.75, P < 0.001; diatom versus
haptophyte richness, R2 = 0.53, P < 0.001; haptophyte versus dinoflagellate richness
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Fig. 4.1 Global patterns of monthly phytoplankton species richness and species turnover. (A)
Annual mean of monthly species richness and (B) month-to-month species turnover projected by
SDMs. Latitudinal gradients of (C) richness and (D) turnover. Colored lines (regressions with local
polynomial fitting) indicate the means per degree latitude from three different SDM algorithms used
(red shading denotes ±1 SD from 1000 Monte Carlo runs that used varying predictors for GAM).
Poleward of the thin horizontal lines shown in (C) and (D), the model results cover only <12 or <9
months, respectively.

R2 = 0.83, P < 0.001). Last, the diagnosed latitudinal richness gradient does not
Righetti

Figure 1

depend on the particular predictor set used in SDMs (Fig. 4.1 C; red shading) and is
also robust to choices with respect to the sampling of environmental data for SDMs,

here referred to as environmental background (fig. A.3 B). While we consider the
overall gradient as robust, the slopes poleward of ~50° latitude are prone to larger
uncertainty, as winter months lack predictor data in these areas (Fig. 4.1 C).
Sea surface temperature is the most important driver for phytoplankton richness in our
data. It explains more than two-thirds of the global variation in diagnosed richness (R2
(R2 = 0.76, P < 0.001) and is the most powerful predictor for species richness in the
underlying raw observations (table A.2). Temperature is also the single most
important environmental predictor of habitat suitability at the species level (table
A.2).
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Fig. 4.2 Relationships between species richness and temperature or latitude. (A) The natural
logarithm of the annual mean of monthly phytoplankton richness is shown as a function of sea
temperature (k, Boltzmann’s constant; T, temperature in kelvin). Filled and open circles indicate areas
where the model results cover 12 or less than 12 months, respectively. Trend lines are shown separately
for each hemisphere (regressions with local polynomial fitting). The solid black line represents the
linear fit to richness, and the dotted black line indicates the slope expected from metabolic theory
(−0.32). The map inset visualizes richness deviations from the linear fit. The relative area of three
different thermal regimes (separated by thin vertical lines) is given at the bottom of the figure.
Observed thermal (B) and latitudinal (C) ranges of individual species are displayed by gray horizontal
bars (minimum to maximum, dots for median) and ordered from wide-ranging (bottom) to narrowranging (top). The x axis in (C) is reversed for comparison with (B). Red lines show the expected
richness based on the overlapping ranges, and blue lines depict the species’ average range size (±1 SD,
Figure 2
blue shading) at any particular x value. LinesRighetti
are shown for areas with higher confidence.

The strong role of temperature is consistent with the metabolic theory of ecology
(Brown et al., 2004), but while this theory implies a single negative and linear
relationship with a slope of −0.32 between logarithmic species richness and inverse
thermal energy (Kremer et al., 2017; Lopez-Urrutia et al., 2006), we find three
distinctly different regimes across the global ocean (Fig. 4.2 A). Results match
metabolic theory best for the ~60% of the ocean surface with annual mean
temperatures above 19°C, with a linear regression slope of −0.37 (R2 = 0.65, P <
0.001). Between ~19° and 11°C, the slope steepens to −1.14 (R2 = 0.69, P < 0.001),
and it reverses below ~11°C, with a value of 0.48 (R2 = 0.56, P < 0.001). Thus,
monthly phytoplankton richness forms a V-shaped pattern at intermediate to low
temperatures. This nonmonotonic relationship is similarly evident in the raw
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Fig. 4.3 Latitudinal trends in phytoplankton richness and selected environmental variables. (A)
Annual mean of monthly species richness (black line) and sea temperature (red line). Shadings indicate
the annual amplitude of monthly richness (gray) and temperature (red). (B) Departure of richness
(black line) from the linear fit (see Fig. 4.2 A) versus species turnover (blue line) by latitude. Shadings
denote ±1 SD from Monte Carlo runs. (C) Net primary production (NPP; green), sea surface wind
stress (orange), and mixed-layer depth (slate blue). Shadings indicate the annual amplitude (minimum
to maximum of monthly patterns) for each variable.

observations (fig. A.5, A to E) and consistent with results based on independent in
situ data (fig. A.5 F). The globally nonmonotonic relationship between phytoplankton
richness and temperature (Fig. 4.2 A) suggests that temperature and the metabolic
theory of ecology (Brown et al., 2004) provide incomplete explanations for the
global-scale variation in phytoplankton richness. We next test whether such variation
Righetti

can be explained by the “physiological tolerance hypothesis” (Currie et al., 2004),
which posits that variation in richness is a function of the number of overlapping
ecological niches of species. If species had strong affinities for either warm or cold,
rather than intermediate temperatures, then a nonmonotonic richness response to
temperature may emerge because fewer species tolerate mid-temperatures. On the
basis of direct analysis of the thermal ranges of all species in the raw observations, we
reject this hypothesis, as the richness obtained by overlapping and summing up these
ranges declines monotonically below ~19°C (Fig. 4.2 B). Alternatively, changes in
the magnitude of the richness-temperature slope may be in line with metabolic theory
but reflect distinct species pools with differing activation energies (Allen et al., 2006;
Brown et al., 2004). For example, linear slopes shallower than those predicted by
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metabolic theory have been reported for both marine phytoplankton (RodríguezRamos et al., 2015) and zooplankton (Rombouts et al., 2011) richness. We reject this
second alternative because the sorting of the thermal ranges within global
temperatures (Fig. 4.2 B) does not indicate a thermal separation of species pools, and
the ranges of numerous tropical species reach latitudes with temperatures below 19°C
(Fig. 4.2 C), suggesting rather smooth shifts in species composition. Thus, we
interpret the low richness between ~8° and 14°C (Fig. 4.2 A) as an intermittent, nontemperature driven suppression of richness, relative to the linear slope predicted by
metabolic theory (Brown et al., 2004). This interpretation is favored by the fact that
the global linear fit to the modeled richness (slope, −0.37, R2 = 0.66, P < 0.001; Fig.
4.2 A) and linear fits to richness in the underlying raw data (fig. A.5, A to C) closely
match the slope of −0.32 predicted by metabolic theory (Kremer et al., 2017; LopezUrrutia et al., 2006). The reversed richness slope at lowest temperatures may signal a
relaxation of intensity in the factors driving this suppression.
What could lead to suppressed phytoplankton species richness at temperate latitudes?
The most notable feature associated with the global pattern of phytoplankton species
richness is its strong and negative correlation with month-to-month species turnover
(R2 = 0.62, P < 0.001; Fig. 4.1 B). This turnover quantifies the monthly change in
species composition in each 1° cell, as projected by our SDMs. While turnover is
lowest in the tropics with only ~15% in species being replaced on average between
months, it strongly increases poleward of 20° and it peaks at ~40° latitude with
monthly turnover rates approaching 50% (Fig. 4.1 D). These areas of maximum
turnover are congruent with areas characterized by low richness [Figs. 4.2 A (map)
and 4.3 B]. In our analysis, maxima in turnover denote particularly strong month-tomonth variability of those environmental factors that represent statistically determined
key dimensions of species’ ecological niches. This suggests that temporal variability
of the environment is a critical determinant of richness.
Seasonal and short-term environmental variability may reduce richness through
abiotic factors, including strong turbulence in the water column, which may select for
few species (Margalef, 1978). This is supported by the negative relationship between
richness and sea surface wind stress (R2 = 0.63, P < 0.001) or mixed-layer depth
(MLD; R2 = 0.35, P < 0.001), two proxies for turbulence and light limitation in the
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water column with strong seasonality at mid-latitudes (Fig. 4.3 C). Furthermore, we
find progressively wider tolerance ranges of species in the observational data to
increasing wind stress, deeper mixing, and higher nitrate levels (fig. A.6, A, B, and F),
suggesting a preferential selection for generalist species with broad niches in regions
of strong environmental variability and elevated nutrient supply.
Competitive exclusion among species mediated by high temporal environmental
variability (Barton et al., 2010) is an additional mechanism that may reduce richness
at temperate latitudes. Strong seasonality in upper ocean stratification and associated
variations in nutrients and light induce strong seasonality in productivity at mid- to
high latitudes (Fig. 4.3 C), with phytoplankton blooms dominated by relatively few
species that monopolize local resources (Cermeño et al., 2016; Irigoien et al., 2004;
Lehtinen et al., 2017). While our presence-only raw data cannot reveal the dominance
hierarchy of species in terms of abundance, our analysis suggests that low monthly
richness at mid-latitudes is linked to rapid species turnover. These results provide the
first confirmatory evidence to global mechanistic model results that proposed a
negative influence of high temporal variability of the environment on phytoplankton
richness, mediated via competitive exclusion (Barton et al., 2010) and transient
blooms of opportunists (Vallina et al., 2014). However, unlike our results,
mechanistic simulations proposed lowest phytoplankton richness at highest (Barton et
al., 2010) or subtropical (Vallina et al., 2014) latitudes, with the exact location of
diversity minima depending on the parameterization of trophic interactions.
Our modeling approach cannot disentangle the relative importance of different
mechanisms in generating the latitudinal richness gradient identified. However, our
results suggest that environmental variability strongly modifies global gradients in
phytoplankton diversity (Fig. 4.1, C and D), in line with recent findings related to
marine bacteria (Ladau et al., 2013). Rapoport’s rule predicts an increase of species
range size with increasing latitude (Stevens, 1989) and has been used to explain a
monotonically decreasing species richness from the equator to poles by an increase in
seasonal environmental variability, selecting for wide-ranging species. We confirm a
weak trend of increasing range size with increasing latitude (Fig. 4.2 C) and a
negative relationship between intra-annual variability and richness. Yet, the
variability relevant for short-lived phytoplankton shows distinct mid-latitude peaks
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(Figs. 4.1 D and 4.3 C), which may explain the emergence of a latitudinal richness
gradient that does not conform with the pattern expected by Rapoport’s rule.
We do not exclude the possibility that factors besides temperature (table A.2) and
environmental variability affect richness. Spatial trends in body size and abundance
may lead to departures of richness from the slope predicted by metabolic theory
(Brown et al., 2004) as recently discussed for a similar nonlinear pattern in freshwater
phytoplankton (Segura et al., 2015). Furthermore, richness responses to temperature
may level off in the nutrient-poor tropical sea due to a slowdown of metabolic rates
under nutrient scarcity, despite high temperatures (Marañón et al., 2018). However,
tropical richness gradients emerge in our analysis in the absence of clear nutrient
gradients (Garcia et al., 2013), and continuously increasing nutrient concentrations
below ~17°C (Garcia et al., 2013) cannot explain the marked change in the richness
trend at ~11°C (Fig. 4.2 A). While the effect of environ- mental variability thus
remains a valid hypothesis for this change, finer-scale data are needed to assess the
relative roles of nutrients, variability, and temperature in structuring global
phytoplankton richness.
In conclusion, synthesizing results across key taxa reveals a first global pattern of
phytoplankton species richness in line with a strong role of temperature on the
evolutionary outcome of species’ habitats and large-scale biodiversity (Allen, 2002;
Brown et al., 2004; Lopez-Urrutia et al., 2006). In addition, we demonstrate the
critical role of environmental variability (Barton et al., 2010; Cermeño et al., 2016)
for species turnover and diversity through time. Together, these mechanisms shape a
nonmonotonic latitudinal gradient in monthly phytoplankton species richness that is
distinctly different from its terrestrial autotrophic counterpart (Kreft and Jetz, 2007)
and also from most other marine taxa (Rombouts et al., 2011; Rutherford et al., 1999;
Tittensor et al., 2010; Yasuhara et al., 2012). Climate change is expected to modify
both the variability and annual averages in environmental conditions, including
temperature and ocean stratification. Our study proposes a link of phytoplankton
richness with both temperature and ocean variability; therefore, responses of global
patterns in marine phytoplankton diversity to climate change may be more complex
than hitherto anticipated, with possible impacts on higher trophic organisms,
productivity, and ecosystem function.
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4.3 Materials and methods
To explore how phytoplankton diversity varies along environmental and spatial
gradients, we compiled global phytoplankton presence data and oceanographic
predictors. Phytoplankton presence data were used to calibrate SDMs, designed to
compensate for data bias and sample scarceness. Direct analyses of these raw data
served as a robustness test for the model results. Furthermore, we used independent
phytoplankton data for validation of our results. All analyses were conducted using R
language.
4.3.1 Phytoplankton field data
We compiled phytoplankton data from the Global Biodiversity Information Facility
(GBIF; https://www.gbif.org, retrieved on 7 December 2015), the Ocean
Biogeographic Information System (OBIS; https://www.obis.org, retrieved on 5
December 2015), Villar et al. (2015), and the MAREDAT initiative (table A.3)
(Buitenhuis et al., 2013). The final dataset contained 1,056,363 presence observations
from 1298 species and two genera (collectively termed “species”), which were
recorded at an average depth of 5.41 ± 6.95 m (mean ± SD) at 182,392 locations in
space and time. Observation densities were spatially biased, with 49% of total
observations originating from the north Atlantic and only 0.9% originating from the
southern Atlantic. Methods involved in original data collection included filters
(Richardson et al., 2006), microscopy (Sal et al., 2013; Villar et al., 2015), and flow
cytometers (Buitenhuis et al., 2013), among others. We retrieved all species
observations for seven phyla: Cyanobacteria, Chlorophyta (excluding macroalgae),
Cryptophyta, Myzozoa, Haptophyta, Ochrophyta, and Euglenozoa. More specifically,
among the Ochrophyta, we included the classes Bacillariophyceae, Chrysophyceae,
Pelagophyceae, and Raphidophyceae. Among the Myzozoa, we considered the class
Dinophyceae. Among the Euglenozoa, we considered the class Euglenoidea. In
addition, we compiled observations of Prochlorococcus and Synechococcus from the
data sources. These genera are globally abundant but rarely identified to a species
level. We excluded records (i) if they were listed as “fossil specimen” or “preserved
specimen,” (ii) if they were associated with year of collection >2015 or < 1800, (iii) if
they were associated with negative depths, or (iv) if they were associated with
nonsensible coordinates. We removed data below the monthly climatological mixed
layer based on the temperature criterion (de Boyer Montégut, 2004), as data at depth
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were insufficient to develop species models. However, for “mixed-layer species” (i.e.,
species recorded in the mixed layer), we assumed that data without depth indication
stem from the mixed layer as well. Species names in the original data were
harmonized following expert opinion (see Supplementary Materials and Methods).
The dataset spanned all major phytoplankton taxa of the marine realm (de Vargas et
al., 2015) and reflected, within the bounds of uncertainty, roughly similar factions of
the total species known among taxa (table A.4).
Independent data (<2.9% of the observations overlap with the above dataset) (Sal et
al., 2013), primarily based on Atlantic transect cruises, served for validation of results
obtained from the main dataset. These independent data were collected on the basis of
a consistent methodology by the same taxonomist, containing 4217 presence
observations from 303 phytoplankton species within the mixed layer (Sal et al., 2013).
4.3.2 Open-ocean definition
To reduce confounding influences of more complex and fertile coastal environments
on our open ocean phytoplankton analyses, we excluded data from seas shallower
than 200 m (Amante and Eakins, 2009) and from seas with surface salinities below 20
(Zweng et al., 2013).
4.3.3 Environmental data
We compiled data on 10 environmental variables that represent key dimensions of
phytoplankton ecological niches (Barton et al., 2016; Brun et al., 2015; Pinkernell and
Beszteri, 2014) and shape species’ distributions via effects on physiology, growth,
and species competition (Boyd et al., 2010; Margalef, 1978; O’Brien et al., 2016).
These variables served as candidate predictors for SDMs and as single predictors in
species richness models. Variables were aggregated at a monthly (n = 12)
climatological and globally gridded resolution (1° latitude × 1° longitude), as this was
the best available resolution shared among datasets. Sea surface temperature (T; °C),
salinity (S), nitrate (NO3−; µM), phosphate (PO43−; µM), and silicic acid [Si(OH)4;
µM] were obtained from World Ocean Atlas 2013 (1955–2012) fields (Garcia et al.,
2013; Locarnini et al., 2013; Zweng et al., 2013). MLD (m) was included using the
temperature criterion (de Boyer Montégut, 2004). Photosynthetically active radiation
(mmol m−2 s−1) and chlorophyll (Chl; mg liter−1) were derived from the Sea-viewing
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(https://oceancolor.gsfc.nasa.gov). Sea surface wind stress (m s−1) was derived from
the Cross-Calibrated Multi-Platform (Atlas et al., 2011) using data from 1987 to 2011
(https://podaac.jpl.nasa.gov). Data on carbon dioxide partial pressure in the surface
sea (pCO2; µatm) stem from (Landschützer et al., 2015).
We derived further predictors from these 10 variables: Photo- synthetically available
radiation over the MLD (µmol m−2 s−1) was computed from T, MLD, and Chl (Brun et
al., 2015). We also used the excess concentration of NO3−, relative to the Redfield
ratio of 16:1 (µM; N-star), computed as [NO3−] − 16[PO43−]. The use of N-star, rather
than NO3−, avoids strong global correlations between NO3− and T (Spearman’s r =
−0.71). Si-star, the ratio of [Si(OH)4] to [NO3−], was included as a predictor
particularly relevant for the Bacillariophyceae (Pinkernell and Beszteri, 2014). We
also considered the temporal trends of T (dT/dt), NO3− (dNO3−/dt), PO43− (dPO43−/dt),
Si(OH)4 [dSi(OH)4/dt], and MLD (dMLD/dt), calculated as the centered mean
difference of the data of each month with its neighboring months. Logarithmic MLD,
Chl, and nutrient levels to the base of 10 were used in addition to their original forms.
Sea level height anomaly (m) (https://www.aviso.altimetry.fr/es/data/products/seasurface-height-products/global/ index.html) and nutricline depth (m), defined as the
first depth at which nutrient levels exceeded a certain threshold (0.05 µM for NO3−
and 0.05:16 µM for PO43−), were also tested, yet these two variables were discarded
due to poor skill in single-predictor model tests. Net primary production (mg C m−2
day−1; NPP) was used for correlative analyses only, using data from 1998 to 2007
from

the

standard

vertically

generalized

production

model

(http://www.science.oregonstate.edu/ocean.productivity).
4.3.4 Species distribution models
SDMs fit statistical associations between species’ observed presences and
environmental variables; i.e., they estimate a species’ realized ecological niche (Brun
et al., 2015). SDMs provide a useful framework to explore large-scale distributions of
phytoplankton species, based on two major assumptions: (i) Species are not dispersal
limited in the open ocean (Cermeño and Falkowski, 2009; Whittaker and Rynearson,
2017) [but see (Chust et al., 2013)], a trait consistent with the generally wide
geographic ranges of the species in our data; (ii) species are primarily controlled by
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environmental factors in their global distribution (Boyd et al., 2010; Cermeño and
Falkowski, 2009; Villar et al., 2015) and rapidly proliferate when conditions turn
suitable (Cermeño et al., 2016; Lehtinen et al., 2017). Applying SDMs to study
marine phytoplankton distributions has emerged relatively recently (Pinkernell and
Beszteri, 2014). Since distribution patterns of phytoplankton species might change
seasonally ((Ladau et al., 2013)), reflecting the generally short generational cycles of
phytoplankton owing to their largely microbial nature, we used a monthly matchup
between species’ presences and environmental variables to calibrate the niches. We
then projected niches onto global environmental data fields at 1° and monthly
resolution to obtain maps of species’ presence. We developed SDMs that address
three principal sources of uncertainty: (i) biases in sampling effort, (ii) predictor
selection, and (iii) algorithm choice. All steps used to build SDMs are described
herein.
Data binning
SDMs fit statistical associations between species’ observed presences and
environmental variables; i.e., they estimate a species’ realized ecological niche (Brun
et al., 2015). We used phytoplankton presence data, rather than abundance data, as the
former are less sensitive to differences in sampling methods and are more widely
available. We binned species’ presence observations into monthly 1° latitude × 1°
longitude resolution to match the resolution of environmental predictors. Multiple
observations per species and 1° cell that stem from the same month, but potentially
from different years, thus counted as a single presence, resulting in a total of 245,322
species presences. The monthly data binning may have removed signals of temporal
changes in species’ distributions throughout the years. However, since data originated
predominantly from a few decades between 1950 and 2000 (1984 ± 17; mean ± SD)
and since climatic changes during this period were much smaller relative to current
global amplitudes of environmental factors (for example, sea surface temperature
spans ~ −1.8 to ~32°C) (Locarnini et al., 2013), we expect such changes to have only
a minor impact on global SDM projections.
Environmental background data
Since absence data for phytoplankton are unreliable on the basis of traditional
sampling methods (Cermeño et al., 2014) but required by our presence- absence
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SDMs, we selected background data (also termed pseudo- absences) for each species,
using a so-called target-group approach (Phillips et al., 2009). This approach
addresses spatial and temporal sampling biases in field-based presence data of species
via the selection of the number and location of pseudoabsences. We defined large
groups of species as target groups, assuming that variation in sampling effort
applied to the entire target group reflected variation in sampling applied to each
species within the target group (Phillips et al., 2009). The sampling of species’
background data from the target group served two purposes: (i) Background sampling
followed a sampling scheme similar to that of the species’ presence data (and thus
received similar bias), thereby balancing presence data bias when fitting SDMs; (ii)
extensive ocean areas, which lacked sampling, were not misclassified as areas of
species’ absences. We used the Bacillariophyceae, Dinoflagellata, and Haptophyta
separately to define “group-specific target groups” for their constituent species, as
these taxa had different global sampling schemes. For the remaining taxa, the number
of species was insufficient to build group-specific target groups. For these taxa, we
used the total species as the target group, excluding Bacillariophyceae, as presence
data of the latter were strongly north-south imbalanced.
In parallel, we used the total species as target group to sample the background for
each species, which we refer to as “total target group” approach. We found that
richness results were robust to the use of total versus group-specific target groups (fig.
A.3 B).
We sampled background data in a stratified manner from the target group, dividing
both the T and MLD gradient (spanned by the full target group) into nine equally
spaced intervals, yielding 81 strata (T × MLD combinations). Sampling data from
each stratum separately assured that the breadth of these two key environmental
factors was reflected in the backgrounds of species. The target group’s presence data
were gridded at monthly 1° resolution, before sampling backgrounds from it. We
tested whether the density of these monthly 1° cells of the target group reflected
original sampling efforts (approximated by the number of samples in the raw data)
and found that the two measures were highly correlated (Spearman’s ρ = 0.94 for
latitude; Spearman’s ρ = 0.99 for longitude; binning data at 1° latitude or 1°
longitude, respectively). For each species, we sampled 10 times more background
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data than the species had presences (Barbet-Massin et al., 2012). Within each of the
81 strata, background data were randomly sampled. The amount of background data
sampled from a specific stratum was proportional to the number of monthly 1° cells
provided by the target group in this stratum, thereby reflecting original sampling
efforts.
Statistical complexity
Statistical algorithm choice represents a key source of uncertainty in SDMs (Buisson
et al., 2010). We constructed SDMs based on either GLMs (using the R package
stats), GAM (R package mgcv), or RF (R package randomForest), as three algorithms
of increasing statistical response shape complexity (Merow et al., 2014). We
considered the GAM as our standard algorithm because of its intermediate
complexity. We used comparably few predictors (n = 4) in models and fitted simple
response shapes to account for the relatively few presences of most phytoplankton
species (Merow et al., 2014). GLM included linear and quadratic terms and a stepwise
bidirectional predictor selection procedure. GAM used smoothing terms with five
basis dimensions, estimated by penalized regression splines without penalization to
zero for single variables. To equalize the overall weight of presences versus
background data per species, background data in GAM and GLM were weighted by
the ratio of species’ presence to background data points. RFs included 4000 trees,
simple terms, and single end node size. The weighting of data in individual RF trees
was balanced by randomly subsampling same amounts of background data as the
species had presences.
Single predictor skill tests
In addition to algorithm choice, predictor choice represents a major source of
uncertainty in phytoplankton SDMs, as these organisms are not well studied regarding
their most important niche factors. To select powerful predictors for SDMs, we
assessed the individual skill of an extensive number of candidate predictors (n = 25)
in discriminating species’ presences versus background data. The results of this test
also served to identify the key environmental drivers of species’ distributions
independently of the SDM analysis. We fitted single-factor GLM, GAM, and RF
models to the presences versus background data of each species, for each candidate
predictor. The species (n = 567) considered for predictor analyses generally contained
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a minimum of 24 presences as was used as a lower threshold for species in SDMs.
Model explanatory skill was evaluated using the adjusted D2 (for GLM and GAM)
and the out-of-bag error (for RF) statistic. For each species, predictors were ranked
according to these statistics, and the mean variable ranks obtained across GLM,
GAM, and RF served as a basis for predictor selection. We performed several
sensitivity tests to evaluate the robustness of the predictor ranking. We compared
rarely versus more frequently sampled species (i.e., ≥15, ≥24, and ≥50 presences),
used different variables for the stratification of background sampling, and applied
spatial thinning of species’ presences to a distance ≥300 or ≥600 km (using the R
package spThin), which reduces potentially confounding effects of autocorrelation.
None of these modifications changed the result that temperature was the top-ranked
predictor across total species. However, the rank of predictors other than temperature
tended to vary between setups.
Predictor choice for models
To capture predictor-based uncertainties, we fitted five-member models, each using a
different set of four predictors, for building an SDM ensemble. The species (n = 567)
considered for modeling contained ≥24 presences, which correspond to a presence-topredictor ratio ≥6. We used a randomization approach to select the four predictors per
member model, using the test-based predictor ranking (see above) of each species as a
basis. For the first member model, we selected four predictors at random, without
replacement from those predictors that ranked among the 10 most powerful predictors
per species. We omitted Spearman’s rank correlations between predictors greater than
|0.7| in each predictor set (computed from the predictor data at global monthly 1°
resolution). Predictors of the four other members were composed by the same
criterion. Yet, we allowed each predictor to be selected only up to twice among the
five members to omit biases due to overrepresentation of individual predictors in
SDMs. If sampling among the top 10 predictors did not provide a sufficient number of
predictors for the 5 sets × 4 predictors (given the correlation criterion), candidate
predictors that ranked >10 were selected. Predictors were equally used in GAM,
GLM, and RF.
Monte Carlo simulation
We used a Monte Carlo simulation to quantify uncertainty in our results emerging
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from the choice of different predictor sets. For each species modeled, we randomly
selected one of the five predictor sets prepared (see above) to fit the SDM of the
species and then calculated richness and turnover of total species. This procedure was
repeated (n = 1000 runs) and we present the SD (±1 SD) across the runs (Figs. 4.1, C
and D, and 4.3 B).
Evaluation of model members and ensemble construction
For each species, we evaluated the predictive skill of each member model based on a
repeated (4×) split-sample cross-validation test. In this test, the species’ presences and
background data are randomly split into four parts. The SDM member model is
iteratively trained on the basis of three parts (75%) of the data and used to predict the
remaining one-fourth (25%) of the data. The predicted values are then compared
against the true values. We calculated the true skill statistic (TSS) (Allouche et al.,
2006) of this test. TSS ranges from −1 to +1 with values greater than zero indicating
models performing better than at random. We retained ensemble member models with
a TSS score of at least 0.35 for the construction of our SDM ensembles. Successful
member models were then projected globally onto monthly (n = 12 months)
environmental data fields, yielding probabilistic maps of species’ presence. Presence
probabilities were generally higher for high-latitude species than for lower-latitude
species, as their ecological niches were readily captured by SDMs. To avoid spatial
biases in multispecies analyses, we therefore binarized the projected probabilities to
presence-absence from thresholds maximizing the TSS (package presenceAbsence).
For each month, we averaged the successful member models of each particular
species to obtain monthly ensemble mean projections. Each species thus obtained a
value between zero and one per monthly 1° cell. We did not further binarize the
ensemble projections to presence-absence, as binarization tends to overestimate the
species’ presence toward the edges of the projected presence area, relative to its
center. We hence argue that our ensemble mean projections characterize species’
distribution patterns at a higher level of detail compared to 0/1 projections, which are
better suited for multispecies analyses, in line with previous work showing that the
sum of overlapping 0/1 projections tended to overestimate species richness (Calabrese
et al., 2014).
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4.3.5 Global species richness and species turnover map
We used the summation of monthly SDM ensemble projections of the successfully
modeled species (536 species for GAM, 529 species for GLM, and 538 species for
RF) to obtain 12 monthly estimates of phytoplankton species richness. The global
species richness map (Fig. 4.1 A) represents the average of these monthly estimates.
We examined the robustness of the global species richness pattern with respect to
balancing the relative representation of major taxa in our model analysis (fig. A.3 A).
For each major taxon (table A.4), we divided the number of species included in SDMs
by the number of its totally known species, and we weighted the individual species
inversely to this ratio in the corrected global richness pattern (fig. A.3 A).
Species turnover is a measure of the difference in species composition between two
ecological communities. We assessed species turnover through time, analyzing the
fraction of species whose identities changed between months (“species replacement”).
We derived species communities at monthly 1° resolution from the species’ monthly
ensemble mean projections (for each monthly 1° cell, species with values larger than
0.5 counted as present). We calculated species turnover at 1° resolution between
consecutive months (n = 12 monthly pairs) and averaged the results of the monthly
pairs over the full year to obtain the species turnover map (Fig. 4.1 B). We used the
turnover component of the Jaccard dissimilarity as implemented in R’s betapart
package.
4.3.6 Explanatory power of single variables for global richness patterns
We tested whether richness itself could be modeled successfully using environmental
variables. We fitted species richness using GLMs that used single predictors, thus
assessing their univariate predictive skill (table A.2). We fitted GLMs both to the
species richness obtained from SDMs (aggregated from GAM, at monthly 1°
resolution) and to the species richness observed at a sample level in the raw data
(table A.2). Each local sample was defined by a unique combination of latitude,
longitude, depth, year, month, and day of collection in the phytoplankton raw data.
Environmental variables were matched with richness values at 1° resolution, using
monthly climatological data. The quality of linear model fits between single variables
and GAM-based richness (at monthly 1° resolution) presented in the text is indicated
by the R2 statistic.
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4.3.7 Global richness patterns in aggregate observational data
The number of detected species varied strongly between samples (fig. A.1, B and C).
To infer robust species richness patterns directly from raw observations (figs. A.4 and
S5), we split raw data into coarse environmental or geographic strata and repeatedly
selected a certain number of samples at random, from each stratum. Determining the
integral richness from the pooled samples, per stratum, served to depict richness
patterns in the observational data. This approach, in part, ameliorates the problem of
severe undersampling of richness by traditionally small sampling volumes (Cermeño
et al., 2014).
4.3.8 Sensitivity of richness patterns to species detection
Our analysis included an extensive number of phytoplankton species and spanned all
major phytoplankton taxa (table A.4). However, results are limited to species for
which in situ data were available. Patterns thus reflect the subset of detectable, and
likely common, species, while potentially overlooking an unknown number of lowabundance species. We tested whether richness patterns in our data were robust to the
omission of species that were relatively more rarely observed (figs. A.4 and A.5). We
found that patterns were largely robust to their exclusion, in line with previous
findings showing that global richness patterns are best approximated by subsets of
common (rather than by rare) species (Jetz and Rahbek, 2002).
4.3.9 Species range analysis
Species’ observed ranges for key environmental factors were defined by the
maximum and minimum value obtained from matching up the species’ raw
observations with sea surface temperature (Locarnini et al., 2013), sea surface wind
stress (Atlas et al., 2011), MLD (de Boyer Montégut, 2004), and additional factors, at
monthly 1° resolution (Fig. 4.2 B and fig. A.6). Species’ latitudinal ranges
corresponded to the maximum and minimum latitude of raw observations (Fig. 4.2 C).
We assessed the expected maximum species richness over the full range of each
environmental variable in the ocean based on species’ observed presence ranges. At
each environmental value (Fig. 4.2, B and C, and fig. A.6), maximum richness is
defined as the sum of the species’ ranges that overlapped, and range size is defined as
the species’ mean range size. To denote parts of the environmental gradients where
edge effects likely distorted species’ observed range patterns, we created a null model
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of the environmental response in expected maximum richness and average range size.
To this end, we randomized the species’ presences in the observational data (n = 100
runs) and derived species’ range limits and expected richness/mean range size based
on these randomized data. Thus, our null model represents the expected maximum
richness/mean range size in absence of any environmental sorting of species’ ranges.
We identified areas with likely edge effects as those areas where the null model
values deviated significantly (using the 95% confidence interval range) from the null
model value obtained in the center (i.e., not affected by edge effects) of the
environmental gradient studied. In Fig. 4.2 (B and C) and fig. A.6, we only show
estimates of maximum richness (red line) and range size (blue line) for areas
unaffected by edge effects.
Appendix A: Supplementary materials
Supplementary material for this article is presented in Appendix A
Fig. A.1 Distribution of phytoplankton presence observations in space and time.
Fig. A.2 SDM performance for the three statistical algorithms used.
Fig. A.3 Sensitivity of global species richness patterns to methodological choices.
Fig. A.4 Latitudinal species richness gradients derived from the observational raw
data.
Fig. A.5 Species richness–temperature relationships derived from the observational
raw data.
Fig. A.6 Species’ ranges for key environmental factors.
Table A.1 Fraction of equatorial species recorded at higher latitudes.
Table A.2 Single variable model skill for predicting species distributions and global
richness.
Table A.3 Contribution of sources to the phytoplankton dataset.
Table A.4 Statistics on data collected and species modeled within major taxon groups.
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Biotic thermal bias: a geometric artefact?
ARISING FROM R. D. Stuart-Smith et al. Nature 528, 88–92 (2015); doi:10.1038/nature16144
One of the most important impacts of ocean warming is that marine
species tend to be pushed outside their thermal niches, leading to a
restructuring of marine ecosystems1,2. Stuart-Smith et al.3 argued
recently that this effect may be exacerbated by the thermal optima of
many species already deviating substantially from local environmental
temperatures, a mismatch referred to as ‘thermal bias’. Observing the
species’ thermal distributions for two marine taxa, they reported a
nonlinear global pattern in the thermal bias of species communities,
implying that some communities are especially sensitive to warming.
Here, we use global-scale phytoplankton data and virtual communities
to show that artefacts of the method employed by Stuart-Smith et al.3
can strongly obscure a quantification of the thermal bias reported.
Stuart-Smith et al.3 extracted the observed thermal niches of fish
and invertebrate species from occurrence data and used the niche
midpoints as proxies for species’ thermal preferences. At any given
location, they then defined a community temperature index (CTI) as
the mean thermal preference of all recorded species (species mean) or
individuals (weighted species mean). Contrasting the CTI with
environmental temperatures across the investigated locations, they
uncovered a nonlinear behaviour, characterized by two key features:
First, the CTI of communities at the cold end of the investigated
temperature range tended to be biased warm, while communities at the
warm end of the range tended to be biased cold. This pattern implies
that communities at the warm end tend to be exposed already today to
too high temperatures relative to their colder preference, making them
very sensitive to further warming. Second, the communities in the mid
range were found to make a step change from being biased cold to
being biased warm. Stuart-Smith et al.3 interpreted this second finding
as the consequence of these communities reflecting a mixture of
species from two groups with either a warm or a cold preference.
While these results are intriguing, we argue here that these features
are inevitably (with regard to the ends) or likely (with regard to the
step) confounded by artefacts, thus requiring a revisit of the
conclusions drawn by Stuart-Smith et al.3. To demonstrate that the
approach taken by Stuart-Smith et al.3 induces thermal bias at the ends
also in the absence of any thermal grouping of species, we first
simulate CTI based on a fully stochastic redistribution of empirical
phytoplankton niches. Specifically, we demonstrate that cold
communities appear biased warm and vice versa due to the geometric
constraints imposed to the observed niches by any finite observational
range4. Further, we show that a spatial bias of sampling locations can
explain the step feature.
Phytoplankton are well suited for this analysis, since they closely
adapt their thermal optima to local ocean temperatures5; therefore
lacking a substantial thermal bias. We extract 833 thermal
phytoplankton niches from near-surface observational data matched
with local temperatures6 (Methods). As in Stuart-Smith et al.3, we
define a species’ thermal niche by the fifth to 95th percentile range of
the species’ temperatures. We then redistribute the niches randomly
within a finite (i.e., hard-bounded) thermal range and construct virtual
communities at specific temperature points based on these randomized
niches.
Analysing the CTI of multiple virtual communities as a function of
sea surface temperature reveals a strong and nonlinear thermal bias
pattern, in spite of the underlying niches being randomized and not
clustered (Fig. 5.1a). The CTI (aligned dots; Fig. 5.1a) deviates from
the 1:1 line positively at the lower and negatively at the upper thermal
range limit. To what degree this bias propagates from either rangelimit towards the centre range clearly depends on the sizes of the
underlying virtual niches (niche size scenarios; Fig. 5.1a). Our
simulated bias patterns qualitatively agree with the empirical patterns
reported by Stuart-Smith et al.3 at the respective ends of their thermal
range (figure 1 in ref. 3). The mechanism creating the bias in our
virtual communities is the finite observational range. Inside this range,
the midpoint of any niche larger than zero falls by definition above the
minimum and below the maximum temperature. This constraint on the
midpoint increases with niche size7. Hence, the CTI is not independent

of the studied range and niches, and evidence for adaptation at the
ends of the gradient seems impossible, even if communities were
locally adapted.
To test the hypothesis put forward by Stuart-Smith et al.3 for the
mid range step feature, we next sort the niches of 3,000 virtual species
into two groups with different thermal preferences. We first simulate
the midpoint distribution of the invertebrate species3 (Methods), which
prefer either warm or cold temperatures (grey histogram; Fig. 5.1b)
and second, of the fishes3 with warm-adapted species dominating over
cold-adapted species (black histogram; Fig. 5.1b). In spite of a distinct
thermal grouping of species, the first case reveals no clear step in CTI
in the mid-range but an approximation of the 1:1 line, whereas the
second case reveals a distinct positive CTI in the upper mid range of
temperatures, but no clear negative deviation of CTI in the middle
(Fig. 5.1b). These results contrast with the comparably sharp step in

Figure 5.1 | Trends in simulated thermal bias (CTI, community
temperature index) relative to ambient temperatures. Dots represent
the mean CTI of virtual communities (using the species mean approach as
in Stuart-Smith et al.3) and dashed greyscale lines the 95% confidence
intervals of CTI. Each community (n = 100) is defined by the virtual
niches that overlap with the communities’ temperature location (x axis).
Histograms show the frequency distribution of niche midpoints underlying
CTI. Blue to red colours represents the average niche size of the virtual
species in each community. The 1:1 line represents situations with no
thermal bias, where CTI equals ambient temperature. a, Communities are
composed of virtual thermal niches (n = 833, mean size = 14.86 °C, SD =
6.58 °C) adopting the niche sizes of observed phytoplankton, and niches
reduced by one third (and two thirds), which are more appropriate for
marine fishes8. The niche midpoints are randomized (10,000 runs) with the
geometric constraint4 that niches must fall entirely inside the thermal range
(-1.9 °C, 31.6 °C). b, Reproduction of figure 1 in ref. 3 based on
simulating sorted distributions (10,000 runs; Methods) of niche midpoints
(histogram inset). Niche sizes are selected at random and assigned to these
midpoints, while maintaining the condition that niches fall fully inside the
thermal range as in a.
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METHODS
Phytoplankton occurrences (n = 1,248,794) were compiled from GBIF
(www.gbif.org), OBIS (www.iobis.org) and MAREDAT9, excluding
coastal seas (bathymetric depths10 < 200 m) and points below the monthly
mixed layer11 that likely have a different temperature. To infer thermal
niches, occurrences were matched with monthly climatological sea surface
temperatures6 at a 1° spatial resolution. For Figure 1b, virtual niche
midpoints (n = 3,000) shown in the histograms were placed between -1.9
°C and 31.6 °C by sampling two normal density distributions (using the
stats package in R) in a balanced way (probability = 0.5) and an
imbalanced way (probability = 0.9).

Figure 5.2 | Observed versus expected global trend in CTI (community
temperature index) of marine phytoplankton. Dots represent the CTI of
species communities (n = 67,430), each defined by the species co-detected
in time, depth, latitude, and longitude based on the highest available
precision of occurrence records (Methods). The bold black line shows the
trend of CTI along temperature using a locally weighted polynomial
regression fit with a smoother span of 1% of the points. The histogram
shows the frequency distribution of the species’ thermal niche midpoints.
Blue to red colours indicate the average thermal niche size of the species
in each community. Poorly sampled species (defined by <15 temperature
points) or communities (defined by <5 species) are excluded from
analysis. Setting this threshold to ten species yields a stepped pattern
consistent with the presented one (data not shown). Dashed grey lines
show the expectation for CTI (95% confidence intervals) based on
randomizing the thermal niches (as in Fig. 5.1a).

CTI in the mid range reported by Stuart-Smith et al.3 for both taxa. In
addition, Figure 1b shows that a systematic variation in niche size of
species along temperature may be more important to thermal bias than
a mere grouping of species’ thermal midpoints. The interpretation for
the stepped CTI by Stuart-Smith et al.3 hence seems oversimplified.
An alternative hypothesis for the stepped CTI reported is the
strongly biased distribution of sampling locations. Stuart-Smith et al.3
argue that sampling biases do not affect their thermal biases.
However, their supplementary test based on a spatial subset of the data
does not specifically address the effect of sampling effort (e.g., by a
spatial thinning of sampling locations) inside the subdomain. It can
therefore not be excluded that the species’ thermal midpoints carry a
bias from the overall sampling distribution within the subdomain.
To illustrate the effect of uneven sampling on thermal bias patterns,
we analyse empirical phytoplankton communities. Besides a strong
bias at either end of the temperature range, we find a clear mid range
step feature (Fig. 5.2). This step emerges due to a relative
oversampling of the North Atlantic and the Peru Current (Extended
Data Fig. 5.1) and readily disappears when CTI is analysed for
randomly redistributed phytoplankton niches or for individual ocean
basins with a more even sampling (data not shown).
The problems discussed above propagate into the vulnerability
analysis by Stuart Smith et al.3 using a related metric based on the
species’ upper thermal limits. In case of phytoplankton, this metric
results in a considerable number of communities for which the local
ambient temperatures already seemingly exceed the upper thermal
tolerances (Extended Data Fig. 5.2). This suggests that estimates of
community vulnerability may likewise be prone to uncertainty.
In conclusion, geometric constraints on niche midpoints and spatial
sampling imbalance are critical sources of uncertainty for interpreting
the ecological signals and implications of reported thermal biases3.
We therefore suggest a comparison of empirical patterns against
simulated ones, which consider the spatial distribution of data and
effects from varying niche sizes.
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Extended Data Figure 5.1 | Distribution of phytoplankton sampling
locations underlying the analysis of CTI in Figure 2. Black dots denote
sampling locations (n = 172’053) and are plotted with 70% transparency to
reveal areas of enhanced sampling intensity. The bars on the right side
represent the relative frequency of sampling locations within two-degree
latitudinal bands.

Extended Data Figure 5.2 | Global trend in community upper
temperature index (CTImax) of marine phytoplankton. Following
Stuart-Smith et al.3 the CTImax of each community (n = 67,430) is defined
as the mean of the upper thermal niche limits of all species inside a
community. The upper thermal niche limit of each species is defined by
the 95th percentile of the monthly climatological temperature values6
associated with the species’ occurrences (Methods). Points that fall below
the 1:1 line indicate communities for which the local sea surface
temperatures exceed the upper thermal threshold (CTImax). The bold
black line shows the trend of CTImax along temperature using a locally
weighted polynomial regression fit with a smoother span of 1% of the
points. The same selection thresholds as in Figure 2 apply for species and
for communities. Dashed grey lines show the expectation for CTImax (95%
confidence intervals) based on randomizing the thermal niches (Fig. 5.1a).
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Chapter 6

Discussion
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A significant gap in our understanding of the Earth system has been a lack of
description of diversity patterns of autotrophic species in the ocean, which sustain
marine life. In my thesis I have shown that it is possible to obtain a three dimensional
(latitude, longitude, time) global characterization of marine autotrophic species
diversity using species occurrence data and niche models. While this characterization
offers an unprecedented view of global marine biodiversity, the immediate question
arising is how robust and plausible are my results given the imitations in species
occurrence data and their analysis. In this chapter, I synthesize the main findings of
this thesis and I discuss their implication for the current state of scientific knowledge
(section 6.1). I next discuss the limitations and sources of uncertainty in my data and
models (section 6.2) and I discuss broader implications of the findings in section 6.3.
Last, I present possible directions for future research, together with first results and
opportunities to validate model results (section 6.4)

6.1. Review of research questions
In the following, I review the findings of the individual chapters with regard to each
of the initially raised questions (section 1.6) and I highlight implications of findings.
1) What is the observational basis to assess global phytoplankton species
distribution patterns?
Sampling gaps and inhomogeneous sample distribution are common at the global
scale for both marine (Menegotto and Rangel, 2018) and terrestrial (Meyer et al.,
2015) taxa. Data gaps in remote and inaccessible ocean regions are especially severe
for phytoplankton, which are microscopic small and highly diverse (Hutchinson,
1961), making their identification from seawater samples a difficult task (Cermeño et
al., 2014). In chapter 2, I have compiled marine phytoplankton species occurrence
records from the two largest online biological occurrence archives (OBIS and GBIF)
and I augmented this data by three additional marine phytoplankton datasets. The data
synthesis resulted in the compilation of more than 1.28 million species records,
corresponding to roughly one third of the amount of data that was recently compiled
from OBIS and GBIF in a dataset of macroscopic marine taxa (Menegotto and
Rangel, 2018). Data records downloaded from OBIS and GBIF were surprisingly
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complementary (Table 2.5), given that both archives strive to gather as many
biological occurrence records as possible from multiple research institutions.
Specifically, 59% of records were gained relative to the records obtained from OBIS
alone, when adding GBIF data. Data were gathered on 704 Bacillariophyceae, 777
Dinoflagellata and 165 Haptophyta species, and additional, but fewer (<5% of total)
species

among

Chlorophyta,

Chrysophyceae,

Cryptophyta,

Cyanobacteria,

Euglenoidea, and Raphidophyceae (Table 2.4). A total of 3288 scientific names,
synonyms or spelling variations were scrutinized in the raw data through taxonomic
expert screening, excluding fossil species, macroalgae, erroneous taxa, and freshwater
species. These steps led to a final number of 1709 species in our database,
corresponding to ~30% of marine phytoplankton species catalogued (Sournia et al.,
1991) and ~10% of marine phytoplankton estimated to exist (de Vargas et al., 2015;
Falkowski, 2004). Yet, several limitations are inherent to the database. Data density is
spatiotemporally uneven, with the North Atlantic basin constituting close to half of all
records, with significant areas of the Pacific being devoid of data (Figs 2.1 and 2.2)
and seasonal sampling gaps occur at higher latitudes (>70°) (Fig. 2.1). In addition, we
show that taxonomic sampling detail and scope differ between cruises (Fig. 2.7).
By taxonomically harmonizing and merging GBIF and OBIS data, this synthesis
represents an important step to increase empirical data power with regard to marine
phytoplankton. The database may serve to analyze the distribution, diversity, and
abundance of phytoplankton species and related biotic or abiotic drivers in
macroecological studies. Additional applications include the analysis of ecological
niche differences between species or communities, comparisons between spcies’
niche differences and phylogenetic distance, current and future projections of
ecological niches, tests on whether presence-absence patterns of species can predict
traits such as the optimum growth temperature or light sensitivities, validations on
how well lab-based traits such as growth rates predict global variation in the presenceabsence of species or the inclusion of trait data into spatial species models to study
trait biogeography. The database can also be used to validate increasingly complex
marine ecosystem models included in regional to global climate models. However,
depending on the scope of these analyses, I expect that the consideration of global
data distribution and biases in sampling densities will be critically important.

137

2) How can biogeographic patterns be inferred from globally imbalanced species
occurrence data?
The analysis of chapter 2 has shown that the scarceness of species data and
unsystematic collection of these data are major inhibitors with respect to the
characterization of global species richness and distribution patterns (Figs. 2.2, 2.5 and
2.6). Yet, how to best account for severe data limitation has not yet been examined in
a global marine context. Chapter 3 addresses this gap and uses species distribution
models (SDMs) to integrate phytoplankton records, and to analyze biogeographic
patterns. We identified several challenges with respect to global phytoplankton
SDMs, which required new developments in the setup of SDMs, compared to SDMs
commonly used in marine and terrestrial taxa. These challenges included the
development of methods to account for: 1) differences in sample completeness
between phytoplankton research cruises or data publishers, 2) a strong global (northsouth) imbalance in general phytoplankton sampling density and regional clusters of
sampling, 3) differences in the global sampling distribution between key
phytoplankton groups, 4) data sparseness for most species, and hence, lack of
knowledge with respect to optimal predictor choice in SDMs, 5) the short-lived nature
of phytoplankton, linked to potentially sub-seasonal patterns in species distribution,
and 6) global projection bias in probabilistic versus presence-absence transformed
SDMs, when stacking SDMs to obtain species richness. Across 557 marine
phytoplankton species, we found that: 1) aggregating phytoplankton data to monthly
1° latitude × 1° longitude was useful at the global scale, as this resolution matched the
best resolution of predictor data available. In addition, the coarsening of
phytoplankton data to 1°-resolution was helpful to balance variation in sampling
efforts between neighboring 1°-cells, and to reduce the noise in order to quantify
large-scale patterns rather than intra-pixel variability. 2) To ameliorate spatiotemporal
sampling bias and sampling gaps globally, target-group approaches to select
pseudoabsences were superior to spatial thinning strategies with respect to presence
data. 3) Our results suggest that group-specific target groups can improve SDMpredictions for two principal groups (Bacillariophyceae and Dinoflagellata), but not
necessarily for groups containing relatively few species (Haptophyta). 4) We showed
that predictor choice adds an important and hitherto neglected uncertainty to SDM
projections of phytoplankton. We therefore implemented a new predictor selection
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approach, which allows for quantification of predictor-based uncertainty and to deal
with data sparseness through ensembles of SDMs. 5) A monthly matchup of species’
observations with predictors yielded more plausible patterns of species’ distribution
and richness than an annual matchup. 6) Our results suggest that species richness
estimates obtained from stacked probabilistic SDM projections tend to overestimate
high latitude richness, as contrary to presence-absence projections.
We show that within the context of globally sparse and imbalanced biological
occurrence data, a combination of target-group approaches, randomized predictor
selection, and ensembles of SDMs represents a promising strategy to address several
of the data limitations and to improve projections of species distribution and richness
patterns compared to “standard” SDMs. Our SDMs provide a framework through
which it is possible to analyze global biogeographic pattern despite sparse and
imbalanced data. At present, it remains uncertain to what degree our SDMs provide
accurate predictions of species distribution and richness, as independent validation
data on species richness are missing at the global scale. I therefore include a direct
comparison of the patterns derived from our SDMs, against independent patterns, to
further assess the skill of our SDM framework at the global scale in section 6.4.
3) What are the global patterns and drivers of phytoplankton species richness?
Global patterns of marine phytoplankton species richness have remained elusive. As a
result, it has been unclear whether ambient temperature is the key driver of global
variation in phytoplankton species richness, despite the known importance of
temperature as a general driver of biodiversity across marine taxa. Across ~72% of
the global surface, the richness of marine phytoplankton may influence general
marine biodiversity through cross-trophic species interactions or indirectly via their
control on ocean primary production. In chapter 4 we combined the observational data
presented in chapter 2 with the modeling framework developed in chapter 3 to show
that the species richness of phytoplankton organizes into a non-random global pattern.
The annual mean of monthly species richness in the tropics was approximately three
times that of higher latitudes (Fig. 4.2, Fig. 2.5), in approximate agreement with a
linear scaling of 0.32 between temperature and logarithmic richness predicted for
autotrophs by the metabolic theory of ecology (Kremer et al., 2017; Lopez-Urrutia et
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al., 2006). Sea surface temperature was the most powerful predictor (R2 = 0.76, P <
0.001) of the emerging pattern of monthly species richness and the best single
predictor with respect to global presence-absence variation of individual species
(mean across species) in the observational data. However, richness did not decline
monotonically away from the tropics, as it fell off steeply beyond ~30°N or S,
reached its minima (~50 species) at mid-latitudes (~45° to 65°N and ~45°S) and
increased slightly toward the poles. In particular, below 19°C, modeled richness was
lower than expected based on the relationship with global sea surface temperature,
with ~8°– 14°C waters (~35° to 60° latitude) showing greatest divergence from
theoretical predictions. Regions of reduced richness were coincident with the largest
annual amplitudes (minima to maxima) of the ocean’s surface mixed-layer depth,
maxima in sea surface wind stress and net primary production. Concurrent maxima in
the temporal dynamics of species’ presence-absence patterns projected by our SDMs,
with up to 50% month-to-month turnover of species, led us to hypothesize that
environmental variability suppresses species richness at intermediate latitudes.
Together, these findings present field- and model derived evidence for a largely
temperature driven, but in certain regions strongly altered and dynamic pattern of
global phytoplankton species diversity. These findings do not reject the current
paradigm of biodiversity in the open ocean, which proposes temperature as the most
important driver (Beaugrand et al., 2013; Tittensor et al., 2010; Yasuhara et al., 2012),
but rather suggest that variability-driven mechanisms impose additional constraints on
microbial species’ dynamics and richness patterns. For more than 60% of the ocean,
we find that the variation of monthly phytoplankton species richness is consistent
with the tenet that temperature controls diversity, yet differences occur north and
south of 45° latitude, also with respect to the spatial species richness gradients
reported for other marine taxa (e.g. Rombouts et al., 2009; Roy et al., 1998; Tittensor
et al., 2010; Woolley et al., 2016; Worm, 2005). The diverging pattern with respect to
classical pelagic biodiversity patterns is coincident with a signal of rapid month-tomonth species turnover at mid to higher latitudes, suggesting that autotrophic
diversity dynamics in the global ocean is driven by mechanisms linked to
environmental variability, in addition to temperature. A key implication is therefore
that climate driven changes of environmental variability will probably affect the
temporal dynamics of phytoplankton species and their diversity patterns.
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The findings of chapter 4 provide a new perspective on a long-standing controversy in
microbial biogeography. Owing to their high abundance and dispersal capabilities
(Finlay, 2002), marine microbes are though to have cosmopolitan distributions
(Gibbons et al., 2013), which may result in flat global biodiversity gradients
(Fuhrman et al., 2008; Hillebrand and Azovsky, 2001; Rodríguez-Ramos et al., 2015).
The roughly three-fold increase in phytoplankton richness, from pole to equator, both
in models and raw data, rejects the hypothesis of a spatial invariance in marine
phytoplankton species richness. Global gradients in the richness and temporal
dynamics of phytoplankton species identified are probably directly relevant for
marine zooplankton diversity, ocean primary production, and marine food webstability, the latter underlying economically valuable food systems that humans
depend on. The results on the spatial distribution and temporal dynamics of global
phytoplankton diversity serve as a basis to understand how and on what timescales the
autotrophic basis of marine life may respond to environmental factors, some of which
are increasingly altered by human activities.
4) Is the so-called “community thermal bias” a geometric artifact?
Within the context of global warming, global occurrence datasets of marine species
may bear a large potential to assess species’ thermal niches, and to derive the
potential vulnerability of marine communities to global warming. However, niche
descriptions from observational data are sensitive to global occurrence data structure,
data completeness and sampling biases, similar to the advanced niche modeling
approach (chapter 3). Specific shortcomings related to global occurrence data
therefore need to be assessed, and patterns of data structure disentangled from
biological patterns. In a cornerstone study presented by Stuart-Smith et al. (2015), a
global occurrence dataset of fish and invertebrate species was used to predict the
sensitivity of marine fauna to global warming. The dataset was used to elucidate
whether realized thermal niche-optima of the fishes and invertebrates deviated
substantially from current local environmental temperatures, a mismatch referred to as
‘thermal bias’. In chapter 5, we revisited the method of Stuart-Smith et al. (2015)
using the phytoplankton occurrence dataset compiled in chapter 2. In addition, we
created virtual thermal niches, calling upon a well-established body of research on
mid domain effects and geometric constraints imposed on species’ observed niches.
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We demonstrated that artifacts of the method employed by Stuart-Smith et al. (2015)
obscure a quantification of thermal biases in marine species communities, in
particular towards the edges of the sampling domain. In addition, we showed that
geometric constraints on niche midpoints imposed by the sampling domain and spatial
variation in sampling densities, are key sources of uncertainty in biotic thermal bias.
Using theoretical niches and planktonic niches we have shown that the current
method used to assess the sensitivity of communities to warming is sensitive to
sampling patterns and edge effects. We propose that comparisons between observed
patterns and patterns generated by null models (the latter considering the structure of
occurrence data) serve as a strategy to discern biological pattern from methodological
artifacts.
In summary, the research activities have generated: 1) a global database of
phytoplankton species observations, opening the door for ecological and spatial
analyses, 2) a methodology to robustly model global biogeographic diversity patterns
for under-sampled and temporally dynamic species, 3) an understanding of the
sensitivity of marine autotroph species’ distributions to environmental factors,
together with a first quantification of their global richness pattern, which serves as the
basis to spatially assess the ecological or functional importance of autotrophic species
richness 4) an understanding of artifacts in niche estimates of species from global
field data and estimates of community thermal bias, which are of relevance for future
climate impact studies. Overall, these steps have contributed to push the analytical
boundaries and opportunities in current empirical-data driven biogeographic research.
A major goal is to integrate niche-based insights of species back into mathematical
formulations and testable models. Field data has served to examine niche differences
between marine plankton species (Brun et al., 2015). In a collaborative work
(Benedetti et al., 2018) I contributed to test the hypothesis that niche differences
between plankton copepod groups are driven by traits, such as body length, feeding
mode, spawning strategy, and trophic group. Using ecological niche models for 106
species of the Mediterranean Sea, spanning seven groups, we found clear differences
in species’ averaged environmental niche preferences between groups. The groups
were most clearly separated along a temperature productivity gradient, and along an
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environmental variability gradient, involving temperature and chlorophyll. The
findings have direct implications for the definition of clusters of copepods species
within ecological models.
Novel types of plankton data, including DNA sequencing (Bork et al., 2015) may
offer insights into the Mare Incognitum. We identified five grand questions in the
field of marine plankton diversity and ecology research: (1) What can we learn about
plankton communities from the wealth of high-throughput metagenomic data? (2)
What is the link between plankton diversity and ecosystem function? (3) How can
species distribution models be adapted to represent plankton biogeography? (4) How
will plankton biogeography be altered due to anthropogenic climate change? And (5)
can a new unifying theory of macroecology be developed based on plankton ecology
studies? We concluded that concomitant developments in the fields of bioinformatics,
ecological niche modeling, and genetic reference database assembly are needed for a
successful integration of novel with traditional data types (Chust et al., 2017). Finally,
the use of SDM presence-absence patterns of chapter 4 has resulted in a biome
mapping of the global ocean, based on marine phytoplankton species distributions.
Emergent biomes indicate time-varying ecological geographies of coexisting species
networks, with a major separation of biomes at ~35°N and S (Elizondo et al., in prep.)

6.2. Limitations
Several limitations remain, as these are inherent to the species distribution modeling
(SDM) framework developed in chapter 3, used for the analyses in chapter 4. This is
despite the fact that SDMs were specifically designed to reduce data limitations
through multiple steps, including statistical complexity choice, adjusted background
selection, a broad predictor coverage, ensemble building and additional adjustments.
Among others, the main limitations include (1) limited biological data availability, (2)
coarse resolution of predictor data, and (3) model assumptions. Among these, the
foremost limitations include limited biological data availability, coarse resolution of
predictor data, and model assumptions.
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Biological data distribution
The global analysis of phytoplankton diversity is limited to the subset of marine
phytoplankton species, which were detected by sampling methodologies such as
seawater samples (Cermeño et al., 2014) and net tows (Richardson et al., 2006). This
general methodological “filter” excludes an unknown, but likely large, fraction of
possibly rare species (Ser-Giacomi et al., 2018). The analysis presented in chapter 4
thus has limited relevance for very rare species and does not represent total seed-bank
diversity, including spores and dormant species, but rather focuses on the abundant,
functionally important, and detectable fraction of the phytoplankton microbiome.
However, to test whether richness patterns were robust to the omission of the more
rarely observed species I implemented a resampling analysis in the raw data, and
found that richness patterns were largely robust to the exclusion of rare species
(Appendix A). Additional potential limitations include different taxonomic objectives
and sampling detail between different research cruises or data providers in the GBIF
and OBIS archives, together with uncertainty due to species identification performed
by different taxonomists. An additional potential data limitation is the strong undersampling of the Southern Hemisphere (in particular, of the Southern Pacific) and the
patchy distribution of samples in other regions. Together, these uncertainties in the
observational data limit the accuracy of statistical inference of biological patterns.
Although the SDM framework (chapter 3) was designed to discern biological
distribution patterns from patterns of sampling efforts (in line with the insights gained
in chapter 5), it did not explicitly account for methodological differences between
cruises, assuming that data binning (at 1°-spatial resolution) sufficiently reduced these
methodological inhomogeneities.
Predictor data resolution
The geographic annotation of predictor data to the occurrence data of phytoplankton
species used (i.e., monthly, 1° latitude x 1° longitude) corresponds to roughly 110 km
x 110 km in the tropics, and hence cannot capture small-scale features and short term
changes in plankton presence-absence variation (Leblanc et al., 2018; Villar et al.,
2015). However, this resolution represents the most detailed resolution available for
most oceanographic predictors. I expect that a sharper matchup between species and
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predictor data would increase the robustness of the analysis in chapter 4 with respect
to possible drivers or predictors of species richness. While temperature emerges as the
key driver at large spatial scales, finer-scale variability in phytoplankton presenceabsence may be coupled to nutrient levels, not resolved well by the current models.
The relatively coarsely grained analysis (1° latitude x 1° longitude) offers primarily
insights into patterns and drivers at the scale investigated (Levin, 1992). However, it
has been shown that species-area relationships are remarkably stable in marine
phytoplankton from across scales (Smith et al., 2005). Therefore, I expect that higher
species richness projected by SDMs at 1°-resolution translates into higher local
species richness. In addition, gradients are much shallower in the ocean than on land,
and using increasingly finer predictor-resolution in marine SDMs may thus not offer a
similar gain in predictive accuracy of SDMs, as when modeling terrestrial species.
General model assumptions
One general limitation of SDMs concerns the key assumption that species niches
reflect species’ geographic distributions (Colwell and Rangel, 2009; Lee-Yaw et al.,
2016), meaning that no barriers exist to species dispersal and every species is
assumed to fill its environmental niche. While a growing body of evidence suggests
that marine microbes do not face major dispersal barriers (Cermeño and Falkowski,
2009; Whittaker and Rynearson, 2017), other studies suggested that the equatorial
zone acts as a barrier to gene flow between cold southern and cold northern waters
and North Atlantic to North Pacific phytoplankton species spread is possibly limited
by the land barrier (Reid et al., 2007; Sul et al., 2013). Furthermore, dispersal
limitation can partially explain phytoplankton distributions (Chust et al., 2013). The
assumption made in SDMs of free dispersal may hence lead to erroneous projections
of cold-water species endemic to the Southern Ocean into the North Atlantic or
Pacific (and vice versa), thereby over-predicting high latitude richness. One way to
reduce the strength of this assumption is to post-edit models for dispersal limitation
(Ballesteros-Mejia et al., 2017). However, our SDMs developed in chapter 3 are
capable of discriminating hemispheric distributions of species that are known to live
preferentially in one hemisphere (Fig. 6.1). Furthermore, the richness patterns and
their latitudinal gradients obtained from models agree well with raw data for each
hemisphere, separately (Appendix A). This shows that the modeled richness patterns
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at high latitudes are not driven by model errors. A further constraint of our SDMs
concerns the omission of an explicit representation of top-down grazing control on
phytoplankton and interspecies interactions. To assess biotic controls on species’
distributions, co-sampled occurrence data on phytoplankton and their grazers would
be needed, which are currently limited. A third limitation inherent to our SDMs is the
assumption of niche conservatism for species. Ecotypes of certain microbial species
are known to differ in their niches (Johnson, 2006). Availability of field data on
ecotypes would be needed to assess the implication of this shortcoming in SDMs.

6.3 Broader implications
Impact of global phytoplankton distribution and climate change
Phytoplankton represent one of the most diverse marine taxonomic groups (de Vargas
et al., 2015). The structure, distribution, and diversity of these microbes is essential
for ecological and biogeochemical processes of the biosphere, including primary
production (Leblanc et al., 2018; Ptacnik et al., 2008), marine food webs (GarcíaComas et al., 2016), and carbon cycling (Guidi et al., 2016). The analysis of
phytoplankton composition in the ocean developed in this work represents a skeleton,
which may be refined by future data types, additional sampling efforts, or improved
statistical models. Given the essential ecological role of phytoplankton as primary
producers, a redistribution of phytoplankton under climate change will probably affect

Fig. 6.1 The projected distribution of two exemplary species with known predominance in the
Southern Ocean. (A) Phaeocystis antarctica. (B) Thalassiosira antarctica. Maps show the annual
mean of monthly P/A GAM ensemble projections using group-specific target groups (chapter 3).

marine food production relevant to humans (Cheung et al., 2013), including fish
productivity (Cheung et al., 2016).
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Based on the results of chapter 4, I expect two different types of impacts of climate
change: first, I expect spatial shifts of phytoplankton species distributions, and
second, I expect changes in species’ temporal presence-absence patterns. Leadingedge expansions of marine phytoplankton species towards higher latitudes have both
been observed and predicted (Barton et al., 2016; Poloczanska et al., 2013), and
poleward shifts of plankton have been associated with declines of cold water species
(Beaugrand, 2002). The emergence of sea surface temperature as the key predictor of
species’ individual distributions and species richness in chapter 4 suggests that
species of phytoplankton will shift with changing temperatures, as they probably track
their thermal niches. Second, the finding that environmental variability drives species
turnover and dynamics, especially at mid-to-high latitudes, suggests that different
climatic variability under climate change will reorganize plankton communities on
sub-annual timescales. Confirmatory evidence for the impact of within-year
environmental variability on plankton structure comes from satellite data, showing
that insolation and vertical mixing of the ocean play essential roles in determining
phytoplankton phenology (Boyce et al., 2017). Changing patterns in where and when
phytoplankton are present throughout the year are directly relevant to zooplankton,
that feed on phytoplankton (García-Comas et al., 2016).
To map the expected impacts of a climatic reorganization of phytoplankton on higher
trophic marine organisms I propose to analyze where the monthly assemblages of
phytoplankton species under different climate change scenarios are pushed outside the
range of assemblages found throughout the year at present, at any particular location
(Beaumont et al., 2011). Based on sediment trap data, it has been shown that marine
foraminifera assemblages have left their pre-industrial range (Jonkers et al., 2019).
Yet, an analysis of novel plankton assemblages over the annual cycle may allow for a
more precise assessment of the impact of plankton compositional shifts on marine
ecosystems.
To anticipate effects of climate change on marine ecosystems more broadly, I propose
to analyze in which regions non-analogue combinations of environmental factors
occur, relevant to phytoplankton niches (e.g. current wind stress, but higher
temperatures than previously). These regions may lose phytoplankton species and
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become less productive under climate change in the absence of evolutionary
adaptation of species (Thomas et al., 2012). Non-analogue conditions may arise in the
tropics (unseen temperatures) or regions where several stressors, such as warming,
lower pH, and strengthening of winds interact. The SDMs developed in chapter 3
provide a starting point for climate impact analyses, as they can reveal in which areas
species find no suitable conditions in the near future, based on their currently
observed niches.
New data types and species distribution modeling: Quo vaditis?
Progress in the field of marine SDMs can be achieved through careful methodological
adjustments, to extrapolate species’ geographic distribution patterns from relatively
sparse observations (chapter 3). On the other hand, a joint use of taxonomic field data
with newly available metagenomic field data has the potential to significantly
improve the accuracy of marine plankton SDMs as the integration of novel data
provides a refined observational basis (Chust et al., 2017). Metagenomic data are
increasingly available for marine plankton (Bork et al., 2015; de Vargas et al., 2015).
Using such data in SDMs, requires that genetic sequences can be assigned to species,
which may become possible as genetic reference databases are improving (Malviya et
al., 2016). A challenge to SDMs will be the integration of different sensitivities of
sampling methodologies with respect to the detection of species. To account for
methodological

differences

between

genetic

versus

traditional

microscopic

methodologies, I propose to test a cruise specific weighting of pseudoabsences during
the pseudo-absence selection procedure (using target-group techniques) in SDMs. A
higher weight would be given to cruises that detect model species with higher
probability. Through this approach, the biasing effect of strong differences in the
detail of sampling methods might be reduced substantially during SDM calibration.
Global diversity analysis of microbial biomes
The species distribution models developed (chapter 3) may serve as starting point to
generate insights into biodiversity patterns beyond the phytoplankton realm. The
modeling framework can be used to map the richness and distribution of other highly
diverse or seasonally transient species groups, such as insects (Summerville and Crist,
2005) or topsoil bacteria (Bahram et al., 2018; Delgado-Baquerizo et al., 2018). For
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these groups, global sampling data show similar spatial sampling biases as the data of
phytoplankton (Ballesteros-Mejia et al., 2017). However, in the case of bacteria or
microbes, a sampling hurdle needs to be overcome to successfully implement an SDM
analysis strategy. Microbes are typically sampled using metagenomics and
metabarcoding techniques, which cannot be used to directly identify species, and
higher taxonomic levels may not show any environmental dependencies. Therefore, a
first step will comprises a selection of phylotypes, rather than species, with
environmental dependencies that can serve as an “ecological unit” (DelgadoBaquerizo et al., 2018). I propose that the diversity of these units can then be analyzed
through SDMs that are capable of dealing with sparse data. Each unit can be
considered as a carrier of functional genes or traits, helping to unravel how structure
(taxonomic units) and function (e.g. nutrient cycling) of microbiomes are interrelated.

6.4 Research outlook
The database compiled and the models developed during my thesis offer a wealth of
research prospects, which include ecological and evolutionary aspects. A next step is
the inspection of the links between the structure of global planktonic species
composition and functions in the marine ecosystem. One way to tackle this avenue is
to use species distribution models as a means to characterize the potential species
composition at any location in the ocean and to link this community information to
information on species’ niches, traits, or other aspects (Stuart-Smith et al., 2015) that
are likely relevant to ecosystem functions.
Global patterns of cell-size in marine phytoplankton
Phytoplankton cells span a variety of sizes, ranging from ~0.4 µm to the millimeter
scale. It has long been acknowledged that cell sizes of phytoplankton mediate oceanic
CO2 uptake via size-dependent sinking rates of cells (Smayda, 1971). One hypothesis
has been that organism size increases towards cold environments, referred to as
Bergman’s rule (Blackburn et al., 1999). An alternative hypothesis has been that
patterns of size of phytoplankton are driven by turbulence and nutrient accessibility
(Margalef, 1978) rather than temperature. I examine the distribution of phytoplankton
cell size on the basis of species assemblage information at 1° latitude × 1° longitude
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monthly resolution, obtained from chapter 4 (GAM, target-group approach, 536
species). I link the species’ presence-absence information to independent data on cell
size (Buitenhuis et al., 2013; Harrison et al., 2015; Olenina et al., 2006; Sal et al.,
2013, N = 351 species). I calculate the number of size classes (using 50 equally
spaced size classes as a global reference) covered by the species assemblage projected
present in each monthly 1° latitude × 1° longitude cell, and the median cell-size of the
assemblage projected present within each cell.
Results reveal a broad tropical maximum of cell size diversity, and a declining cell
size spectral diversity towards the poles (Fig. 6.2A,B). The emerging global pattern
for community median cell size (Fig. 6.2C,D), is roughly inverse to the size diversity
pattern. Community-median cell size is generally low in the tropics (except for the
eastern tropical Pacific), and maximal at ~45° North and South. Further north, cell
size decreases in our models, yet data coverage is increasingly restricted to summer
months at these latitudes. Across groups (Fig. 6.2E-G), cell-size maxima occur at
higher latitudes for the “giant” diatoms (Fig. 6.2E; ~60°N or S), relative to the
dinoflagellates and haptophyes (Fig. 6.2F,G; ~45°N or S), pointing to group specific
peculiarities in size distributions. These results on global cell-size variation of marine
phytoplankton lend additional support to the hypothesis that specific environmental
conditions, including harsh winds, strong seasonal variability, and deep-mixing select
for distinct species assemblages at ~40° to 60° latitude North and South. We have
shown that species assemblages at these latitudes are both characterized by relatively
low monthly species richness (chapter 4), and relatively large cells (Fig. 6.2), leading
to a negative correlation between global monthly species richness and monthly
community median cell-size (Spearman’s ρ = - 0.609).
The results on cell-size (Fig. 6.2C) provide an opportunity to compare patterns
diagnosed by our niche modeling framework against independent observations. We
find that areas of elevated cell-size projected by our SDMs are highly congruent with
areas of elevated particular organic carbon flux (Henson et al., 2012), with the
exception of the North-Western Pacific. In addition, results are highly congruent with
satellite-derived estimates on phytoplankton community cell size (Fig. 6.3). The
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Fig. 6.2 Global patterns of phytoplankton cell-size diversity and size distribution projected by
SDMs. (A) For each spatial 1° cell the species predicted present (GAM ensemble mean approach) were
linked to information on cell biovolume. Shown is the number of biovolume size classes (minimum 0,
maximum 50) spanned by the logarithmic biovolume of species present per cell. Analyses were
performed at monthly resolution on the basis of 351 species (out 536) species for which biovolume
data were available. (B) Derived latitudinal gradient for the map shown in (A). (C) The median
biovolume across the species predicted present within each spatial 1°-cells. Analysis performed at
monthly resolution. Shown is the annual mean of the months. (E-G) Median cell biovolume shown for
individual key taxa. Associated boxplots show the first and third quartiles for biovolume distribution
around the mean for 10 degree latitudinal bands. Whiskers denote 1.5 times the inter-quartile range.
Maps (A, C) show the annual mean of the twelve months, analyzed separately. Note that uncertainty at
>45° N/S increases, given the lack of year-round data/results in these areas.
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correspondence between the results projected by our modeling approach and the
patterns derived from satellite-based observation, supports that the modeling approach
developed provides valuable insights into global phytoplankton biogeography.
Independent results on phytoplankton cell size come from in situ cell size
measurements along Atlantic transects (Fig. 6.4A; Acevedo-Trejos et al., 2018). To
compare SDM-based results on cell size with cell size observed for in situ
communities, I extract predictions from the SDMs (Fig. 6.2A) at those sites that were
sampled in the latter Atlantic transect study (Acevedo-Trejos et al., 2018). I find that
the general pattern of median cell-size projected across latitude by ensemble SDMs is
qualitatively similar to the latitudinal gradient of mean cell size observed in situ (Fig
6.4). However, results of the two analyses differ in absolute terms, with much smaller
observed tropical cell sizes than projected cell sizes.
A main reasons for this difference may be that the two methods analyze different
properties of community cell-size (i.e., cell-abundance weighted mean cell size of
communities, versus species’ median cell size of communities). Furthermore, the
SDM approach may overlook many of the smaller species, given limited detection of
these small species by traditional sampling methodologies. Future efforts based on
SDMs to quantify community cell size characteristics may thus seek to mobilize
additional data on tropical, lower size-class species, and may additionally include
species abundance information.

Fig. 6.3 Phytoplankton community cell-size pattern observed from satellites versus projected by
SDMs. (A) Satellite based index of cell size (per cent microplankton) (Mouw et al., 2019) (B)
Community median cell size (equivalent spherical diameter) projected by SDMs, using group-specific
target groups and GAM ensembles (chapter 3). The analysis includes 351 species, for which cell size
data were available from several sources. Panel (B) shows the annual mean of 12 monthly projections.
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Fig. 6.4 Cell size variation observed along a latitudinal transect versus projected by SDMs along
the same transect. (A) Spatial distribution of sampling locations along Atlantic transects used in
Acevedo-Trejos et al. (2018). (B) Observed in situ community-mean cell size (black dots) at sampling
locations, and predicted cell-sizes from a trait-based model (boxes) for areas shown as squares in (A).
Data from Acevedo-Trejos et al. (2018). The boxes show the annual variability predicted by the traitbased model (first and third quartile around median). (C) The diagnosed median cell-size of
phytoplankton communities at sampling locations shown in (A) (GAM ensemble, group-specific target
group approach). Results were binned by 10° latitude and span the variability throughout the year (i.e.,
12 months). Thick lines in red boxes show the median values. Boxes denote the first and third quartiles
for biovolume around the median. Whiskers denote 1.5 times the inter-quartile range. Biovolume is
expressed as ESD, equivalent spherical diameter. Note the logarithmic x-axis in (B).

Global diversity patterns
The results of chapter 4 imply that global phytoplankton species richness is both
spatially and temporally structured. This raises the question, to what extent transient
species contribute to overall diversity; how large is the “repertoire” of species
occurring at any location over the year? This species repertoire may increase
ecosystem productivity, stability and carbon fluxes (Guidi et al., 2016; Ptacnik et al.,
2008). While evidence has shown that high species diversity is needed to maintain
productivity in terrestrial systems (Isbell et al., 2011), the most pervasive mechanism
by which phytoplankton diversity increases ocean productivity may arise through
transient selection of species (Cermeño et al., 2016).
Using the niche models of chapter 4, I find that geographically projected
phytoplankton niches are highly dynamic through the year in temperate seas (~12°C),
contributing ~70% to overall species richness over the year, while such dynamics is
much weaker in tropical seas (> 20°C), contributing ~30% to total richness (Figs. 6.5,
6.6). The contribution of transient species to total diversity intensifies from warm to
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temperate seas (Fig. 6.6), with a consistent pattern found for different size classes of
phytoplankton and similar patterns found between three principal taxa, despite wellknown ecological differences between them (Brun et al., 2015; Litchman et al., 2007).
The projected acceleration of temporal species dynamics from warm to temperate seas
(Fig. 6.6) runs contrary to global gradients of phytoplankton species richness.
Aggregate richness (i.e. the sum of species appearing at any location over the full
year) peaks between the equator and ~35° latitude, and declines continuously with
increasing latitude. Within-months richness declines more steeply away from the

Fig. 6.5 Patterns of phytoplankton richness for total species and individual lineages. (a, b) Total
species richness. (c, d) Diatom richness. (e, f) Dinoflagellate richness. (g, h) Haptophyte richness.
Richness is projected by species distribution models (GAM ensemble mean approach) within each 1°cell and for two different temporal scales (first vs. second column). The left column shows the
aggregate annual richness; the right column shows the annual mean of monthly richness.
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Fig. 6.6 Fraction of annual-integral species diversity that is composed from month-to-month
species accumulation (across-months versus within-months diversity). (A-C) Results are shown as
a function of sea surface temperature, for individual taxa. (A) Bacillariophyceae, (B) Dinoflagellata,
(C) Haptophyta. Different colors show results for three cell-size classes of species within each taxon,
separately (N total species = 351). To classify species into three equal classes of size for each taxon,
data on species’ cell size were gathered from Buitenhuis et al. (2013) Harrison et al. (2015), Olenina et
al. (2006) and Sal et al. (2013).

equator, but levels off as a function of absolute latitude poleward of ~45° latitude.
The species complement each other through time in a way that the aggregate (annual
integral) latitudinal richness pattern (data not shown) is in close agreement with the
classical latitudinal richness pattern observed for macroscopic taxa (Tittensor et al.,
2010). Research into temporal patterns of phytoplankton species may elucidate their
importance for primary production, carbon cycling, and the efficiency of the
biological carbon pump.
Finally, prospective research may address the mechanisms leading to global
autotrophic biodiversity pattern generation across the terrestrial and marine realm.
Using time-calibrated phylogenies on phytoplankton (Nakov et al., 2018), together
with spatial distribution patterns of species from ecological niche models, it will
become possible to determine the age of tropical as opposed to higher latitude species
or clades. A foremost question arising is to what extent an out-of-the tropics
migration of species may shape global plankton biodiversity patterns. Whereas the
evolution of freezing tolerance allowed land plants to escape the tropics (Zanne et al.,
2014), it remains unclear what types of adaptation control an out-of-the tropic
migration of phytoplantkon species in the ice-free open ocean.
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Appendix A

Supplementary data items to chapter 4
This document includes:
Supplementary Materials and Methods
Fig. A.1 Distribution of phytoplankton presence observations in space and time.
Fig. A.2 Species distribution model performance for the three statistical algorithms
used.
Fig. A.3 Sensitivity of global species richness patterns to methodological choices.
Fig. A.4 Latitudinal species richness gradients derived from the observational raw
data.
Fig. A.5 Species richness–temperature relationships derived from the observational
raw data.
Fig. A.6 Species’ ranges for key environmental factors.
Table A.1 Fraction of equatorial species recorded at higher latitudes.
Table A.2 Single variable model skill for predicting species distributions and global
richness.
Table A.3 Contribution of sources to the phytoplankton dataset.
Table A.4 Statistics on data collected and species modeled within major taxon
groups.

Righetti, D., Vogt, M., Gruber, N., Achilleas, P. & Zimmermann, N. E. 2019, Science Advances,
Volume 5, Issue 6, doi: 10.1126/sciadv.aau6253
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Supplementary Materials and Methods
1.Taxonomic Reference Lists and Digital Data Access
Phytoplankton presence data from OBIS (https://www.obis.org) were accessed using
the package robis in the R statistical language (R Development Core Team, 2015).
Data were queried using the species names obtained from the taxonomic reference list
of OBIS, which was accessed on 4 December 2015, using the R packages
RPostgreSQL and devtools. This taxonomic reference list followed the World
Register of Marine Species (WoRMS; http://www.marinespecies.org). Data from
GBIF (https://www.gbif.org) were queried using the R package rgbif and the
taxonomic reference list of GBIF (GBIF Secretariat, 2015). Higher rank taxonomy in
this list followed the Catalogue of Life (http://www.catalogueoflife.org).
2. Taxonomic Harmonization
We validated a total of 2441 species names in the raw data against the taxonomic
reference list of Algaebase (Guiry and Guiry, 2017) (http://www.algaebase.org), an
extensive digital database with emphasis on algae taxonomy. The species names were
subsequently cleaned or corrected following taxonomic expert opinion (M. Guiry,
personal communication, August 2017). Expert validation led to the exclusion of 503
species names that could not be traced to any taxonomic entity on Algaebase, which
was either accepted or preliminarily accepted, leaving 1938 species names. Spelling
variants and synonymous names were merged, resulting in 1677 species names.
3. Selection of Extant Marine Taxa
We next excluded species that were classified as ‘fossil only’ or ‘fossil’ based on
either Algaebase or the World Register of Marine Species (WoRMS;
http://www.marinespecies.org, accessed August 2017). If the species belonged to
genera with fossil types, these species were excluded if they had no habitat entry on
both Algaebase and WoRMS. Species with a habitat entry and uniquely classified as
‘freshwater’ on both Algaebase and WoRMS were excluded from analyses. However,
the following species classified as ‘freshwater’ were retained, as they received at least
24 observations from the open ocean and were thus assumed to be marine:
Aulacoseira granulata, Chaetoceros wighamii, Diatoma rhombica, Dinobryon
balticum, Gymnodinium wulffii, Tripos candelabrum, Tripos euarcuatus. The
resulting list contained 1451 species. Subsequent exclusion of species without any
observations within the oceanic surface mixed-layer (40) resulted in 1300 remaining
species. Using a
minimum threshold of 24 gridded presences (at monthly 1°-resolution) per species, a
total of 567 species were considered for subsequent modeling, among which 553
species (listed below) could be modeled by any of the three statistical algorithms with
reasonable predictive skill (i.e., TSS ≥0.35).
4. List of Taxa Examined by Species Distribution Models
Bacillariophyceae: Achnanthes longipes, Actinocyclus curvatulus, Actinocyclus octonarius,
Actinoptychus octonarius, Actinoptychus senarius, Actinoptychus splendens, Amphiprora gigantean,
Asterionellopsis glacialis, Asterolampra marylandica, Asteromphalus brookei, Asteromphalus
cleveanus, Asteromphalus flabellatus, Asteromphalus heptactis, Asteromphalus hyalinus,
Asteromphalus parvulus, Asteromphalus robustus, Asteroplanus karianus, Attheya septentrionalis,
Aulacoseira granulate, Azpeitia nodulifera, Bacillaria paxilliferaGAMg,GLMg, Bacteriastrum comosum,
Bacteriastrum delicatulum, Bacteriastrum elegans, Bacteriastrum elongatum, Bacteriastrum furcatum,
Bacteriastrum hyalinum, Bacteriastrum mediterraneum, Bacterosira bathyomphala, Bellerochea
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horologicalisGAMg,GLMg,RFg,GAMt, Bellerochea malleus, Biddulphia alternans, Cerataulina pelagica,
Chaetoceros aequatorialis, Chaetoceros affinis, Chaetoceros anastomosans, Chaetoceros atlanticus,
Chaetoceros bacteriastroides, Chaetoceros borealis, Chaetoceros brevis, Chaetoceros bulbosus,
Chaetoceros castracanei, Chaetoceros cinctus, Chaetoceros coarctatus, Chaetoceros compressus,
Chaetoceros concavicornis, Chaetoceros constrictus, Chaetoceros convolutes, Chaetoceros costatus,
Chaetoceros criophilus, Chaetoceros curvisetus, Chaetoceros dadayi, Chaetoceros danicusGLMt,
Chaetoceros debilis, Chaetoceros decipiens, Chaetoceros densus, Chaetoceros diadema, Chaetoceros
dichaeta, Chaetoceros didymus, Chaetoceros diversus, Chaetoceros eibenii, Chaetoceros furcellatus,
Chaetoceros gracilis, Chaetoceros hyalochaetae, Chaetoceros indicus, Chaetoceros laciniosus,
Chaetoceros laevis, Chaetoceros lauderi, Chaetoceros lorenzianus, Chaetoceros messanensis,
Chaetoceros neglectus, Chaetoceros pacificus, Chaetoceros paradoxus, Chaetoceros pelagicus,
Chaetoceros pendulus, Chaetoceros peruvianus, Chaetoceros phaeoceros, Chaetoceros pseudocrinitus,
Chaetoceros pseudocurvisetus, Chaetoceros pseudodichaetus, Chaetoceros radicans, Chaetoceros
rostratus, Chaetoceros saltans, Chaetoceros seiracanthus, Chaetoceros seriacanthus, Chaetoceros
seychellarum, Chaetoceros similis, Chaetoceros simplex, Chaetoceros socialis, Chaetoceros
subsecundus, Chaetoceros teres, Chaetoceros tetrastichon, Chaetoceros tortissimus, Chaetoceros
vanheurckii, Chaetoceros wighamii, Chaetoceros willei, Climacodium biconcavum, Climacodium
frauenfeldianum, Climacosphenia moniligera, Corethron hystrix, Corethron pennatumGLMg,RFg,
Coscinodiscus antarcticus, Coscinodiscus asteromphalus, Coscinodiscus centralis, Coscinodiscus
concinnus, Coscinodiscus curvatulus, Coscinodiscus gigas, Coscinodiscus granii, Coscinodiscus
marginatus, Coscinodiscus oculus-iridis, Coscinodiscus radiates, Coscinodiscus subbulliens,
Coscinodiscus wailesii, Cylindrotheca fusiformis, Dactyliosolen antarcticus, Dactyliosolen
fragilissimus, Detonula confervacea, Detonula pumila, Diatoma rhombica, Ditylum brightwellii,
Ditylum sol, Entomoneis alata, Entomoneis paludosaGLMg,GLMt, Ephemera planamembranacea,
Ethmodiscus gazellae, Eucampia Antarctica, Eucampia cornuta, Eucampia zodiacus, Eucampia
zoodiacus, Eupyxidicula turris, Fragilaria striatula, Fragilariopsis curta, Fragilariopsis cylindrus,
Fragilariopsis doliolus, Fragilariopsis kerguelensis, Fragilariopsis obliquecostata, Fragilariopsis
oceanica, Gossleriella tropica, Grammatophora angulosa, Grammatophora marina, Grammatophora
oceanica, Guinardia cylindrus, Guinardia delicatula, Guinardia flaccida, Guinardia striataGLMg,GLMt,
Haslea wawrikae, Helicotheca tamesis, Hemiaulus chinensis, Hemiaulus hauckii, Hemiaulus
membranaceus, Hemidiscus cuneiformis, Lauderia annulata, Leptocylindrus danicus, Leptocylindrus
minimus, Licmophora abbreviate, Licmophora lyngbyei, Lioloma delicatulum, Lioloma pacificum,
Lithodesmium undulatum, Mastogloia rostrata, Melosira borreri, Melosira moniliformis, Membraneis
challenger, Meuniera membranacea, Navicula pelagica, Neocalyptrella robusta, Nitzschia
bicapitataGAMt,GLMt, Nitzschia bilobata, Nitzschia frigida, Nitzschia longissima, Nitzschia pacifica,
Nitzschia sicula, Nitzschia sigma, Nitzschia tenuirostris, Nitzschia vitrea, Odontella aurita, Odontella
longicruris, Plagiotropis lepidoptera, Planktoniella sol, Pleurosigma angulatum, Pleurosigma
directum, Pleurosigma diversestriatum, Pleurosigma elongatum, Pleurosigma nicobaricum,
Pleurosigma normanii, Pleurosigma simonsenii, Podosira stelligera, Porosira glacialis, Proboscia
indica, Proboscia inermis, Proboscia truncate, Pseudo-nitzschia lineola, Pseudo-nitzschia
pseudodelicatissima, Pseudo-nitzschia pungens, Pseudo-nitzschia subfraudulenta, Pseudosolenia
calcar-avis, Rhabdonema arcuatum, Rhaphoneis amphicerosGAMg,GLMg,GLMt, Rhizosolenia acuminate,
Rhizosolenia bergonii, Rhizosolenia castracanei, Rhizosolenia chunii, Rhizosolenia clevei,
Rhizosolenia formosa, Rhizosolenia hyaline, Rhizosolenia imbricataGAMg,GLMg,RFg,GAMt,GLMt,
Rhizosolenia setigera, Rhizosolenia temperei, Roperia tesselata, Shionodiscus gracilis, Shionodiscus
oestrupii, Skeletonema costatumGAMg,GLMg,RFg,GAMt,GLMt, Stellarima stellaris, Stephanopyxis nipponica,
Stephanopyxis palmeriana, Striatella unipunctata, Thalassionema bacillare, Thalassionema
frauenfeldii, Thalassiosira aestivalis, Thalassiosira angulate, Thalassiosira angustelineata,
Thalassiosira antarctica, Thalassiosira decipiens, Thalassiosira eccentric, Thalassiosira gracilis,
Thalassiosira gravida, Thalassiosira hyaline, Thalassiosira leptopus, Thalassiosira mendiolana,
Thalassiosira minima, Thalassiosira nordenskioeldii, Thalassiosira partheneia, Thalassiosira subtilis,
Thalassiothrix heteromorpha, Trieres chinensis, Trieres mobiliensis, Trieres regia

Chlorophyta: Halosphaera viridis, Pterosperma moebii, Pterosperma vanhoeffenii, Ulva fasciata
Chrysophyceae: Dictyocha fibula, Dinobryon balticum, Octactis speculum
Cryptophyta: Hillea fusiformis, Leucocryptos marina
Cyanobacteria: Prochlorococcus, Synechococcus, Trichodesmium erythraeum, Trichodesmium
thiebautii
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Dinoflagellata: Akashiwo sanguinea, Alexandrium monilatum, Amphidinium acutissimum,
Amphidinium carterae, Amphidinium sphenoides, Amphisolenia bidentata, Amphisolenia bispinosa,
Archaeperidinium minutum, Azadinium caudatum, Bitectatodinium spongium, Blepharocysta splendormaris, Ceratium arcticum, Ceratium breve, Ceratium contrarium, Ceratium falcatiforme, Ceratium
falcatum, Ceratium gibberum, Ceratium gravidum, Ceratium horridumGAMg,GLMg,RFg, Ceratium
longirostrum, Ceratium massiliense, Ceratium pavillardii, Ceratium setaceum, Ceratium symmetricum,
Ceratium trichoceros, Ceratocorys armata, Ceratocorys bipes, Ceratocorys horrida, Ceratocorys
reticulate, Ceratoperidinium falcatum, Cladopyxis brachiolata, Cochlodinium pupa, Cochlodinium
vinctum, Corythodinium tesselatum, Dinophysis acuminate, Dinophysis acuta, Dinophysis apicata,
Dinophysis argus, Dinophysis caudate, Dinophysis fortii, Dinophysis hastate, Dinophysis norvegica,
Dinophysis ovum, Dinophysis parvula, Dinophysis porodictyum, Dinophysis sacculus, Dinophysis
schroederi, Dinophysis schuettii, Dinophysis tripos, Diplopelta asymmetrica, Diplopelta steinii,
Diplopsalis lenticular, Diplopsalopsis bomba, Echinidinium delicatum, Goniodoma sphaericum,
Gonyaulax birostris, Gonyaulax diegensis, Gonyaulax digitalis, Gonyaulax elongate, Gonyaulax
membranacea, Gonyaulax monacantha, Gonyaulax pacifica, Gonyaulax polygramma, Gonyaulax
scrippsae, Gonyaulax spinifera, Gymnodinium agiliforme, Gymnodinium arcticum, Gymnodinium
aureolum, Gymnodinium catenatum, Gymnodinium gracile, Gymnodinium marinum, Gymnodinium
simplex, Gymnodinium uberrimum, Gymnodinium wulffii, Gyrodinium flagellare, Gyrodinium
fusiforme, Gyrodinium pingue, Gyrodinium prunus, Gyrodinium spirale, Gyrodinium wulffii,
Heterocapsa niei, Heterocapsa rotundata, Heterocapsa triquetra, Heterodinium blackmanii.
Impagidinium aculeatum, Impagidinium patulum, Impagidinium sphaericum, Kapelodinium vestifici,
Karenia brevis, Karenia mikimotoi, Karlodinium veneficum, Kofoidinium velleloides, Lebessphaera
urania, Lebouridinium glaucum. Leonella granifera, Lingulodinium polyedra, Mesoporos perforatus,
Neoceratium breve, Neoceratium hexacanthum, Ornithocercus heteroporus, Ornithocercus magnificus,
Ornithocercus quadratus, Ornithocercus splendidus, Ornithocercus steinii, Ornithocercus thumii,
Ornithocercus thurnii, Oxytoxum caudatum, Oxytoxum constrictum, Oxytoxum curvatum, Oxytoxum
elegans, Oxytoxum gracile, Oxytoxum laticeps, Oxytoxum longiceps, Oxytoxum milneri, Oxytoxum
parvum, Oxytoxum reticulatum, Oxytoxum sceptrum, Oxytoxum scolopax, Oxytoxum sphaeroideum,
Oxytoxum tesselatum, Oxytoxum turbo, Oxytoxum variabile, Pentapharsodinium dalei, Peridinium
breve, Phalacroma doryphorum, Phalacroma favus, Phalacroma lens, Phalacroma mitra, Phalacroma
oxytoxoides, Phalacroma rapa, Phalacroma rotundatum, Podolampas bipes, Podolampas elegans,
Podolampas palmipes, Podolampas spinifera, Polykrikos schwartzii, Preperidinium meunieri,
Pronoctiluca pelagica, Pronoctiluca spinifera, Prorocentrum arcuatum, Prorocentrum balticum,
Prorocentrum cordatum, Prorocentrum dentatum, Prorocentrum gracile, Prorocentrum lima,
Prorocentrum mexicanum, Prorocentrum micans, Prorocentrum rostratum, Prorocentrum scutellum,
Prorocentrum triestinum, Protoceratium reticulatumGLMt, Protoperidinium abei, Protoperidinium
americanum, Protoperidinium bipes, Protoperidinium brevipes, Protoperidinium brochii,
Protoperidinium cerasus, Protoperidinium claudicans, Protoperidinium conicoides, Protoperidinium
crassipes, Protoperidinium curtipes, Protoperidinium defectum, Protoperidinium depressum,
Protoperidinium diabolus, Protoperidinium divergens, Protoperidinium elegans, Protoperidinium
excentricum, Protoperidinium fatulipes, Protoperidinium grahamii, Protoperidinium grande,
Protoperidinium granii, Protoperidinium latidorsale, Protoperidinium latispinum, Protoperidinium
leonis, Protoperidinium longipes, Protoperidinium longispinum, Protoperidinium mediterraneum,
Protoperidinium mendiolae, Protoperidinium mite, Protoperidinium oblongum, Protoperidinium
obtusum, Protoperidinium oceanicum, Protoperidinium ovatum, Protoperidinium ovum,
Protoperidinium pallidum, Protoperidinium pedunculatum, Protoperidinium pellucidum,
Protoperidinium pentagonum, Protoperidinium peruvianum, Protoperidinium punctulatum,
Protoperidinium pyriforme, Protoperidinium pyrum, Protoperidinium quarnerense, Protoperidinium
steinii, Protoperidinium stellatum, Protoperidinium subinerme, Protoperidinium tenuissimum,
Protoperidinium tristylum, Protoperidinium tuba, Protoperidinium venustum, Ptychodiscus noctiluca,
Pyrocystis elegans, Pyrocystis fusiformis, Pyrocystis hamulus, Pyrocystis lunula, Pyrocystis robusta,
Pyrophacus horologium, Pyrophacus steinii, Pyrophacus vancampoae, Schuettiella mitra, Scrippsiella
acuminate, Scrippsiella regalis, Spiniferites pachydermus, Spiraulax kofoidii, Thoracosphaera heimii,
Torodinium robustum, Triadinium polyedricum, Trinovantidinium applanatum, Tripos
arietinusGAMg,GLMg, Tripos azoricus, Tripos balechii, Tripos belone, Tripos bigelowii, Tripos
bucephalus, Tripos buceros, Tripos candelabrum, Tripos carnegiei, Tripos carriensis, Tripos
compressus, Tripos concilians, Tripos contortus, Tripos declinatus, Tripos deflexus, Tripos dens,
Tripos digitatus, Tripos euarcuatus, Tripos eugrammus, Tripos extensus, Tripos furcaGAMg,GLMg,RFg,RFt,
Tripos geniculatus, Tripos gravidus, Tripos hexacanthus, Tripos incises, Tripos inflatus, Tripos
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karstenii, Tripos kofoidii, Tripos lamellicornis, Tripos limulus, Tripos lineatusGAMg,GLMg,RFg, Tripos
longipesGAMg,GLMg,RFg, Tripos lunula, Tripos macrocerosGAMg,GLMg,RFg,RFt, Tripos massiliensis, Tripos
minutusGLMg,RFg, Tripos paradoxides, Tripos pentagonus, Tripos platycornis, Tripos pulchellus, Tripos
ranipes, Tripos strictus, Tripos teres, Tripos trichoceros, Tripos vulture, Tryblionella
compressaGAMt,GLMt

Euglenoidea: Eutreptiella gymnastica
Haptophyta: Acanthoica acanthifera, Acanthoica quattrospinaGAMg,GLMg, Algirosphaera robusta,

Calcidiscus leptoporusGAMg,GLMg,RFg, Calciopappus rigidus, Calciosolenia brasiliensis, Calciosolenia
granii, Calciosolenia murrayi, Coccolithus pelagicusGAMg,GLMg,RFg,GLMt, Coronosphaera mediterranea,
Discosphaera tubifera, Emiliania huxleyiGAMg,GLMg,RFg, Florisphaera profunda, Gephyrocapsa
caribbeanica, Gephyrocapsa ericsonii, Gephyrocapsa muellerae, Gladiolithus flabellatus, Hayaster
perplexus, Helicosphaera carteriGAMg,GLMg,RFg, Helladosphaera cornifera, Michaelsarsia adriatica,
Michaelsarsia elegans, Oolithotus fragilisGLMg, Ophiaster hydroideus, Phaeocystis antarctica,
Phaeocystis pouchetii, Reticulofenestra sessilis, Rhabdolithes clavigerGLMg, Rhabdosphaera hispida,
Rhabdosphaera xiphos, Syracosphaera molischii, Syracosphaera nodosa, Syracosphaera prolongata,
Syracosphaera pulchraGAMg,GLMg,RFg, Umbellosphaera irregularis, Umbellosphaera tenuis,
Umbilicosphaera hulburtiana, Umbilicosphaera sibogaeGLMg

The geographic distribution of 553 species (listed above) was successfully modeled
by any of the three statistical algorithms used times any of the two background
selection techniques used (Materials and Methods). Superscripts indicate particular
combinations of algorithm and background choice in which individual species were
not successfully modeled: GAM, generalized additive models; GLM, generalized
linear models; RF, random forest; g, group specific target-group background; t, total
target-group background. 536 species were successfully modeled (i.e., TSS ≥0.35) by
GAM with group specific target-grou
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Fig. A.1 Distribution of phytoplankton presence observations in space and time. (A) Black circles
denote the positions of in situ observations (n = 1,056,363) used in this study. The observations are also
plotted as a function of climatological month and (B) latitude or (C) longitude. Associated histograms
indicate the relative frequency of presence observations along latitude (B) and longitude (C). Colors
illustrate the number of species detected within individual samples (Materials and Methods).
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Fig. A.2 Species distribution model performance for the three statistical algorithms used. Boxwhisker plots display the average (thick horizontal lines) true skill statistic (TSS) of all models fitted to
species observations, which were either calibrated using generalized additive models (GAM),
generalized linear models (GLM) or random forest models (RF). The models shown had a minimum
TSS score of 0.35, and were included in analyses of species richness. The number of species obtaining
a TSS equal or larger than 0.35 was 536 for GAM, 529 for GLM, and 538 for RF. Boxes indicate the
first and third quartiles for TSS distribution around the mean and whiskers denote 1.5 times the interquartile rang
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Fig. A.3 Sensitivity of global species richness patterns to methodological choices. (A) Global map
of phytoplankton species richness as shown in figure 1A (n = 536 species), but applying a weighting
factor to individual species. The weighting factor corrected for the relative representation of major
phytoplankton taxa in our analysis, using the proportion of species of a specific taxon captured in our
SDMs (table A.4; Materials and Methods). (B) Global map as shown in figure 1A, but modeling
individual species based on background data from the total target-group, rather than group specific
target-groups (Materials and Methods). Latitudinal richness gradients are shown for each map, fitting
the means per degree latitude (dark blue lines). Grey lines indicate the GAM-based result from figure
1C. (C) Relationships between the annual mean of monthly phytoplankton species richness and
temperature based on the three different algorithms used. Colored lines indicate the mean trend for
each algorithm (regressions with local polynomial fitting).
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Fig. A.4 Latitudinal species richness gradients derived from the observational raw data. (A)
Colored lines show the species richness gradients for individual months, using a resampling procedure
with equally spaced latitudinal intervals (size of ~14° latitude; n = 12 intervals). Phytoplankton species
richness was obtained by summing up species from ten samples selected at random per interval and
month (n = 12 months). Dots show the mean richness, and error bars indicate the standard deviations
from the means across 1000 resampling runs. The mean trends for four individual months are
highlighted in color. The solid black line shows the annual mean trend across all months (regression
with local polynomial fitting) using total species (n = 1300) and the dotted black line shows the mean
trend for the subset of the relatively more abundant species also included in SDM analyses (n = 536;
GAM). (B) The red line indicates the mean trend as for (A). Blue lines show how this trend changes
depending on the minimum quality criterion used for samples to be retained in the analysis (i.e.
different thresholds with respect to the minimum species number detected per sample).
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Fig. A.5 Species richness–temperature relationships derived from the observational raw data. (A
to C) Colored lines show the logarithmic species richness trends for individual months, using a
resampling procedure with thermal bins chosen to be of equal size (~3.5° C; n = 10 bins).
Phytoplankton species richness was obtained by summing up species from ten samples selected at
random per thermal bin and month (n = 12 months). Dots, error bars, and lines are defined as for figure
S4. (A) Global results. (B) Northern hemisphere. (C) Southern hemisphere. The slopes estimated by
linear regressions to the monthly richness data are –0.35, –0.36, and –0.29 in (A-C). Grey lines denote
the slope predicted by metabolic theory (–0.32). (D to E) Colored lines highlight the richness emerging
from annually pooled observational data, drawing different number of samples at random from within
the thermal bins. (D) Global results. (E) Results for the Atlantic. (F) Results obtained from annually
pooled, independent in situ data (Materials and Methods). Lines in (D to E) are not shown if the
maximum sample numbers available per bin were insufficient.
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Fig. A.6 Species’ ranges for key environmental factors. (A to I) Species’ observed ranges are
displayed by horizontal grey bars (minimum to maximum, dots for median). Vertical sorting is by
descending range-size from bottom to top. Red lines indicate the expected richness defined as the
number of species overlapping for each environmental condition. Blue lines indicate the average range
width of the overlapping species (± 1 s.d., blue shading). Lines are shown for the parts of the gradients
with higher confidence (Materials and Methods). Variables in A to I are the most powerful correlates
of global SDM-based species richness besides temperature and latitude: MLPAR, mixed-layer
photosynthetically available radiation; PAR, photosynthetically available radiation; Chl, chlorophyll a
concentration; pCO2, sea surface partial pressure of CO2. Each panel displays the ranges for the 536
species that were also included in SDM analyses (GAM).
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Table A.1 Fraction of equatorial species recorded at higher latitudes
Interval
80°N - 90°N
70°N - 80°N
60°N - 70°N
50°N - 60°N
40°N - 50°N
30°N - 40°N
20°N - 30°N

Number of species
recorded
155
241
303
383
545
754
578

%recorded at low
latitudes (20°S - 20°N)
56.1
63.5
79.5
80.4
77.4
69.4
89.1

20°S - 20°N
20°S - 30°S
30°S - 40°S
40°S - 50°S
50°S - 60°S
60°S - 70°S
70°S - 80°S
80°S - 90°S

807
542
481
260
244
174
31
–

100.0
86.3
82.1
80.4
63.5
60.9
67.7
–

Absolute numbers and proportions of equatorial (low latitude) species (occurring between 20°S to 20°N) recorded
within more poleward latitude bands (width of 10° latitude) in the observational data. The tropical reference band is
highlighted in grey shade.

Table A.2 Single variable model skill for predicting species distributions and global
richness
Explanatory skill of the single variable in
†
species models (mean ± s.d. across species)

Explanatory skill of the single
variable in global richness models
2

2

Variable

GLM, adj.D

T
Wind
pCO2
3PO4
N-star
PAR
S
3Log PO4
ΔMLD/Δt
Si-star
NO3
Log Chl
Si(OH)4
MLPAR
Log NO3
Log Si
Chl
Log MLD
MLD
ΔNO3 /Δt
ΔT/Δt
3ΔPO4 /Δt

0.30 ± 0.19
0.20 ± 0.16
0.19 ± 0.22
0.15 ± 0.16
0.15 ± 0.17
0.15 ± 0.10
0.14 ± 0.15
0.14 ± 0.15
0.13 ± 0.10
0.12 ± 0.11
0.12 ± 0.15
0.11 ± 0.10
0.11 ± 0.12
0.10 ± 0.08
0.10 ± 0.14
0.09 ± 0.12
0.09 ± 0.09
0.09 ± 0.08
0.09 ± 0.07
0.07 ± 0.10
0.05 ± 0.07
0.03 ± 0.06

GAM, adj.D

2

0.32 ± 0.18
0.21 ± 0.15
0.21 ± 0.21
0.19 ± 0.15
0.17 ± 0.17
0.15 ± 0.10
0.20 ± 0.17
0.18 ± 0.16
0.14 ± 0.10
0.14 ± 0.11
0.13 ± 0.15
0.12 ± 0.10
0.12 ± 0.13
0.11 ± 0.09
0.13 ± 0.16
0.12 ± 0.13
0.11 ± 0.10
0.10 ± 0.08
0.09 ± 0.07
0.09 ± 0.10
0.06 ± 0.08
0.05 ± 0.07

RF, 1–OOB

GLM, adj.D
††
sample based
(subset of species)

0.72 ± 0.12
0.67 ± 0.10
0.70 ± 0.13
0.67 ± 0.10
0.70 ± 0.11
0.65 ± 0.09
0.69 ± 0.10
0.67 ± 0.10
0.70 ± 0.06
0.65 ± 0.09
0.64 ± 0.10
0.65 ± 0.09
0.65 ± 0.09
0.63 ± 0.08
0.65 ± 0.10
0.65 ± 0.09
0.65 ± 0.09
0.68 ± 0.06
0.68 ± 0.06
0.63 ± 0.09
0.63 ± 0.09
0.61 ± 0.07

0.047 (0.108)
0.042 (0.073)
0.007 (0.004)
0.015 (0.024)
0.009 (0.019)
0.011 (0.019)
0.001 (0.002)
0.014 (0.016)
0.005 (0.008)
0.027 (0.050)
0.016 (0.028)
0.020 (0.053)
0.002 (0.011)
0.015 (0.028)
0.009 (0.020)
0.001 (0.009)
<0.001 (0.010)
0.011 (0.006)
0.011 (0.005)
0.002 (0.006)
0.001 (0.002)
<0.001 (<0.001)

2

GLM, adj.D
SDM based
0.813
0.621
0.192
0.427
0.037
0.591
0.086
0.366
0.075
0.201
0.473
0.254
0.120
0.699
0.407
0.086
0.122
0.359
0.369
0.045
0.040
0.054

Summary of the explanatory skill of single variables for the distribution of individual species in the observational data
(performed independently of SDMs) and for the distribution of species richness. Species richness is both explained at
the level of samples in the observational raw data (‘sample based’; n = 1300 species) and at the level of SDM results
(‘SDM based’; n = 567 species). The five highest values (top five performing variables) per column are highlighted in
bold font. For sample based richness, parentheses additionally show the results of individual variables for explaining
the richness of the subset of species that were finally included in SDM richness analyses (n = 536 species; GAM).
GLM, generalized linear models. GAM, generalized additive models. RF, random forest models. Adj, adjusted. GLMs
2
were built using linear and quadratic terms, unlike GAM and RF. Predictive skill was measured by the adjusted D for
GLM and GAM, and by the out-of-bag (OOB) error rate for RF. For units and full names of predictors, see Materials
and Methods.
†

Phytoplankton species (n = 567) with at least 24 presences were considered for single variable species models.
Background data for these models were sampled using group specific target-groups (Materials and Methods).
††

Species richness of individual samples was defined by species co-detected in space and time.
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Table A.3 Contribution of sources to the phytoplankton dataset
Source

Number of observations
(%unique to source)
633,759
(60.8)
640,271
(60.7)
34,413
(88.2)
187 (100.0)

GBIF*
OBIS**
#
MAREDAT
✩
Villar et al.
Total

1,056,363

Number of species
(%unique to source)
1048 (28.1)
1140 (35.0)
115
(3.5)
82
(0.0)
1300

Number of observations (with % of observations unique to the source in parentheses) and the number of species
(with % of species unique to the source in parentheses) retrieved from the four data sources used in this study.
* Global Biodiversity Information Facility (https://www.gbif.org, retrieved on 7 December 2015)
** Ocean Biogeographic Information System (https://www.obis.org, retrieved on 5 December 2015)
#

MAREDAT (Buitenhuis et al., 2013)

✩

Villar et al. (2015) using the records on Bacillariophyceae (Table W8 of ref. 36) and Dinoflagellata (Table W9 of r

Table A.4 Statistics on data collected and species modeled within major taxon group
Taxon

Source

Bacillariophyceae

GBIF*, OBIS**,
#
MAREDAT ,
✩
Villar et al.
GBIF*, OBIS**,
✩
Villar et al.

Dinoflagellata

Number of
presence
observations
546,058

482 (232)

% total known
‡
(modeled )
species number
10 - 27 (6.8)

Range (mean) of
known marine
species number
†
§
1800 - 5000
(3400)

459,489

643 (258)

36 (14.4)

1780 - 1800
(1790)
†,||
§
300 - 480
(360)
§
†
100 - 128
(114)
†
§
130 - 800
(465)
†
§
78 - 100
(89)
§
150

Number of species in
the data (modeled)

Haptophyta

GBIF*, OBIS**,
#
MAREDAT

27,342

127 (32)

26 - 42 (8.9)

Chlorophyta

GBIF*, OBIS**

501

25 (4)

20 - 25 (3.5)

Chrysophyceae

GBIF*, OBIS**

1500

11(3)

1 - 8 (0.6)

Cryptophyta

GBIF*, OBIS**

1311

4 (2)

4 - 5 (2.2)

Cyanobacteria

GBIF*, OBIS**,
#
MAREDAT

19,574

4 (4)

3 (2.7)

Euglenoidea

GBIF*, OBIS**

583

2 (1)

6 (3)

Raphidophyceae

GBIF*, OBIS**

5

2 (0)

20 - 50 (0)

1,056,363

1300 (536)

8 - 12 (3.8)

Total

†

§

Share among
modeled
species
43.28 %

§

48.13 %
5.97 %
0.75 %
0.56 %
0.37 %
0.75 %

†

30 - 36
(33)
†
§
4 - 10
(7)
†,¶

11,200 - 16,940
(14,145)

0.19 %
0.00 %
§

100.0 %

The table summarizes the observation numbers derived from the data sources with regard to nine major taxon
groups and describes to what degree the observed and the modeled species in this study represent the total number
of known species within the groups (for which exact species numbers are still debated; we therefore provide upper
and lower bounds, and the mean value in parentheses). Further, the relative contribution of species modeled within
each taxon group to the total number of species modeled is indicated. The estimates on the total known
phytoplankton species include both coastal and open ocean taxa, whereas this study focuses on the open ocean
only.
* Global Biodiversity Information Facility (https://www.gbif.org, retrieved on 7 December 2015)
** Ocean Biogeographic Information System (https://www.obis.org, retrieved on 5 December 2015)
#

MAREDAT (Buitenhuis et al., 2013)

✩

Villar et al. (2015)

†

de Vargas et al. (2015)

§

Falkowski et al. (2004)

||

Jordan et al. (2004)

‡

Parentheses indicate the number of species modeled (GAM) divided by the number of species known (mean) per
taxon.
¶

This estimate excluded prokaryotes (de Vargas et al., 2015). A number of 150 prokaryotes (Falkowski et al., 2004)
was added to this estimate to obtain the mean.
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Appendix B

Edge– and mid domain effects in species’
thermal niche estimates
This document presents supplementary data items to chapter 5:
Fig. B.1 Comparison of thermal bias across different ocean basins whilst controlling for
species identity (selecting shared species).
Fig. B.2 Upper thermal thresholds of species communities (CTI max) defined by the mean
of the 95th percentiles of species’ thermal niches (left panel), and the thermal bias pattern
(right panel), using samples with ≥ 3 species (rather than ≥ 5 species, as used in the main
analysis).
Fig. B.3 Distribution of sampling sites (black dots) used by Stuart-Smith et al. (2015) with
background colors indicating the annual mean sea surface temperatures (left panel), and the
distribution of sampling sites (black dots) underlying the phytoplankton analysis (Fig. B.1).
Fig. B.4 Geometric constraints imposed on thermal midpoints of communities (mean of
species) by the edges of the sampling domain.
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To test whether patterns of community thermal bias are sensitive to geographic biases in
species observation density, I split the phytoplankton observations into two halves along the
prime meridian, and calculated thermal bias patterns for each half. I find that thermal bias
results for the western one half reveal a mid-range step feature (Fig. B.1 a) associated with a
strongly clustered distribution of underlying observations (Fig. B.3), unlike results for the
eastern oceans (Fig. B.1 b), for which data were more evenly distributed (Fig. B.3).

Fig. B.1 Comparison of thermal bias across different ocean basins whilst controlling for species identity (selecting
shared species). Data were split by the prime meridian (lon = 0°) and niches and thermal biases calculated for each data
subset, separately. a. Thermal bias pattern shown for the Atlantic and Eastern Pacific (i.e., lon ≤ 0°) from -2°C to 32°C.
This area is characterized by two strong clusters in the raw data (North Atlantic and Humboldt current). b. Thermal bias
pattern shown for the Indian Ocean and West Pacific (i.e., lon > 0°). This area was sampled in a relatively balanced manner
along temperature. Histogram insets show the midpoint distributions of thermal niches for a set of species analyzed (n =
1207) found in both areas (a, b). a. Shows a stepped pattern in community thermal index (CTI) along temperature due to
uneven distribution of communities with narrow species’ niches (yellow-red dots). By contrast, b. is largely in line with the
dashed lines that denote the upper and lower 95% percentiles of CTI for a null-model (using random placement of species’
niches within a fixed study domain). Communities with < 10 species are excluded from analysis.
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Fig. B.2 Upper thermal thresholds of species communities (CTI max) defined by the average of the 95th percentiles
of species’ thermal niches (left panel) and the thermal bias pattern (right panel), using samples with ≥ 3 species
(rather than ≥ 5 species, as used in the main analysis). While more community are available using the threshold of ≥ 3
species for analysis (compared to ≥5 species) the pattern of thermal bias and community upper thermal thresholds remain
robust. Sampled communities shown (n = 103,724) are defined as unique combinations of latitude, longitude, depth and
time of sampling in the raw data.

Fig. B.3 Distribution of sampling sites (black dots) used by Stuart-Smith et al. (2015) with background colors
indicating the annual mean sea surface temperatures (left panel), and the distribution of sampling sites (black dots)
underlying the phytoplankton analysis (Fig. B.1).
Left panel: Color legend (adopting the coloring of figure 1 in Stuart-Smith et al., 2015)
White: -2 °C – 13 °C
Blue: 13 °C – 22 °C
Light Grey: 22 °C – 24 °C
Red: 24 °C – 32 °C
The right hand panel illustrates the distribution of samples used in the phytoplankton analysis of chapter 5 and figure B.1.
In addition the blue line shows how the data were split into two halves for the analysis shown in figure B.1.
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Fig. B.4 Geometric constraints imposed on thermal midpoints of communities (mean of species) by the edges of the
sampling domain. Dots show the average thermal midpoints of species, and lines show the average thermal niche-width of
species, of the marine phytoplankton communities shown in figure 5.2. The thermal preference (approximated by the
thermal midpoints in Stuart-Smith et al.’s (2015) analysis) is increasingly geometrically constrained towards the center of
the survey for widening niches (upper end of panel). Average thermal niche-widths associated with average thermal
midpoints are only shown for a subsample of points, selected at random, and ordered by average niche-width.
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Mare Incognitum: A glimpse into future
plankton diversity and ecology research
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Abstract
With global climate change altering marine ecosystems, research on plankton ecology is
likely to navigate uncharted seas. Yet, a staggering wealth of new plankton
observations, integrated with recent advances in marine ecosystem modelling, may shed
light on marine ecosystem structure and functioning. A EuroMarine foresight workshop
on the “Impact of climate change on the distribution of plankton functional and
phylogenetic diversity” (PlankDiv) identified five grand challenges for future plankton
diversity and macroecology research: 1) What can we learn about plankton communities
from the new wealth of high-throughput ‘omics’ data? 2) What is the link between
plankton diversity and ecosystem function? 3) How can species distribution models be
adapted to represent plankton biogeography? 4) How will plankton biogeography be
altered due to anthropogenic climate change? and 5) Can a new unifying theory of
macroecology be developed based on plankton ecology studies? In this review, we
discuss potential future avenues to address these questions, and challenges that need to
be tackled along the way.
Keywords: plankton, macroecology, species distribution, functional diversity, climate
change, habitat modelling

C.1 Introduction
Marine ecosystems are altered by anthropogenic climate change and ocean acidification
at an unprecedented rate (Waters et al., 2016). In recent years, observational studies
have documented shifts in plankton biogeography and community structure in several
ocean basins associated to sea warming, with changes that rank among the fastest and
largest documented (Beaugrand et al., 2002; Poloczanska et al., 2013; Rivero-Calle et
al., 2015). How changes in plankton distribution, phenology, and biomass may impact
fisheries and other ecosystem services is poorly quantified (Cheung et al., 2013), with
large uncertainties in the magnitude of potential cascading effects caused by trophic
mismatch (Edwards and Richardson, 2004), trophic amplification (Chust et al., 2014a),
and on global biogeochemical cycles (Doney et al., 2012). In consequence, current
management policies suffer from a lack of understanding of marine systems (Borja et
al., 2010), and biases arise in the perception of potential ocean calamities in the absence
of robust evidence (Duarte et al., 2015).
While recent oceanographic efforts such as Tara Oceans (Pesant et al., 2015) and
Malaspina (Duarte, 2015) expeditions have generated a staggering wealth of novel
observational data on plankton distribution and diversity (Fig. C.1), these same data
have revealed the extent of our ignorance of marine ecosystem structure and function. A
large fraction of plankton diversity recorded in recent surveys cannot be assigned to
known taxonomic groups (de Vargas et al., 2015), highlighting how profoundly our
knowledge of the planktonic world is biased towards the taxa sampled or cultured. Not
only the identity of major players, but also the drivers of community structure and
interactions between organisms remain a ‘mare incognitum’. In the surface ocean,
plankton composed of prokaryotes (viruses, bacteria and archaea) and eukaryotes
(protists and metazoans; Fig. C.1) have been shown to form complex interaction
networks driven by multiple biotic and abiotic factors (Lima-Mendez et al., 2015), and
despite their key role as resource for higher trophic levels, mesopelagic plankton
communities are some of the least studied on Earth (St. John et al., 2016).
176

Fig. C.1 The staggering wealth of plankton species. Diverse assemblages consist of uni- and
multicellular organisms with different sizes, morphologies, feeding strategies, ecological functions, life
cycle characteristics and environmental sensitivities. Courtesy of Christian Sardet, from "Plankton Wonders of the Drifting World" Univ Chicago Press 2015.

Despite these gaps in our understanding, the existing data reveal the importance of
community composition for marine ecosystem function. For instance, an investigation
of planktonic communities at the global scale using high-throughput metagenomic
sampling techniques has recently linked carbon export patterns to specific plankton
interaction networks (Guidi et al., 2016), suggesting that the who’s who in the plankton
world is of paramount importance for the carbon cycle. Integrated with revised
estimates in species abundance and biomass (Buitenhuis et al., 2013), and combined
with advances in statistical (Robinson et al., 2011) and mechanistic modelling
techniques (Follows et al., 2007), novel high-throughput metagenomic data may allow
us to relate biogeographic patterns of plankton distribution and diversity to further
ecosystem processes.
Marine plankton ecology research is thus at a crossroads: At a time where marine
ecosystems reveal their nature for the first time, these transient ecosystems have already
adapted to environmental changes and are continuing to do so (Waters et al., 2016),
with unknown consequences for ecosystem function, and ecosystem service provision.
In this context, a close collaboration between researchers belonging to various fields of
plankton ecology appears timely to identify the most pressing questions, and to
accelerate progress in our understanding of marine ecosystem structure and function.
Recently, a EuroMarine foresight workshop on the “Impact of climate change on the
distribution of plankton functional and phylogenetic diversity” (PlankDiv), held in
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March 2016 in Villefranche-sur-Mer, France, gathered experts in climate change
ecology, species distribution modelling, plankton biology, as well as genomics and
evolution. They identified five fundamental questions in future plankton diversity and
macroecology research: 1) What can we learn about plankton communities from the
new wealth of high-throughput `omics´ data? 2) What is the link between plankton
diversity and ecosystem function? 3) How can species distribution models be adapted to
represent plankton biogeography? 4) How will plankton biogeography be altered due to
anthropogenic climate change? and 5) Can a new unifying theory of macroecology be
developed based on plankton ecology studies? These questions, along with their
associated challenges, are the subject of this review.

C.2 The new wealth of plankton data
Several recent circumpolar missions have ushered in a new era of plankton
biogeography research at the planetary scale. This recent explosion of biological data is
perhaps best exemplified by the output of the Tara Oceans expedition (Karsenti et al.,
2011). While still only offering a temporal snapshot of marine communities, the 7.2
Terabites of metagenomic data gathered are a thousand times that generated by the
previous largest marine data project, the Sorcerer II Global Ocean Sampling (Rusch et
al., 2007). High-throughput omics data offer great potential to reveal the global
structure of transient marine planktonic ecosystems, since genetic methods compare
favourably to traditional observational methods such as microscopy or flow cytometry
in terms of the time expenditure, expert knowledge required to identify organisms, and
the cost of equipment and analysis. The growing spatial coverage of data enables
researchers to estimate global-scale taxonomic diversity of unicellular eukaryotes (de
Vargas et al., 2015), to identify the main environmental drivers of community structure
in marine prokaryotes (Sunagawa et al., 2015), and to delve into the complexity of
biotic interactions between plankton species spanning multiple domains of life, as well
as their link to global biogeochemical cycling (Lima-Mendez et al., 2015; Guidi et al.,
2016). Complementary to a 'bulk' screening of marine biodiversity, single-cell genomics
approaches allow matching of phenotype and genotype, and have been used to
investigate the phylogenetic affinities of microbial dark matter (i.e. currently
unculturable microbial organisms; Rinke et al., 2013; Hug et al., 2016) and to uncover
niche partitioning within globally distributed lineages of marine microbes (Kashtan et
al., 2014). In combination, bulk and targeted approaches could unravel the taxonomic
composition of planktonic organisms, as well as aspects of their ecological function
(Thrash et al., 2014; Louca et al., 2016) and genome evolution to new environments
(Mock et al., 2017).
Both approaches are challenged by the lack of high quality reference databases
(Sunagawa et al., 2015). This highlights the need for comprehensive reference databases
to guide the validation and integration of the streams of new data, and their comparison
with taxonomic information (e.g. Buitenhuis et al., 2013). In addition, genomic
sampling often results in temporal snapshots of one particular aspect of biodiversity
(e.g. ribosomal-RNA based Operational Taxonomic Unit (OTU) richness). Applying
this approach to marine plankton communities at similarly broad geographic scales is
difficult and expensive, but necessary to improve the assessments of the temporal
variability of plankton diversity (Lewandowska et al., 2014). Currently, high-resolution
time-series datasets are often restricted to easily-accessible, mostly coastal locations,
making extrapolation to the expanses of the open ocean difficult. Therefore, the use of
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these data for ecological purposes may not be straightforward, especially when trying to
estimate abundances of planktonic organisms from metabarcoding (eg., Decelle et al.,
2014).
While the genomic quantification of species composition has become more and more
common (Bik et al., 2012; Bik, 2014), and harbours potential for marine ecosystem
monitoring in times of rapid environmental and ecosystem change, the link between the
identity and the functional role of species remains obscure. Genomic approaches can
provide thousands of OTUs, whose metabolic state, morphology, and environmental
tolerances are largely unknown. Supplementary measurements of functional traits in
laboratory experiments and the quantification of spatio-temporal variability across
populations is severely limited by our success in culturing the large diversity of
plankton in vitro. Estimates that less than 30% of plankton are cultivable highlight the
daunting task of obtaining such data across the heterogeneous plankton lineages and put
alternatives, such as single-cell screens, metatranscriptomic approaches or in silico
method developments, to the forefront for the characterization of at least some aspects
of plankton diversity.

C.3 Assessing functional and phylogenetic facets of plankton
biodiversity
Traditional approaches have determined marine biodiversity using species occurrence or
abundance information at the regional to global scale (e.g. Tittensor et al., 2010).
However, there is a growing consensus about the need to assess other facets of
biodiversity such as functional diversity, which accounts for biological traits, and
phylogenetic diversity to link environmental changes, ecosystem composition and
ecosystem function (Naeem et al., 2012; Mouillot et al., 2013). These two promising
concepts developed for macro-organisms should be increasingly used within the marine
and climate change contexts to further our understanding of the link between plankton
diversity, ecosystem productivity, or additional functions related to global
biogeochemical cycles.
Functional diversity uses a set of complementary indices (Mouillot et al., 2013)
combining measures of species abundance with selected physiological and ecological
traits suggested to reflect the fitness of an organism, and which may influence
ecosystem function (Violle et al., 2007). Since certain traits may occur across species
pertaining to different taxa, estimates of functional diversity allow for the comparison of
assemblages with little (no) taxonomic or phylogenetic overlap, but with similar
responses to their environment. This metric can account for the intraspecific variability
of ecological strategies (e.g. the trophic status of mixotrophic species), and it can
include a diverse range of trait variables (e.g. size, feeding strategy, nutrient uptake
kinetics). Although much progress has been made in understanding which
characteristics of plankton determine their growth, reproduction and survival (Litchman
and Klausmeier, 2008; Litchman et al., 2013; Benedetti et al., 2016), information on
traits is restricted to a few well-studied species (Barton et al., 2013). Consequently, trait
choice often depends on subjective criteria such as the availability of data (Petchey and
Gaston, 2006), therefore open access trait databases should be developed for marine
species (Costello et al., 2015). In addition, it is challenging to measure multiple
functional traits of thousands of species. Although -omics data could allow identifying
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traits at the community level (Louca et al., 2016), more research is still needed to assign
functional traits to sequences, especially for eukaryotic plankton. Despite these
methodological issues, trait-based approach of marine communities opens new
opportunities for a better understanding of ecosystem functioning and for the
development of ecological indicators (Beauchard et al., 2017).
An alternative approach relies on the interspecific phylogenetic differences as a proxy
for the overall diversity of a system, assuming that biological characteristics linked to
individual fitness and ecological roles show phylogenetic conservatism, i.e. that
communities consisting of species with a lower degree of relatedness differ more in
their respective trait values, and are thus more diverse (Mouquet et al., 2012).
Phylogenetic diversity indices (Tucker et al., 2016) measure the breadth and distribution
of evolutionary history present in an assemblage (Mouquet et al., 2012; Cadotte et al.,
2013), using DNA sequences to assess the phylogenetic distances between species, by
aligning sequences to a reference tree, or by de-novo building of phylogenetic trees
(Hinchliff et al., 2015).
With the advent of metagenomic data, these promising approaches need to be further
explored in terms of their applicability to and relevance for the description of marine
ecosystem function. However, the use of phylogenetic diversity critically depends on
methodological advances: a substantial fraction of high-throughput sequences obtained
by second generation sequencing for microbial communities may still lack sufficient
phylogenetic information to provide a reliable phylogenetic placement. In the near
future, the popularization of third generation sequencing (e.g. PacBio, Nanopore),
which sequences single molecules of DNA in real time, may circumvent this problem,
and will provide full opportunities to use phylogenetic diversity estimates to study
present and future ecosystem function.

C.4 Species distribution modelling – running before we can
walk?
Species Distribution Models (SDMs) are statistical tools that model a species realized
niche, i.e. the environmental conditions under which the species can maintain a viable
population (Hutchinson, 1957), by relating their occurrence or abundance to
environmental conditions (Guisan and Zimmermann, 2000). Several key ecological
attributes make planktonic species particularly well-suited for SDMs (Robinson et al.,
2011): (i) their distribution reflects their environmental preferences, since plankton are
short-lived organisms, with population dynamics tightly connected to climate (Sunday
et al., 2012); (ii) plankton are less commercially exploited than other marine species,
and thus, their spatial patterns are less biased by captures as in the case of many fish and
shellfish species. These attributes make them a key group for monitoring the impacts of
climate change on biodiversity and ecosystem functioning (Richardson, 2008). So far,
SDMs have seldom been applied to study plankton biogeography, with only a handful
of studies on phytoplankton (Irwin et al., 2012; Pinkernell and Beszteri, 2014; Brun et
al., 2015; Rivero-Calle et al., 2015; Barton et al., 2016) and some more on zooplankton
(e.g. Reygondeau and Beaugrand, 2011; Chust et al., 2014b; Villarino et al., 2015; Brun
et al., 2016; Benedetti et al., 2017). This is due not only to the limited data availability
for model development, but also due to several unaddressed methodological issues.
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In plankton, a major problem with SDMs is the scarcity of occurrence data, which can
lead to an incomplete niche description and/or biased models. A major challenge is
therefore to discern biological distribution patterns from patterns of sampling effort,
especially in traditional taxonomy-based plankton data sets where reliable absences data
are usually unavailable and large regions, such as the South Pacific, are chronically
undersampled. Using one of the most extensive plankton data sets to date, the North
Atlantic Continuous Plankton Recorder data, Brun et al. (2016) found that a suite of
commonly used SDMs are unable to predict and hindcast the distribution of
zooplankton and phytoplankton example-species on the decadal scale. One way to
improve SDMs is either through careful methodological adjustments, such as a targeted
selection of the background (Phillips et al., 2009), the reduction of environmental
predictors and model complexity (Merow et al., 2014). Another approach could be to
merge existing data-archives and to combine genomic data with traditional approaches
in order to reduce the sampling bias. However, since SDMs apply at the species level,
this will require specific identifications, either from microscopy, imaging, or
sequencing, which would necessitate to keep taxonomic expertise in our laboratories
and, in parallel, to develop specific tools for automatic identification.
In their basic form and most common use, classical SDMs do not account generally for
three major ecological processes that may be crucial for plankton distribution: (i) the
role of dispersal and its limitation, (ii) biotic interactions, and (iii) intraspecific
variability, which we discuss below. The relative importance of these processes in
shaping planktonic species’ ranges is still being under debate (Cermeño and Falkowski,
2009; Chust et al., 2013).
Plankton dispersal is controlled by ocean currents and can impact diversity and
community structure (Lévy et al., 2015). Although barriers to dispersal are fewer in the
marine realm compared to the terrestrial one (Steele, 1991), coupling ocean connectivity
patterns (Treml et al., 2008; Foltête et al., 2012) with niche models is likely important.
Source-sink dynamics may arise frequently because of the advection of water masses
(e.g. Beaugrand et al., 2007; Villar et al., 2015) that can introduce species to unsuitable
regions (Pulliam, 2000), potentially biasing SDMs. Future developments for plankton
could ensue from graph-based techniques (Dale and Fortin, 2010) and from SDMs
coupling with simple dispersal models (Foltête et al., 2012; Zurell et al., 2016).
Furthermore, the need to account for biotic interactions when predicting species
distributions has been advocated (Boulangeat et al., 2012; Wisz et al., 2013). Recently,
the exploration of the plankton ‘interactome’ (Lima-Mendez et al., 2015) allowed to
describe how biotic interactions occur across trophic levels and relate to environmental
conditions and ecosystem functioning, with many new symbiotic interactions identified
(Guidi et al., 2016). When prior knowledge is too limited, food-web models could be
inferred from simple size-based, or multi-traits assumptions (Albouy et al., 2014), or
based on ecosystem models (e.g. Follows et al., 2007; Le Quéré et al., 2016) in
combination with satellite estimates of (phyto)plankton community composition (e.g.
Hirata et al., 2011).
Finally, SDMs do not consider intraspecific variability, thus assuming that genetic
adaptation is negligible. However, many planktonic species exhibit local adaptation
(Peijnenburg and Goetze, 2013; Sjöqvist et al., 2015) or consist of several ecotypes with
different environmental preferences, and phenotypic plasticity, dispersal, and
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evolutionary changes could mitigate climate change impacts as they could help species
to adapt to changing conditions (O'Connor et al., 2012). One possibility to account for
both local adaptation and phenotypic plasticity is to include a population-dependent
component in mixed effect models (e.g. Valladares et al., 2014). Furthermore, the joint
use of genomic and taxonomic information may help to constrain the differences
between subpopulations or ecotypes of a species, and to identify so-called cryptic
species.

C.5 Adrift in an ocean of change
In contrast to works on higher trophic levels (e.g. Cheung et al., 2009), the investigation
of the response of plankton to future climate changes has mostly focused more on bulk
variables (e.g. biomass, production), with large uncertainties associated with the
simulated response of primary and secondary production (e.g. Bopp et al., 2013;
Laufkötter et al., 2015, 2016). Yet, observational evidence of changes in planktonic
ecosystems has been accumulating over the past decades, with ongoing efforts to
attribute these changes to specific environmental drivers (e.g. Beaugrand et al., 2008,
2010; Rivero-Calle et al., 2015).
SDMs have been used to support observations of poleward plankton distribution range
shifts in response to global warming in the North Atlantic (Beaugrand et al., 2002;
Richardson, 2008), as well as changes in the relative abundance of certain groups
(Rivero-Calle et al., 2015). However, range shifts and in particular phenological
changes can vary according to region and species, leading to unexpected emergent
patterns (Richardson et al., 2012; Poloczanska et al., 2013; Burrows et al., 2014; Barton
et al., 2015). In fact, multiple non-exclusive and interlinked adaptation strategies at the
organismal level may all operate in concert, or, alternatively, the selection of one
strategy may reduce the necessity to employ another. For example, shifts in spatial
distribution may preclude the necessity for phenological adjustments in a given species
attempting to maintain its thermal niche. Other adaptation strategies involve species
plasticity and genetic modification in order to face changing conditions (Lavergne et al.,
2010; Dam, 2013), which have been documented for spatially isolated zooplankton
(Peijnenburg et al., 2006; Yebra et al., 2011), but could not be confirmed for other
species (Provan et al., 2009). Another alternative adaptation strategy is the change in
depth-distribution, i.e. the migration to deeper waters in search for cooler temperatures
carried out by fishes (Perry et al., 2005).
Given the multitude of adaptation options, future projections of ecosystem change are
prone to large uncertainties. Moreover, disentangling the effects of anthropogenic
climate change on plankton distribution and phenology shifts from other drivers (e.g.
climate variability, population dynamics) is equally challenging (Chust et al., 2014b). In
particular, the combination of controlling factors, together with systematic biases in
sampling effort can lead to biases in estimated trends. The decomposition of factors
using different SDMs can detect the so-called “niche tracking”, which is the shift of a
species distribution to follow the displacement of their habitat, e.g. poleward shifts
(Monahan and Tingley, 2012; Bruge et al., 2016). At the community level, thermal
biases between the average thermal affinity of assemblages and local temperature
(Stuart-Smith et al., 2015) have to be considered to improve our understanding of the
sensitivity of plankton reorganization with warming.
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C.6 Towards a unified theory of macroecology
Predicting how species will respond to global environmental change requires an
understanding of the processes generating their current large-scale spatio-temporal
patterns of diversity and distribution, which is the essence of macroecology. One such
predominant pattern on Earth is the decline in biodiversity of terrestrial and marine
macroorganisms from tropical to polar areas (e.g. Tittensor et al., 2010). Hypotheses
explaining this pattern often call upon evolutionary history (Mittelbach et al., 2007),
diversity-area relations (Rosenzweig, 1995), temperature effects (Allen et al., 2002) or
climatic stability (Fraser et al., 1996). Although these premises often find empirical
support, their testing in the open oceans has been limited. Whereas zooplankton likely
reflect the general latitudinal trend (Beaugrand et al., 2013), bacterioplankton may form
seasonal diversity peaks at high (Ladau et al., 2013) and mid (Sunagawa et al., 2015)
latitudes, and for phytoplankton the validity of the global pattern itself and the processes
that may explain it are still ambiguous (Rodríguez-Ramos et al., 2015; O’Brien et al.,
2016). To alleviate data scarcity, which may have contributed to uncertainty, we suggest
the implementation of SDMs as strategic tools to integrate novel with traditional data
and to depict aspects of global diversity variation across major taxa and spatio-temporal
scales.
The validity of the concept of SDM in plankton and its specific adaptation warrant
further testing of the processes that determine plankton distribution, abundance,
community assembly, and the maintenance of diversity at local to global scales. More
than a decade after the appearance of the unified neutral theory of biodiversity (Hubbell,
2001), there is still an active debate on the relative contribution of demographic
stochasticity, dispersal, and niche processes on plankton communities (Pueyo, 2006a,b;
Cermeño and Falkowski, 2009; Chust et al., 2013), which promoted the revisiting of the
“Paradox of the Plankton” (Hutchinson, 1961). Recent studies have tried to reconcile
neutral and niche theories (Adler et al., 2007) and suggest that neutral combined with
metabolic theory can explain macroecological patterns (Tittensor and Worm, 2016).
Furthermore, neutral processes might similarly shape both population genetics and
community patterns in plankton (Chust et al., 2016). The combination of data from
time-series, global in situ observations and experiments on marine plankton provides a
unique opportunity to characterize the niches of species (Brun et al., 2015) and to
explore the relations between ecological niche characteristics (e.g. niche dissimilarity)
and local species richness.
Thus, important open questions include: Is plankton community assembly mainly driven
by niche assembly or neutral processes? Does this depend on the spatio-temporal scale
of observation? Which method(s) can be used to disentangle the dominating process in
community assembly and ecosystem structure? What will be the effect of the removal of
geographical barriers that have long separated the Earth’s biogeographical provinces on
marine plankton diversity (“homogocene”, Rosenzweig, 2001)? How the evolution of
microorganism dependency based on gene loss shapes the structure and dynamics of
communities (Mas et al., 2016)? Due to their fast duplication rates and rapid response to
environmental conditions, planktonic communities assemble, dismantle, and reassemble constantly in natural environments, thus tracking environmental disturbances.
Therefore, they are optimally suited to test classical ecological theories established for
terrestrial ecosystems, and to answer questions related to diversity-stability
relationships, the area-diversity hypothesis, or food web interactions.
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C.7 Conclusion
Plankton ecology research stands at a crossroads. The staggering increase in the wealth
of plankton observation data coincides with a time of significant advances in marine
ecosystem modelling, which allow, for the first time, the testing of important theories of
macroecology in the marine realm. These achievements offer great promise to shed light
on marine ecosystem functioning and ecosystem service provision within the context of
global climate change. To unlock their potential, we identified a strong need for
concomitant developments in the field of bioinformatics and biostatistics, ecological
niche modelling, and genetic reference database assembly, thus allowing for a
successful integration of these novel with traditional observations, including taxonomic
expertise. Paired with the rigorous verification of new and existing macro-ecological
theories in the marine realm, and the testing and application of novel biodiversity
metrics that better link ecosystem composition to ecosystem function and ecosystem
service provision, these theoretical and empirical advances may allow for the urgently
needed quantification of potential impacts of climate change on marine ecosystems and
feedbacks to higher trophic levels. Due to the complexity of the task, and the scarcity of
observational evidence of these transient ecosystems, we conclude that interdisciplinary, collaborative efforts between experts focussing on different aspects of
plankton ecology will be critical in mediating this process.
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Do functional groups of planktonic
copepods differ in their ecological
niches?
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Abstract
Aim To assess the degree of overlap between the environmental niches of marine
planktonic copepods and test if the distribution of copepod functional groups differs
across environmental gradients.
Location The Mediterranean Sea.
Methods Functional groups were defined based on clustering of functional traits in
106 marine copepod species using a multivariate ordination analysis. Functional traits
included maximum body length, feeding mode, spawning strategy and trophic group.
Simultaneously, the global distribution of the species was used to model their
environmental niches with six environmental variables. For each of these predictors,
four niche parameters were derived from the univariate response curve of each species
to summarise their environmental preferences and ordinate the species in niche space
through a PCA. Finally, the differences in the position in niche space of functional
groups were tested with variance analysis.
Results We identified seven copepod functional groups with different distributions
along the environmental gradients covered by our study. While carnivorous functional
groups were affiliated with oligotrophic and tropical conditions, large and small
current-feeding herbivores are associated with colder, more seasonally varying and
productive conditions. Small cruising detritivores and other small current-feeding
herbivores were not affiliated with specific conditions as their constituting species
were scattered in niche space.
Main conclusions Since copepod functional groups occupy distinct ecological niches,
ecosystem processes related to these groups are expected to vary across
environmental gradients. Conditions favouring large current-feeding herbivores
should allow for enhanced fluxes of energy and nutrients through Mediterranean Sea
ecosystems, while such fluxes should be weakened where large carnivores and small
passive ambush-feeding copepods dominate. Our study supports the development of
trait-based zooplankton functional groups in marine ecosystem models.

D.1 Introduction
Zooplankton play a key role in the functioning of marine ecosystems. They actively
transport particles to the deeper ocean through vertical migration (Jónasdóttir, Visser,
Richardson & Heath, 2015), and produce rapidly sinking fecal pellets after grazing on
primary producers in the euphotic layer (Turner, 2002). They participate in the
remineralisation of organic matter by feeding on particle aggregates (Alldredge, 1972;
Nishibe et al., 2015), and are thus involved in nutrient cycling and in the biological
carbon pump (Turner, 2015). Additionally, they represent a pivotal link between the
basis of the food web and the upper trophic levels (Beaugrand, Brander, Lindley,
Souissi & Reid, 2003; Beaugrand & Kirby, 2010). Zooplankton are subdivided into
different size classes, among which the mesozooplankton (organisms ranging between
200 µm and 2 mm; Sieburth, Smetacek & Lenz, 1978) have received most attention
because of their high biomass (Verity & Smetacek, 1996). In terms of both abundance
and diversity, mesozooplankton are dominated by copepods in many regions of the
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global ocean (Kiørboe, 2011a). Changes in copepod diversity can be indicative of
climate variability impacts on ecosystem functioning (Hooff & Peterson, 2006).
To assess the vulnerability of marine ecosystems to climate change, global
biogeochemical models have been developed to describe the processes controlling
ocean biogeochemistry and ecosystem functioning. At first, such models summarized
pelagic ecosystems using only a few compartments but they have evolved towards
capturing greater ecological complexity, and therefore improved the quantification of
ecosystems responses and biogeochemical fluxes (e.g. Le Quéré et al., 2016).
However, to depict variations in zooplankton biomass, most ecosystem models still
rely on a limited number of size classes from micro-, and meso- to macrozooplankton
(Kishi et al., 2007; Le Quéré et al., 2016) so they still only poorly capture the variety
of zooplankton life-histories and traits (Kiørboe, 2011a; Litchman, Ohman &
Kiørboe, 2013).
An alternative trait-based approach for describing pelagic ecosystem dynamics is to
define plankton functional types based on groups of species with similar functional
traits (Pomerleau, Sastri & Beisner, 2015; Benedetti, Gasparini & Ayata 2016).
Functional traits are phenotypic attributes that impact the fitness of a species and its
contribution to ecosystem functioning (Violle et al., 2007). The appearance of
functional traits is governed by the expression of genes within organisms, and trait
expression, in turn, governs the organisms’ fitness under different biotic and abiotic
conditions (Barton et al., 2013). A functional trait can also emerge from the
interactions between other traits (trade-offs; Kiørboe, 2011b) and environmental
conditions, leading to certain trait combinations being favoured under certain
conditions. For zooplankton, Litchman et al. (2013) proposed a comprehensive set of
traits, encompassing multiple types (i.e. life-history, morphological, physiological and
behavioural) and life missions (i.e. feeding, survival, growth and reproduction).
However, zooplankton traits have been described exhaustively for a few taxa only,
and are mostly the results of laboratory experiments (Hébert, Beisner & Maranger,
2016). Consequently, depicting zooplankton functional diversity at the community
level often requires information about many species and remains possible only for few
well-studied regions and/or a limited number of groups. For instance, Pomerleau et al.
(2015) described the temporal evolution of zooplankton functional diversity in the
north-eastern Pacific using time series data, and Benedetti et al. (2016) identified
functional groups of copepods in the Mediterranean Sea. Brun, Payne & Kiørboe
(2016) identified strong spatial and seasonal variations of body and offspring sizes,
myelination rates and feeding modes for planktonic copepods in the North Atlantic.
Copepods have therefore emerged as an interesting model to study marine functional
biogeography (Barton et al., 2013).
Understanding and quantifying the distribution of zooplankton functional groups
along environmental gradients is critical to (i) develop more realistic marine
ecosystem models, (ii) better understand the underlying environmental drivers of
community structure, (iii) unravel how climate impacts the rate and amplitude of
processes mediated by functional types, and (iv) predict how the three abovementioned aspects may evolve in a global change context.
Modelling the environmental niche of each species, and then assessing differences
between functional groups, on the basis of their constituent species, enables to explore
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the biogeography of functional groups (Brun et al., 2015). Field observations of
species occurrences can be combined with environmental predictors to build
environmental niche models (ENMs) that enable the characterization of the
environmental preferences of a species (Colwell & Rangel, 2009). In spite of the
recent development of global open access plankton occurrence databases (O’Brien,
2005; Buitenhuis et al., 2013), relatively few studies have used ENMs to investigate
plankton biogeography (Robinson et al., 2011). For mesozooplankton, most studies
have mined the Continuous Plankton Recorder (CPR) data to model past and future
range variations of copepod species, and changes in ocean surface layer community
composition (Reygondeau & Beaugrand, 2011; Chust et al., 2014; Villarino et al.,
2015; Brun, Kiørboe, Licandro & Payne, 2016; Benedetti, Guilhaumon, Adloff &
Ayata, 2017) but they ignored functional aspects of biodiversity. Hence, the link
between trait and species biogeography is currently underexplored. In particular, it
remains to be tested how different combinations of morphological traits (e.g. body
length) and life history traits (e.g. feeding mode, spawning strategy) are distributed
along environmental gradients. Are scanning-current feeders restricted to more
productive regions where larger phytoplankton cells emerge (Kiørboe, 2011b;
Benedetti et al., 2016)? Are passive ambush-feeding species more tightly affiliated to
stable and oligotrophic environments where food availability is limited and mortality
rates high (Paffenhöfer, 1993; Kiørboe, 2011b)? Do large herbivorous species thrive
in the same conditions as large carnivorous predators, or are they affiliated to very
different niches? As ecosystem processes are mediated by such functional traits
(sensu Hébert, Beisner et al., 2016), assessing how the latter are expressed under
varying conditions is a prerequisite for understanding ecosystem functioning under
climatic changes.
In this study, we attempt to bridge this gap through an investigation of the level of
congruence between the environmental niches of species belonging to different
copepod functional groups (FGs). We aim to (1) model the environmental niches of
copepod species, (2) define relevant FGs based on species functional traits, and (3)
test whether species with similar combinations of functional traits inhabit similar
environmental niches.

D.2 Materials and methods
Species selection and data
Copepod species most commonly found in the Mediterranean Sea and their trait
values were taken from Benedetti et al. (2016). Multiple regional datasets were
combined to obtain the geographical distribution of the copepod species. As none of
the species is endemic to the Mediterranean Sea (Razouls, de Bovée, Kouwenberg &
Desreumaux, 2005-2017), species niches must be calibrated at the global scale in
order to avoid truncated response curves, and therefore biased niche estimates
(Thuiller, Brotons, Araùjo & Lavorel, 2004). Among the 193 species initially
described by Benedetti et al. (2016), only those with more than 50 observations at the
regional scale, and with at least 15 additional occurrences at the global scale (OBIS;
http://www.iobis.org/; accessed on December 11, 2014) were retained. Our final list
encompasses 106 copepod species. Our list of 106 species gathers the most commonly
observed ones in the epipelagic layer, including those representing most of the
mesozooplankton biomass in the Mediterranean Sea (Siokou-Frangou et al., 2010;
Razouls et al., 2005-2017). The average sampling depth of the presence data (for the
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99.94% of the records for which sampling depth was available) was 58 ± 119 m. The
presence data was resampled at a resolution of 1x1° grid cells, to match the resolution
of the environmental layers (see below). The final data set contained 76 366 gridded
presence points.
Functional groups from species functional traits
Four functional traits were extracted from Benedetti (2015): maximum body length
(mm), trophic group (carnivore, omnivore, omnivore-carnivore, omnivore-herbivore,
omnivore-detritivore), feeding mode (ambush, cruise, scanning current, or mixed),
and egg-spawning strategy (broadcast-spawner, sac-spawner).
These traits were selected because of their ready availability in the literature (Brun,
Payne & Kiørboe, 2017). Other important traits such as resting stages and
physiological rates are still lacking for the majority of the taxa studied. However, the
present traits cover different important ecological functions and can influence
ecosystem processes (Hébert, Beisner et al., 2016). Body size is a “master trait” that
transcends and scales with a variety of traits related to ecosystem processes such as
carbon cycling, secondary productivity or nutrient transfer (Hébert, Beisner et al.,
2016). Trophic group describes the primary food source of a species and therefore its
role in food-web dynamics (Pomerleau et al., 2015). Though nearly all copepods are
omnivorous, many species are known to have preferential food sources (Benedetti,
2016). While omnivores target phytoplankton, detritus or smaller zooplankton,
carnivores prey upon earlier life stages, smaller adult copepods or microzooplankton
and thus contribute to the top-down control on zooplankton. Omnivore-herbivorous
copepods are known to primarily graze upon phytoplankton when available and are
therefore involved in the energy transfer from the autotrophs to fishes. Omnivoredetritivores are associated with marine snow or carcasses, so they contribute to the
recycling of organic matter. Feeding mode has strong implications for prey selection,
energy allocation or nutrient cycling (Litchman et al., 2013; Hébert, Beisner et al.,
2016). For instance, ambush feeders that target motile preys are characterized by
lower energy expenditure than active feeders, resulting in lower mortality but also a
lower feeding efficiency. Similarly, spawning strategy shapes energy allocations.
Species developing sacs to place their eggs in invest less energy in growth and
survival (Litchman et al., 2013).
FGs for the 106 selected species were defined by performing a Multiple
Correspondence Analysis (MCA; Husson, Lê & Pagès, 2010; Fig. D.2) on the four
functional traits to represent underlying structures in the species characteristics in a
reduced functional space (Benedetti et al., 2016). MCA is an ordination method for
the multivariate analysis of categorical variables. Maximum body length was thus
transformed into four size classes (SC1: 0.5-1.2 mm; SC2: 1.3-1.8 mm; SC3: 1.9-3.0
mm; SC4: 3.4-8.2 mm) using hierarchical agglomerative clustering based on the
Euclidean distance and a synoptic aggregation link (Husson et al., 2010; Legendre &
Legendre, 2012). Trophic groups were also transformed into binary data because this
allows the optimization of their description in functional space. For example,
omnivore-herbivores were considered as both “omnivores” and “herbivores” and not
just “omnivore-herbivore” as if it was an independent trophic group. KaiserGuttman’s criterion (Guttman, 1954) was used to select the significant MCA axes that
constitute the functional space. The species are positioned along each MCA axis
according to their combination of trait values. The coordinates of the species along the
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retained MCA axes were used to compute the inter-species Euclidean distance matrix.
Hierarchical agglomerative clustering using Ward’s aggregation method (Legendre &
Legendre, 2012) was performed on this matrix to produce a functional dendrogram.
Several cutting-levels along this dendrogram were examined, and the one leading to
FGs that are ecologically relevant was kept. The final cutting-level was chosen to
ensure groups were functionally homogeneous (i.e. not too large) while also
attempting to avoid functional redundancies between the groups (i.e. not too small and
numerous).
The sensitivity of our FGs to the choice of trait definition and clustering method was
tested in additional analyses. Our analysis was repeated using Gower’s distance with
the UGPMA linkage method to draw the functional dendrogram (Mouchet et al.,
2008). The absolute values of maximum body size were kept, since Gower’s distance
can mix quantitative and qualitative data. The FGs defined using this method were
very similar to those found with the initial methodology (cophenetic correlation
coefficient between the original and the alternative dendrogram was equal to 0.80;
Rohlf & Fisher, 1968).
Choice of the environmental predictors for niche modelling
Monthly data on 27 environmental predictors thought to be ecologically and
physiologically relevant for copepods were considered (Helaouët & Beaugrand, 2007;
Beaugrand, Mackas & Goberville, 2013). These variables comprised sea surface
temperature (SST), sea surface salinity (SSS), mixed layer depth (MLD, defined
according to three different criteria), surface chlorophyll-a concentration (Chla),
bathymetric depth, surface photosynthetically active radiation (PAR) and PAR
integrated over the MLD (MLPAR; Brun et al., 2015), surface dissolved oxygen
concentration, sea surface wind speed and sea level anomalies (Appendix S1). To
avoid the use of variables that are too highly correlated, when two predictors showed
an absolute Spearman’s rank correlation coefficient (|ρ|) ≥ 0.7, one of them was
removed (Dormann et al., 2012). The final set of variables consisted of SST, the
seasonal range of SST values (∆SST), SSS, MLD based the temperature criterion (de
Boyer Montégut, Madec, Fischer, Lazar & Iudicone 2004), MLPAR (based on the
same MLD product), and the logarithm of surface chlorophyll-a concentration
(logChla). Subsequently, multivariate and univariate ENMs were fitted for each
species using the six selected predictors (Fig. D.1).
Species niche characteristics
Various types of algorithm exist to model environmental niches from species
observations matched with environmental predictors (Merow et al., 2014). Here,
General Additive Models (GAMs) were chosen because they can be tuned to produce
unimodal response curves, while allowing skewed response curves (Fig. D.1). This
type of response to environmental gradients is expected for copepods (Bonnet et al.,
2005; Helaouët & Beaugrand, 2007). Since GAMs require absence data that are not
available at the global scale, pseudo-absences were simulated for each species. The
method employed for drawing pseudo-absences impacts ENMs quality, and should be
chosen in light of the ecological characteristics of the species studied (Chefaoui &
Lobo, 2008; Barbet-Massin, Jiguet, Albert & Thuiller, 2012). Mesozooplankton are
ectotherms whose population dynamics are tightly coupled to climate (Hays,
Richardson & Robinson, 2005), and whose individuals are passively dispersed over
very large spatial scales during relatively short time periods (Jönsson & Watson, 2016)
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Figure D.1 Flowchart describing the main steps of the methodology for the present study. From the top
to the bottom, the left-hand side shows how the species functional traits table was used to define
functional groups from a multivariate functional space. The right-hand side shows how environmental
niche modelling was performed to quantify the species environmental preferences (i.e. niche
parameters). The niche parameters were selected according to their correlation in order to perform a
parsimonious principal component analysis (PCA) to generate the niche space. Finally (bottom), the
position of the functional group (FG) in niche space was assessed and variance analysis was performed
to test if different FGs present different niches.
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Therefore, pseudo-absences were generated using an environmental and geographical
weighting method (Hengl, Sierdsema, Radović & Dilo, 2009; Hattab et al., 2013; Fig.
D.1). This method locates the -absences in regions of low habitat suitability for the
species (i.e. in environments that are the most dissimilar to the ones where presences
are located) and that are relatively far from the observed presences. The weighting
procedure is based on a presence-only envelope niche model, the Ecological Niche
Factor Analysis (Hirzel, Hausser, Chessel & Perrin, 2002), which provides a Habitat
Suitability Index (HSI) from 0 to 1 for each species as a function of the six chosen
environmental predictors. Together with the presences, the HSI is then used to
produce a probability distribution τ for locating the pseudo-absence following Hengl
et al. (2009):

with d being the distance between the geographic cell and the presence points
normalized by the maximum distance, so that d varies between 0 and 100. Thus, τ is
used as a probability density function to select pseudo-absences at random away from
known presences and in regions of unsuitable conditions (according to the actual
presences). For each species, pseudo-absences were drawn from the monthly subsets
of occurrence data to ensure they follow the same temporal variability as the
presences. Repeating the pseudo-absence generation procedure (leading to a different
set of randomly chosen pseudo-absences), or increasing the number of pseudoabsences, had very little impact on model quality and predictions (Benedetti et al.,
2017), so only one set of monthly pseudo-absences was generated per species.
Multivariate and univariate GAMs were fitted using the logit link function (binomial
response), and the parameter controlling the degree of smoothness was reduced (k =
5). ENMs were evaluated by cross-validating 80% of the presence and pseudoabsence data against the remaining 20%. A threshold-dependent metric of the overall
performance of each model was computed: the true skill statistic (TSS; Allouche,
Tsoar & Kadmon, 2006). TSS ranges from -1 to +1, with 0 indicating that an ENM
does not perform better than random. For each species and predictor variable, five
cross-validation runs were performed and the mean TSS was calculated to evaluate
the predictive power of the selected variables. The five univariate response curves
derived from each cross-evaluation run were averaged to provide the univariate
response curve of each species.
Following Brun et al. (2015), niche characteristics were summarized by four statistics
derived from the mean univariate response curve (Fig. D.1). The median of the mean
curve was used to estimate the univariate niche centers, and quantile ranges between
the 10th and the 90th percentiles were computed to estimate niche breadths (i.e. relative
species tolerance ranges). The predictor values at the 10th and 90th percentiles served
as estimates of lower and upper niche boundaries. These four niche parameters were
used to test the differences in the environmental preferences of FGs (next section).
Confidence intervals for TSS values and each univariate niche parameter were
obtained by applying a bootstrapping procedure on the species occurrences (presences
and pseudo-absences) which generated 200 replicates of every univariate model and
niche characteristic.
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The multivariate models could have been used to derive response curves but this
possibility was discarded because multivariate models generate response curves that
are much harder to interpret (Irwin, Nelles & Finkel, 2012; Brun et al., 2015). The
response curve of a multivariate model is generated through the variation of one
predictor, while setting the value of the other predictors to their average. Even though
this corrects for the effect of the other variables in the response, it can flatten parts of
the response due to variable collinearity, even if patterns exist (Brun et al., 2015).
Furthermore, the identity of misrepresented variables varies between species, making
it even harder to compare species niche characteristics. This is why the univariate
GAMs were selected over multivariate ones to depict the species niches.
TSS values for the 106 multivariate GAMs show that the six selected variables lead to
a fair modelling of the species distribution (Appendix S2). The average TSS for all
the multivariate models is 0.82 (± 0.11), and species mean TSS ranges between 0.46
(Oithona decipiens) and 0.97 (Labidocera wollastoni). The univariate models differ
greatly in their performance (Appendix S2): the best performing variables are SST
(mean TSS = 0.57), SSS (mean TSS = 0.64) and ∆SST (mean TSS = 0.63), while the
other three variables obtained significantly lower average TSS values (pairwise
Wilcoxon tests, p-value < 0.05). MLD (mean TSS = 0.39) performs slightly better
than logChla (mean TSS = 0.34) and MLPAR which displays the lowest average
performance score (mean TSS = 0.291).
Functional groups and functional traits in niche space
The niche characteristics of each species were used in a scaled Principal Component
Analysis (PCA; Legendre & Legendre, 2012) to ordinate them according to their
environmental preferences in a reduced space (hereafter “niche space”; Fig. D.1). We
assess the similarity between the niche characteristics of species by comparing their
coordinates along the retained Principal Components (i.e. their position in niche
space). To create a parsimonious niche space, Spearman’s rank correlation
coefficients were used to examine the correlation between the univariate niche
characteristics. When two niche parameters displayed |ρ| ≥ 0.7, one of them was
removed. From the correlation matrix (Appendix S3), the following eleven niche
characteristics were kept to create the niche space: SST center and breadth (as center
is correlated to both lower and upper boundaries), SSS niche center (negatively
correlated to breadth and lower boundary), upper and lower boundaries of ∆SST (as
SST breadth is highly correlated to ∆SST breadth), MLD center (which summarizes
all other 3 MLD characteristics), all MLPAR parameters but the lower boundary
(highly correlated to SST and MLPAR centers), and both logChla center and breadth
(logChla niche center summarises the two boundaries). Kaiser-Guttman’s criterion
was used to select the number of significant PCs that will generate the niche space
(Fig. D.1).
In order to test for the differences between the niches of species pertaining to different
FG, the central positions of the groups in niche space were computed as the average
coordinates of the constituting species. Kruskal-Wallis variance analysis (Kruskal &
Wallis, 1952) was performed to test whether FGs differed significantly in their
positions in niche space. Similarly, variations between the positions in niche space of
each functional trait were tested (for instance, between the different trophic groups) in
order to explore whether some are more closely linked to certain environmental
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conditions. All statistical analyses were conducted with R v.3.4.0 (R Core Team
2017). The biomod2 package (Thuiller, Georges & Engler, 2013) was used to develop
the niche models and extract the response curves. The FactoMineR package (Husson,
Josse, Lê & Mazet, 2017) was used for the multivariate analyses.

D.3 Results
Copepod functional groups
The first separation in the functional dendrogram (Fig. D.2) distinguishes carnivorous
species (FG 1 and 2) from the non-carnivorous ones (FG 3 to 7). Among the latter, the
next cutting level distinguishes egg-broadcasters (FG 3 and 4) from sac-spawners (FG
5, 6 and 7). Further down on the dendrogram, trophic groups and size classes drive the
composition of the FGs. Hence, all traits contribute to the structure of the functional
space, with carnivorous diet being the primary discriminative trait.
Given that the 106 species were classed into different FGs on the basis of a
dendrogram resulting from a cluster analysis of four different traits, some species
were assigned to a FG when they differ in one particular trait with respect to other
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Fig. D.2 Functional dendrogram showing the ordination of the 106 copepod species
according to the combination of functional traits. A multivariate correspondence analysis based
of the functional traits was performed to ordinate the species in a reduced functional space. The
coordinates of the species along the four retained axes of the functional space were used to
compute a Euclidean distance matrix. Agglomerative hierarchical clustering was used to draw the
functional dendrogram. The chosen cutting level is shown and the species are coloured according
to the seven derived functional groups.
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species because they present similar values of the other traits considered. FG 1 is
composed of large sac-spawning carnivores that either feed by cruising or through a
scanning current, but five of the ten species constituting this FG lack information on
their feeding strategy. FG 2 is defined by 15 smaller and strictly carnivorous species
that mainly feed through ambush tactics. The spawning strategy is equally divided
between broadcasters and sac-spawners. Most of them inhabit the epi- and
mesopelagos, and are thought to exhibit weak to no diel vertical migration (DVM)
behaviour. FG 3 is defined by eight scanning current-feeding species belonging to the
largest size class. All but two species (Eucalanus hyalinus and Pleuromamma
abdominalis) are usually considered herbivores. The group’s main spawning strategy
is broadcasting. Some of them are established as strong migrants in the Mediterranean
Sea (Calanus helgolandicus, P. abdominalis and Neocalanus gracilis), while the
remainder have rarely exhibited any DVM behaviour. FG 4 is the largest group (n =
27) and gathers smaller (compared to FG 3) scanning current-feeding herbivores and
omnivores displaying mixed feeding strategies. Like FG 3, the copepod species are all
broadcasters, thus size class was the factor dividing these two FG. Most of the species
in FG 4 preferentially inhabit the epipelagos and are known to exhibit weak to no
DVM behaviour. FG 5 is the second largest group (n = 21) and clusters the small sacspawning detritivorous species together. The dominant feeding strategy is cruising, as
only 4 species rely on a scanning current to capture their food. Additionally, 4 species
of this group are small cruise-feeders. Most of these species are known to occur
within a broad depth range. Small ambush-feeding omnivores belonging to the
Oithona genus constitute FG 6, together with three species (Haloptilus longicornis,
Isias clavipes and Lubbockia squillimana) for which information about feeding
strategy was lacking, but that are characterized by similar sizes and trophic groups.
FG 7 gathers small herbivores that feed either by cruising or a scanning current. They
are separated from the herbivores of FG 4 because they are sac-spawners and not
broadcasters. The corresponding species are known to mainly occur in the epipelagos.
Species position in niche space based on the niche characteristics
A PCA based on individual species niche parameters was used to summarize the
species’ relative position in environmental space. The first three PCs were retained,
accounting for 72.27% of the total variance. The first PC (PC1, 35.68%; Fig. D.3)
separates species affiliated with oligotrophic conditions (warm SST, higher SSS and
low seasonality) from those affiliated with more productive conditions (colder and
less saline waters, often characterized by higher seasonality). The species with higher
values of SST centers, SSS centers, MLPAR centers and upper MLPAR boundaries
have positive coordinates on PC1. Meanwhile, species displaying higher logChla
centers and upper ∆SST boundaries are located on the negative side of PC1. The
second PC (PC2, 21.74%; Fig. D.3) distinguishes species with broader tolerance to
variations in SST and in chlorophyll-a concentrations (positive coordinates) from
species affiliated to habitats of lesser seasonal variability (i.e. characterized by higher
values of lower ∆SST boundaries). So, copepod species with positive PC2 coordinates
can endure colder temperatures and seasonally varying environments. Meanwhile,
species that present positive coordinates on PC1 and negative coordinates along PC2
are specialized in more oligotrophic conditions. The PCA reveals that species show
distinct co-variations between their niche characteristics, thus demonstrating that they
have different environmental preferences. The values of the species niche parameters
are given in the Appendix S2.
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Fig. D.3 Principal component analysis (PCA) based on the selected 11 niche characteristics
of the 106 copepod species. The contribution of the 11 niche parameters to the niche space, as
well as their correlation (i.e. the angles between the arrows), is evidenced. The abbreviations of
the environmental predictors are as follows: sea surface temperature (SST), sea surface salinity
(SSS), seasonal range of SST values (∆SST), mixed layer depth (MLD), active radiation (PAR)
integrated over the MLD (MLPAR), and logarithm of surface chlorophyll-a concentration
(logChla).

Do functional groups occupy distinct environmental niches?
The FGs were represented in niche space after the mean position of each group was
computed to assess if different FGs occupy distinct environmental niches (Fig. D.4).
The PC1 coordinates of the species differ significantly between FGs (Kruskal-Wallis
test, p-value = 0.007, H-value = 17.52), which indicates that species between FGs
present distinct environmental niches. No significant differences were found between
the FG coordinates along PC2: the niche characteristics structuring this PC do not
differ between FGs. The groups gathering carnivorous species (FG 1 and 2) were on
average located on the positive side of PC1 while FG 3 (large scanning currentfeeding herbivores), FG 6 (small ambush-feeding omnivores), and FG 7 (small sacspawning herbivores) were on the negative side. This supports the hypothesis that
there are differences in the environmental niches between groups: FG 1 and 2 are
affiliated to warmer, saltier, more stable and less productive conditions in the open
ocean; meanwhile, FG 3, 6 and 7 are associated with conditions of stronger seasonal
variations, colder temperatures, lower salinities and higher chlorophyll-a
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Fig. D.4 Position of the seven functional groups in niche space. Smaller symbols correspond to
the 106 copepod species with the colours and shapes varying according to the functional group
they belong to. Larger symbols correspond to the average position of the functional groups, based
on the coordinates of the species they comprise. The first principal component (PC1) represents a
gradient characterizing oligotrophic condition on the positive side (higher centres of SST, SSS,
MLPAR) and more productive conditions on the negative side (broader SST and SSS niches, and
higher MLD and logChla centres). The second principal component (PC2) distinguishes species
with broader tolerance to SST, logChla variations (positive side) from species affiliated to habitats
of lesser seasonal variability (negative side). The standard error of each FG’ coordinates along
PC1 and PC2 is illustrated with the error bars. The abbreviations of the environmental predictors
are as follows: sea surface temperature (SST), sea surface salinity (SSS), seasonal range of SST
values (∆SST), mixed layer depth (MLD), active radiation (PAR) integrated over the MLD
(MLPAR), and the logarithm of surface chlorophyll-a concentration (logChla).

concentrations. The mean positions of FG 4 (small broadcasting scanning currentfeeding herbivores) and FG 5 (detritivores) were predominantly central in the
environmental niche space. Therefore, these two FGs are composed of species that are
spread out in niche space. With regard to the distribution of functional traits in niche
space, only the mean position of each trophic group (Carnivores vs. Omnivores vs.
Herbivores vs. Detritivores) showed significant differences along PC1 (KruskalWallis test, p-value = 0.023, H-value = 11.38).

D.4 Discussion
Mediterranean copepod functional groups differ in their niches
The main finding of our study is that, on average, the environmental niches of the
species within a FG differ from those of species constituting another FG (Fig. D.4).
Under the more tropical conditions where FGs 1 and 2 are favoured, we expect the
Mediterranean zooplankton food-web dynamics to be dominated by top-down
processes. The small passive ambush-feeding taxa (Corycaids and some Oithona
species) benefit from a metabolism that is well adapted to food-depleted conditions
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where competition and predation are high (Landry, 1985; Kiørboe, 2011a). When
these small species dominate, we also expect size-related ecosystem fluxes (e.g.
secondary productivity, nutrient recycling, excretion or carbon transfer etc.) to be
weakened (Hébert, Beisner et al., 2016), which is the case in the ultra-oligotrophic
eastern Mediterranean Sea (Siokou-Frangou et al., 2010; The MerMex Group, 2011).
Larger predatory copepods (FG 1) may also occur, as they are able to feed on smaller
copepods but also larger gelatinous zooplankton like Doliolids or Appendicularia
(Ohtsuka & Onbé, 1989; Takahashi et al., 2013). Under the colder, more variable and
more productive conditions where FGs 3 and 7 are favoured, we expect
Mediterranean zooplankton food-web dynamics to be dominated by bottom-up
processes, as these functional entities thrive on phytoplankton of different size
classes. The larger current-feeding taxa (FG 3) are able to feed on the larger
phytoplankton and we expect those species to mediate stronger energy fluxes from the
surface to the deeper ocean (Jónasdóttir et al., 2015; Visser, Grønning & Jónasdóttir,
2017). Rates of secondary productivity, nutrient recycling and carbon transfer should
be enhanced in the communities where such species dominate (Hébert, Beisner et al.,
2016). These FGs are known to be more abundant in the coldest and most productive
regions of the Mediterranean Sea: the northwestern regions (Gulf of Lion and
Ligurian Sea), the northern Adriatic and Aegean Sea (Siokou-Frangou et al., 2010;
The MerMex Group, 2011). Regarding small ambush-feeding generalists (FG 5), the
positioning of O. similis at the extreme negative end of the niche space (Fig. D.3)
skews the average position of FG 5, whereas most of the species constituting this
group are located at the opposite side of the niche space. O. similis is known to reach
high abundances and biomass in colder environments (Gallienne & Robins, 2001;
Castellani, Licandro, Fileman, Di Capua & Mazzocchi, 2016), but it has been
frequently misidentified with O. helgolandica and is sometimes even considered as a
conglomerate of cryptic species (Razouls et al., 2005-2017). Based on the present
results, we do not expect cruise-feeding detritivorous species to be favoured under
any particular conditions in the Mediterranean Sea.
The extent to which our findings apply to the global scale remains to be tested and
depends on the representativeness of the Mediterranean copepod fauna relative to the
global one. Yet it should be noted that the occurrence data we used here already
covers a nearly global latitudinal and environmental range (Appendices S4 and S5).
The geographical range of the data used to model the copepod niches is comparable
across FGs, with data mainly located in the Mediterranean Sea and its surrounding
basins: the North Atlantic and Indian Oceans. A notable exception is FG 6 because of
the wider distribution of Oithona similis in polar oceans. Similarly, the distribution of
the environmental predictors associated with the monthly presence of species largely
overlaps between FGs (Appendix S5), suggesting that the differences observed in
niche space (Fig. D.4) result from the differential segregation of the FG presence data
in geographical and/or environmental space.
Based on these findings, we anticipate that carnivorous FGs should dominate
community composition in tropical conditions, whilst small ambush-feeding
omnivores (Oithona spp.), large current-feeding herbivores and some smaller currentfeeding herbivores should prevail in temperate, subpolar and polar oceans. Our results
are in line with those of Woodd-Walker, Ward & Clarke (2002) who found a higher
proportion of carnivorous copepods at lower latitudes, relative to herbivorous and
omnivorous copepods. Primary production is low in warmer seas, so there is a clear
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ecological advantage in specializing on food sources other than phytoplankton.
Alternatively, species that primarily graze on phytoplankton and store lipids, such as
many large Calanoida (Barton et al., 2013) are disadvantaged under tropical
conditions. Our results are also in agreement with Atkinson (1998), who observed that
the strong seasonality in food availability at high latitudes favours two types of life
history strategies: (i) small generalists (typified by Oithona spp.) that present
extended feeding periods thanks to a wide range of feeding mechanisms and preys
(Castellani, Irigoien, Harris & Lampitt, 2005); and (ii) larger herbivorous lipid-storing
species (typified by Calanus and other large Calanoida) that are able to enter diapause
at greater depth for overwintering. This is in line with the association of large currentfeeders with colder and more productive conditions.
Implications for ecosystem functions and modelling
Based on our analyses we recommend the integration of selected, observation-based
zooplankton functional groups in regional to global marine ecosystem models to
better represent the diversity of plankton and their functional roles in ecosystems (Le
Quéré et al., 2016). At present, copepods are represented by the mesozooplankton
compartment in most models, a size class that was included due to its important role
in the carbon cycle via the formation of particulate organic matter, and its link
between phytoplankton and higher trophic levels (Le Quéré et al., 2005). In current
models, the mesozooplankton group has a fixed trophic level and comprises groups
with different trophic levels and distinct traits. Such a simplistic representation
prevents an accounting of food-web dynamics involving multi-trophic interactions
and energy transfer from the first trophic level upwards through multiple channels,
with potentially different time scales and transfer rates. A recent study demonstrates
the importance of zooplankton food web interactions for ecosystem characteristics in
a model with higher heterotroph complexity (Le Quéré et al., 2016). The authors
suggest that the inclusion of multiple zooplankton taxa at different trophic levels, and
with different physiological and behavioral characteristics, may be a promising
avenue in order to improve the representation of marine ecosystem dynamics in a
more realistic way. Our results confirm these findings and show that even within a
single size class, the available functional trait data is now ample enough to inform the
observation-based definition of functional groups based on physiological and
behavioural characteristics.
The delineation of FGs presented here is relevant for Mediterranean and global
ecosystem models because FGs (i) play different roles in food webs, (ii) are
characterized by different, though overlapping, environmental and physiological
requirements, and (iii) impact the abundance of other PFTs and energy and matter
transfer patterns within marine food-webs (Hood et al., 2006; Le Quéré et al., 2016).
Current-feeding herbivores primarily graze upon the phytoplankton and the
protozooplankton and then are preyed upon by predators (i.e. carnivorous copepods or
fishes; Lynam et al., 2017). Carnivorous FGs contribute to the top-down control of
other FGs. The detritivores graze upon particulate organic matter, therefore affecting
its re-mineralization and attenuation at depth (Nishibe et al., 2015).
Caveats and robustness of our study
In this study, all niche characteristics were derived from GAMs, one of the many
existing ENMs (Merow et al., 2014). ENM choice is the primary cause of uncertainty
in niche model projections (Diniz-Filho et al., 2009; Garcia, Burgess, Cabeza,
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Rahbek, Araújo & 2012; Benedetti et al., 2017) and is therefore likely to be the largest
uncertainty factor in our niche parameters. We visually compared the response curves
with those obtained from generalized linear models (GLMs), maximum entropy
(MaxEnt; Phillips, Anderson & Schapire, 2006), flexible discriminant analysis (FDA),
multivariate adaptive regression splines (MARS), neural network analysis (ANN),
classification tree analysis (CTA), boosted regression trees (BRT) and random forest
(RF). Most of these models (GLMs, FDA, MARS and MaxEnt) generated response
curves with shapes similar to those obtained from GAMs, while deviations in certain
models (CTA, BRT) were explained by methodological reasons, thus suggesting that
our results are robust to model choice (Appendix S6) and model set-up.
Although our traits span diverse types and functions, many other quantitative and
qualitative functional traits exist for zooplankton (Litchman et al., 2013). Our choice
of traits was limited by the amount of available information for more than 100 species
that are representative of Mediterranean planktonic ecosystems. In spite of the
growing literature publishing trait tables for zooplankton, physiological rates are still
only measured for a small pool of calanoid copepods (Kiørboe & Hirst, 2014; Hébert
et al., 2016; Brun et al., 2017). Ultimately, the identified FGs and the covered range
of trait values depend on the species pool studied. In the present framework, missing
functional trait values have relatively minor impact on the FGs definition because
species with more than two missing traits are treated as supplementary objects in the
MCA, meaning they are placed in the functional space a posteriori and according to
their similarity with the fully-informed species (Benedetti et al., 2016). A species with
only one informed trait will deviate from the center of the MCA space only along the
dimensions that are scored by this very trait. Ignoring rare species was necessary in
our study since those largely lack both trait information and distribution data. The
species with several missing trait values studied here are also those less frequently
sampled in the Mediterranean Sea (Razouls et al., 2005-2017; Mazzocchi et al.,
2014). Apart from the species belonging to the Siphostomatoida order, which are
mostly semi-parasitic, it is unlikely that including rare species would add trait
combinations that are completely novel compared to the ones covered here. As rarer
copepod species are much less abundant in the plankton, it is also unlikely that they
play an equally significant role in Mediterranean ecosystem functioning than the
species studied here. However, we acknowledge that it remains to be tested how
accounting for additional species, or clades, would change the distribution of FGs in
niche space.
Although copepods represent the largest fraction of biomass and diversity in the
Mediterranean zooplankton (Siokou-Frangou et al., 2010), not accounting for other
taxa, such as pteropods, chaetognaths, salps and appendicularians, may potentially
ignore important ecological functions performed by these other groups. The next step
will be to enlarge the species pool to the dominant taxa of other basins to test whether
our findings apply to zooplankton communities worldwide
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D.5 Supporting Information
Supporting Information S1 Table describing the set of environmental predictors
tested in the present study. The time period covered by the monthly climatologies is
given, as well as the corresponding references.
Supporting Information S2 Table summarising for every 106 copepod species: the
number of observations (presences at the global scale, after re-sampling on the
predictors cell grid); the average TSS value of the multivariate niche models and its
standard deviation; the average niche characteristics derived from the univariate
models and their associated standard deviations computed thanks to the boostrapping
procedure.
Supporting Information S3 Pair-wise Spearman’s correlation coefficient (ρ) values
of all the univariate niche characteristics (n = 24).
Supporting Information S4 Maps of the sampling effort (i.e. number of species
presences) for each of the seven copepod functional group defined in the study.
Presences are at a 1°x1° cell grid resolution after re-sampling the observed
occurrences on the cell grid of the environmental predictors.
Supporting Information S5 Distribution of the latitude and the six environmental
predictors’ values for each of the seven copepod functional groups defined in the
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study. Values correspond to the environmental monthly data that were fitted on each
species monthly occurrence.
Supporting Information S6 Examples of response curves to Sea Surface
Temperature (SST) variations for Calanus helgolandicus, Acartia Acartiura clausi
and Clausocalanus mastigophorus, according to nine different types of environmental
niche models (ENMs): Generalized Additive Models (GAM), Generalized Linear
Models (GLM), Multi-Adaptive Regression Splines (MARS), Flexible Discriminant
Analysis (FDA), Maximum Entropy (MAXENT), Boosted Regression Trees (BRT),
Random Forest (RF), Classification Tree Analysis (CTA), and Neural Network
Analysis (ANN). Additionally, the niche spaces (based on a Principal Component
Analysis (PCA) performed on the chosen eleven niche characteristics) and positions
of the seven copepod functional groups according to various parameters of the niche
modelling framework designed for the present study: the choice of the ENM, the
choice of the Generalized Additive Models (GAMs) smoothing parameter value (k),
and the percentage of the species’ monthly occurrence data considered to train (and
test) the GAMs.
For this supporting information the reader is referred to the published article.
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