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Summary

The Arctic Ocean’s significance for the global climate is well established, and there
is broad evidence that the Arctic represents an important and unique ecosystem.
Besides their global importance, Arctic regions exhibit high degrees of variability in
physical, chemical, and biological processes. The variability observed in the Arctic
is substantial, in both temporal and spatial dimensions, especially in comparison
with warmer and more oligotrophic ocean regions of lower latitudes. Spatially, it
encompasses diverse subregions, each with its unique characteristics. Temporally,
the Arctic experiences variability at seasonal, inter-annual, and longer time scales,
with significant implications for its ecosystems and global climate dynamics. The
warming effects of anthropogenically induced climate change are amplified in the
Arctic, leading to a rapid decline in sea ice extent and thickness. These documented
changes in temperature and sea ice cover are expected to affect Arctic ecosystems
and their biogeochemical functioning. Potential impacts include shifts in plankton
community composition, changes in productivity, or mismatches in timing between
primary producers and their grazers, with consequences for higher trophic levels
such as fish, marine birds, and mammals.

Despite efforts to understand climate change impacts in the Arctic, isolating
trends remains challenging, given the strong seasonal and spatial variability in the
observational data. The primary objective of my thesis is to advance our under-
standing of the connections between the microbial pelagic ecosystem and organic
matter cycling in the Arctic Ocean, while explicitly accounting for the variability
seen in observational data. My main goal is to unravel the complex dynamics that
drive temporal and spatial variations in protist plankton composition and to identify
the key spatial regions important for discerning the underlying growth dynamics.
Understanding the ranges and drivers of seasonal and inter-annual variability in
these processes is critical for reliable projections of future climate change impacts
on Arctic ecosystems. The limited availability of ocean data from this region poses
a challenge to creating a comprehensive synthesis of the interdependent ecological
and biogeochemical processes. To bridge this gap, I adopted an approach where I
was able to combine highly resolved ecological data derived from microscopic mea-
surements with a size-based plankton ecosystem model. By following a Lagrangian
approach, I could track the specific physical forcing histories that plankton com-
munities experience during their transit through the Fram Strait, which helped to
disentangle great parts of the variability seen in tracer concentrations and phy-
toplankton biomass. Additionally, I employed a machine learning technique that
allowed relating the seasonal and inter-annual variability of phytoplankton standing
stocks to the Fram Strait’s variable hydrographic conditions.

The community size structure of Arctic protist plankton and its variability is
the focus of Chapter 2 (Manuscript 1). Continuous size spectra were derived us-
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Summary

ing the Kernel Density Estimation method from microscopic data of the protist
plankton collected in the Fram Strait between 2016 and 2018. These plankton size
spectra provide insight into the size distribution of cell abundance and biovolume,
revealing specific size intervals that indicate size-selective predation and omnivory,
and ‘loopholes’ caused by reduced grazing pressure, improved growth conditions, or
both. This analysis furthermore revealed that the decline in total biovolume from
summer to autumn is accompanied by a clear shift towards larger plankton cell
size. Such highly resolved size spectra contain detailed ecological information and
provide an excellent basis for constraining results of size-based model applications.

With a size-based Lagrangian modelling approach, as described in Chapter 3
(Manuscript 2), it is possible to analyse the dynamical links between the changes
in biogeochemistry, which include productivity and export of organic matter, and
the development of the size structure of the plankton community. This plankton
ecosystem model resolves nine distinct size classes of phyto- and zooplankton and
considers the size-dependency of crucial ecological and physiological processes by
applying allometric scaling relationships to simulate standing stocks and fluxes of
carbon and nitrogen with the nutrient, phyto-, zooplankton and detritus pools.
The 1D ecosystem model is forced with 4 ensembles of trajectories that trace the
physical conditions along the major currents through the Fram Strait. Overall,
estimates of biogeochemical tracer standing stocks and fluxes in the model compare
well with in-situ and climatological data. Furthermore, simulations of the plankton
size structure are in reasonable agreement with the size spectra presented in Chapter
2. Of the variability observed locally at HAUSGARTEN LTER stations, 10–72 %
can be attributed to the differences in origin and temporal development of the
environmental conditions along the individual trajectories. The model-estimated
maxima in productivity and vertical export suggest that these occurred earlier and
thus at some distance from the sampling sites of the Fram Strait.

Finally, in Chapter 4, the separation (sectorisation) of surface water mass prop-
erties in the Fram Strait with a machine learning (k-means clustering) technique
could be further elaborated. With this clustering approach, the variability in re-
mote sensing chlorophyll-a data could be disentangled, revealing similar character-
istic and robust features within the resolved sectors (regional clusters). Instead of
differentiating only between the warmer West Spitsbergen Current (WSC) and the
colder East Greenland Current (EGC) influenced regions, a third sector was explic-
itly resolved to account for the highly variable frontal system in the Fram Strait.
The timing and intensity of plankton blooms in remote sensing surface chlorophyll-a
concentrations differ within the three hydrographical subsections of the Fram Strait,
with earlier blooms starting in May in the EGC sector, and later blooms in July
in the WSC sector. While the chlorophyll-a variability generally correlates with
the total chlorophyll-a concentration, the normalised variability revealed a signif-
icantly higher baseline variability in the EGC sector compared to the WSC and
front sectors, which is linked to the highly variable sea ice dynamics.

By integrating observational data, modelling approaches, and machine learn-
ing techniques, this thesis highlights the impact of variations in the water mass
characteristics on the seasonal plankton phenology and productivity patterns. This
thesis provides new insights into the spatial and temporal variability of Arctic pro-
tist plankton in the Fram Strait, its causes, and interrelationships that should help
drive future research in this critical region.
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Zusammenfassung

Die Bedeutung des Arktischen Ozeans für das globale Klima ist wohlbekannt, und es
gibt viele Hinweise darauf, dass die Arktis ein wichtiges und einzigartiges Ökosystem
darstellt. Neben ihrer globalen Bedeutung weisen die arktischen Regionen ein ho-
hes Maß an Variabilität bei physikalischen, chemischen und biologischen Prozessen
auf. Die in der Arktis beobachtete Variabilität ist sowohl in zeitlicher als auch
in räumlicher Hinsicht beträchtlich, insbesondere im Vergleich zu den wärmeren
und oligotrophen Ozeanregionen der niedrigeren Breitengrade. Räumliche Variabil-
ität spiegelt sich in den verschiedenen arktischen Subregionen wieder, von denen
jede ihre eigenen Merkmale aufweist. In zeitlicher Hinsicht verzeichnet die Arktis
Variabilität auf saisonalen, zwischenjährlichen und längerfristigen Skalen, mit er-
hebliche Auswirkungen auf ihre Ökosysteme und die globale Klimadynamik. Die
Erwärmung durch den anthropogenen Klimawandel wird in der Arktis noch ver-
stäkt, was zu einem raschen Rückgang der Ausdehung und Dicke des Meereises
führt. Es ist zu erwarten, dass diese dokumentierten Veränderungen der Temperatur
und der Meereisbedeckung die arktischen Ökosysteme und ihre biogeochemischen
Funktionen beeinträchtigen werden. Zu den möglichen Auswirkungen gehören Ver-
schiebungen in der Zusammensetzung der Planktongemeinschaft, Veränderungen
in der Produktivität oder zeitliche Diskrepanzen zwischen den Primärproduzenten
und ihren Fressfeinden, mit Konsequenzen für höhere trophische Ebenen wie Fische,
Meeresvögel und Säugetiere.

Trotz der Bemühungen die Auswirkungen des Klimawandels in der Arktis zu ver-
stehen, bleibt die Isolierung von Trends angesichts der starken saisonalen und räum-
lichen Variabilität der Beobachtungsdaten eine Herausforderung. Das Hauptziel
meiner Dissertation ist es, unser Verständnis für die Zusammenhänge zwischen dem
mikrobiellen pelagischen Ökosystem und dem Kreislauf der organischen Materie im
Arktischen Ozean zu verbessern und dabei die Variabilität der Beobachtungsdaten
explizit zu berücksichtigen. Ich möchte die komplexe Dynamik entschlüsseln, die
die zeitlichen und räumlichen Schwankungen in der Zusammensetzung des Protis-
tenplanktons bewirkt, und die räumlichen Schlüsselregionen identifizieren, die für
die Erkennung der zugrunde liegenden Wachstumsdynamik wichtig sind. Das Ver-
ständnis der Bandbreite und der Triebkräfte der saisonalen und zwischenjährlichen
Variabilität dieser Prozesse ist von entscheidender Bedeutung für zuverlässige Pro-
jektionen der künftigen Auswirkungen des Klimawandels auf die arktischen Ökosys-
teme. Die begrenzte Verfügbarkeit von Meeresdaten aus dieser Region stellt jedoch
eine Herausforderung für die Erstellung einer umfassenden Synthese der zusam-
menhängenden ökologischen und biogeochemischen Prozesse dar. Um diese Lücke
zu schließen habe ich einen Ansatz gewählt, bei dem ich hoch aufgelöste ökologis-
che Daten, abgeleitet aus mikroskopischen Messungen, mit einem größenbasierten
Plankton-Ökosystemmodell kombinieren konnte. Mit Hilfe eines Lagrange-Ansatzes
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Zusammenfassung

konnte ich die Geschichte der unterschiedlichen physikalischen Einflüsse verfolgen,
denen die Planktongemeinschaften während ihrer Durchquerung der Framstraße
ausgesetzt sind, und so einen großen Teil der Variabilität der Tracerkonzentratio-
nen und der Phytoplanktonbiomasse entschlüsseln. Darüber hinaus habe ich eine
Maschine-Learning-Technik eingesetzt, die es ermöglichte, die saisonale und inter-
annuelle Variabilität der Phytoplanktonbestände mit den variablen hydrographis-
chen Bedingungen in der Framstraße in Beziehung zu setzen.

Die Größenstruktur der Gemeinschaft des arktischen Protistenplanktons und
ihre Variabilität ist der Schwerpunkt von Kapitel 2 (Manuskript 1). Aus mikroskopis-
chen Daten, welche zwischen 2016 und 2018 in der Framstraße gesammelt wur-
den, wurden mit der Methode der Kerndichtenschätzung kontinuierliche Größen-
spektren des Protistenplanktons abgeleitet. Diese Plankton-Größenspektren geben
Aufschluss über die Größenverteilung der Zellhäufigkeit und des Biovolumens und
enthüllen spezifische Größenintervalle, die auf größenselektive Prädation und Om-
nivorie sowie auf ‘Schlupflöcher’ hinweisen, die durch verringerten Weidedruck,
verbesserte Wachstumsbedingungen, oder beides verursacht werden. Diese Analyse
ergab außerdem, dass der Rückgang des Gesamtbiovolumens vom Sommer bis zum
Herbst mit einer deutlichen Verschiebung zu größeren Planktonzellen einhergeht.
Solche hochaufgelösten Größenspektren enthalten detaillierte ökologische Informa-
tionen und bieten eine hervorragende Grundlage für die Überprüfung der Ergebnisse
von größenbasierten Modellanwendungen.

Ein größenbasierter Lagrangescher Modellierungsansatz, wie er in Kapitel 3
(Manuskript 2) beschrieben wird, ermöglicht es, die dynamischen Zusammenhänge
zwischen Veränderungen in der Biogeochemie, einschließlich der Produktivität und
des Exports von organischem Material, mit der Entwicklung der Größenstruktur der
Planktongemeinschaft zu analysieren. Dieses Plankton-Ökosystemmodell löst neun
verschiedene Größenklassen von Phyto- und Zooplankton auf und berücksichtigt die
Größenabhängigkeit entscheidender ökologischer und physiologischer Prozesse durch
die Anwendung allometrischer Skalierungsbeziehungen, um die Bestände und Flüsse
von Kohlenstoff und Stickstoff innerhalb der Nährstoff-, Phyto-, Zooplankton- und
Detritus-Pools zu simulieren. Das 1D-Ökosystemmodell wird mit vier Trajekto-
rienensembles angetrieben, mit denen die physikalischen Bedingungen entlang der
Hauptströmungen in der Framstraße nachgezeichnet werden. Insgesamt stimmen
die Schätzungen der biogeochemischen Tracerbestände und -flüsse im Modell gut mit
den in-situ- und Klimadaten überein. Außerdem stimmen die simulierten Größen-
verteilungen des Planktons gut mit den in Kapitel 2 vorgestellten Größenspektren
überein. Von der lokal an den HAUSGARTEN LTER-Stationen beobachteten Vari-
abilität können 10–72 % auf die unterschiedliche Herkunft und zeitliche Entwicklung
der Umweltbedingungen entlang der einzelnen Trajektorien zurückgeführt werden.
Die modellgeschätzten Maxima in Produktivität und vertikalem Export organischen
Materials lassen vermuten, dass diese früher und damit in einiger Entfernung von
den Probenahmestellen in der Framstraße auftraten.

Abschließend wird in Kapitel 4 die Trennung (Sektorisierung) der Oberflächen-
wassermasseneigenschaften in der Framstraße mit einer Machine Learning Technik
(k-means clustering) weiter ausgearbeitet. Mit diesem Clustering-Ansatz könnte die
Variabilität der Fernerkundungs-Chlorophyll-a-Daten entflochten werden, wodurch
ähnliche charakteristische und robuste Merkmale innerhalb der aufgelösten Sek-
toren (regionale Cluster) sichtbar werden. Anstatt nur zwischen den wärmeren,
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Zusammenfassung

vom Westspitzbergenstrom (WSC) und den kälteren, vom Ostgrönlandstrom (EGC)
beeinflussten Regionen zu unterscheiden, wurde hier ein dritter Sektor explizit
aufgelöst, um dem hochvariablen Frontensystem in der Framstraße Rechnung zu
tragen. Der Zeitpunkt und die Intensität der Planktonblüte in den Fernerkun-
dungsdaten der Chlorophyll-a-Oberflächenkonzentrationen unterscheiden sich in-
nerhalb der drei hydrographischen Sektoren der Framstraße, wobei die Blüte im
EGC-Sektor früher im Mai beginnt und im WSC-Sektor später im Juli. Während
die Chlorophyll-a-Variabilität im Allgemeinen mit der Gesamtchlorophyll-a-Kon-
zentration korreliert, zeigte die normalisierte Variabilität im EGC-Sektor eine sig-
nifikant höhere Basisvariabilität als im WSC- und im Front-Sektor, was mit der sehr
variablen Meereisdynamik zusammenhängt.

Durch die Integration von Beobachtungsdaten, Modellierungsansätzen und Ma-
chine Learning Techniken werden in dieser Arbeit die Auswirkungen von Variationen
der Wassermasseneigenschaften auf die saisonale Planktonphänologie und Produk-
tivitätsmuster aufgezeigt. Diese Arbeit bietet neue Einblicke in die räumliche und
zeitliche Variabilität des arktischen Protistenplanktons in der Framstraße, ihre Ur-
sachen und Zusammenhänge, welche die zukünftige Forschung in dieser kritischen
Region anregen sollen.
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Chapter 1

Introduction

1.1 Variability in the Arctic

The Arctic Ocean is a key player in the global climate system due to its role in
water mass transformation and the freshwater budget (Rudels and Friedrich, 2000).
Moreover, its ice cover is crucial for the cooling regulation because of the albedo
effect (e.g. Perovich et al., 2007; Stroeve et al., 2012). However, the ecosystems
within the Arctic Ocean are facing unprecedented challenges, including the impacts
of climate change, intensified fishing pressure, and pollution (e.g. Wassmann, 2011;
Arrigo, 2013; Townhill et al., 2022). Characterized by pronounced variability across
various spatial and temporal scales (e.g. Wilson et al., 2021), the Arctic Ocean
stands as a dynamic and critical component of the Earth’s climate system.

Spatial variability can be expressed by the larger-scale differences in the Arctic
subregions. For example, the influence of the freshwater system plays different roles
in the Arctic subregions, such as the coastal shelf regions and the major basins of
the Arctic Ocean. While waters entering the central Arctic from the Nordic Seas are
temperature-stratified, those entering from the Bering Strait are salinity-stratified,
which leads to differences in the winter mixed layer depths between the Eurasian
and Amerasian Basins (Brown et al., 2020). The coastal shelf regions, however, are
subject to seasonally varying riverine input of terrestrial matter (nutrients, particu-
late organic and inorganic matter, with limited transport into the deep basins) and
seasonally varying sea ice cover (Brown et al., 2020). Spatial variability can also be
expressed on finer scales, such as the mesoscale variability in the physical conditions
introduced by eddies (extending up to 100 km), that modify the sea ice conditions
and thereby impact primary productivity (e.g. Von Appen et al., 2022). On even
finer scales, variability can be observed in the form of plankton patches (usually
extending over 2–5 km), where the chlorophyll-a concentration within a patch can
exceed outside concentrations by a factor of 3–17 (e.g. Trudnowska et al., 2016).

Temporal variability can also be observed on various levels. For example, sea-
sonal variability in primary productivity in the Arctic Ocean is predominantly
shaped by extreme gradients in light availability, ranging from complete darkness
during the polar night in winter to 24h of light exposure during the polar day in
summer, and the seasonal cycle of melting and freezing of the sea ice cover that
modulates the stratification of the water column and the water column light field
(e.g. Castellani et al., 2022). Furthermore, inter-annual variations can be reflected
in biological variables, such as plankton bloom dynamics and the impact on higher
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trophic levels like fish recruitment, as documented e.g. in the Oscillating Control
Hypothesis for the eastern Bering Sea (Hunt et al., 2011). The OCH describes how
the timing of seasonal ice retreat impacts the timing of plankton blooms and thus
the copepod composition and distribution, which in turn affects pollock recruit-
ment and stock sizes. Early retreat favors smaller copepods and leads to reduced
pollock stocks, while late retreat supports larger copepods and increased pollock
populations in the following year (Hunt et al., 2011). On multi-annual (i.e. decadal
or multi-decadal) scales, observations have shown how atmospheric oscillatory pro-
cesses, such as the Arctic Oscillation and the Low Frequency Oscillation, influence
atmospheric sea level pressure and surface air temperatures and drive a large am-
plitude of atmospheric variability in the Arctic (Polyakov and Johnson, 2000).

On longer time scales, the Arctic Ocean is under serious transformation due
to anthropogenically induced climate change (e.g. Wassmann and Reigstad, 2011;
Stroeve et al., 2012). The Arctic shows considerably stronger warming than other
regions on the globe, a phenomenon often referred to as Arctic Amplification. (Man-
abe and Stouffer, 1980) have shown with a relatively simple model that when at-
mospheric carbon dioxide (CO2) is quadrupled, warming is amplified in the Arctic,
and that this warming is stronger in winter than in summer, which considerably
decreases the seasonal amplitude. Responsible for this amplification are feedback
processes associated with temperature, water vapour, clouds, and surface albedo
(Holland and Bitz, 2003). The sea-ice albedo feedback is often considered the most
important contributor, although Pithan and Mauritsen (2014) have found that the
amplification occurs also in models that simulate no change in sea ice cover, indi-
cating that the temperature feedback is even stronger. Newer research by Jenkins
and Dai (2021) however contradicts this view and identifies sea ice loss and the
resulting changes in surface warming and surface albedo as the drivers of Artic
Amplification, concluding that sea ice loss enhances the heat release during win-
ter, which in summer leads to a positive albedo effect and in winter to a moderate
positive cloud feedback, that both contribute to the Arctic Amplification. Between
1979 and 2021, temperatures in the Arctic have risen four times faster than the
global average, as demonstrated by Rantanen et al. (2022) using a combination of
several sets of different types of observations. The authors conclude that when the
observed four-fold warming is compared to the results of various models, it qualifies
as an extremely unlikely event and may indicate how current models underestimate
polar amplification. In absolute numbers, this corresponds to an increase in sea
and sea-ice surface temperature by 4.5°C between 1982 and 2021 averaged over the
Arctic, with considerable regional variability and a peak increase of 10°C in the
north-eastern Barents Sea (Nielsen-Englyst et al., 2023). The temperature increase
has led to a substantial decline in sea ice extent and thickness (Stroeve et al., 2012;
Hansen et al., 2013; Renner et al., 2014; Spreen et al., 2020).

The documented changes in temperature and ice cover are expected to have
considerable impacts on Arctic ecosystems and their biogeochemical functioning
(Wassmann and Reigstad, 2011). The effects range from changes in the composition
of the planktonic communities with smaller picoplankton (< 2 µm) replacing the
larger nanoplankton (2–20 µm) (Li et al., 2009) to changes in productivity due to the
longer ice-free periods, where estimates range between an increase of ca. 30 % for
the period 1998–2012 (Arrigo and van Dijken, 2015) to a smaller increase of 4.5 %
for the period 1998–2018 (Kulk et al., 2020). Phytoplankton and ice algae (growing
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attached to the underside of sea ice) serve as a food source for higher trophic
levels, e.g. copepods. However, the earlier timing of bloom initiation may cause
mismatches between the abundance of nutrition and the established reproduction
and life cycles of metazoan grazers (Søreide et al., 2010).

Given the strong seasonal and spatial variability, isolating trends associated with
climate-change-induced warming is a difficult task and requires confident knowledge
of the ranges of natural variability in this remote and heterogeneous region.

1.1.1 General plankton dynamics in the European Arctic

The seasonal dynamics in water column stability (stratification and vertical mixing)
that are largely determined by the freeze-melt cycle (e.g. Brown et al., 2020), along
with the changes in the photosynthetically available radiation (PAR) during the
annual light cycle (e.g. Castellani et al., 2022), drive the seasonal phenology of
primary producers in the water column of the Arctic seasonal ice zone.

The Arctic plankton community is subject to strong seasonal and spatial vari-
ations in nutrient and light availability, which was comprehensively described in
overview figures by Wassmann and Reigstad (2011) shown in Fig. 1.1. In the
marginal ice zone (Fig. 1.1 a)), a zone of pronounced productivity (e.g. Smith et al.,
1987), the thick sea ice and its snow cover begin to melt in spring. A first bloom
occurs in the bottom layer of the sea ice, triggered once light levels are sufficient for
the low-light adapted ice-algal species (Leu et al., 2015). In the following, increased
stratification of the upper water column and further increasing light availability trig-
ger brief and intensive pelagic plankton blooms. These ice-edge associated blooms
form belts of 20–100 km width along the ice-edge (Sakshaug, 2004). The positive
buoyancy of the upper water column prevents deep mixing, e.g. by wind, and sep-
arates the euphotic zone and seasonal mixed layer from the permanent nutricline
(Brown et al., 2020). Autotrophic growth exceeds heterotrophic degradation dur-
ing this phase, which leads to the rapid accumulation of biomass. However, this
primary production quickly depletes dissolved nutrients from the surface down to
increasingly greater depths, and heterotrophic processes gradually take over, initi-
ating the decline of the bloom. During this time, new production is small and a
subsurface chlorophyll maximum forms above the nutricline (Brown et al., 2020).
During summer, export to depth is highest and consists mostly of biogenic matter
that originates from phytoplankton. As this vertical organic matter (OM) export
gradually declines throughout late summer and autumn, the composition of the
exported OM becomes progressively dominated by more degraded biogenic matter
that stems from heterotrophic micro- and mesoplankton (Wassmann and Reigstad,
2011). Nutrient limitation and decreasing light availability due to the decreasing
day length and the onset of sea ice formation limit further photoautotrophic growth,
which deprives the heterotrophic community of their resources. Consequently, het-
erotrophic biomass declines and the remaining organic matter is either exported
to depth or remineralised in the surface layer. However, when sea ice formation
in autumn releases brine again and erodes the summer halocline down to the per-
manent halocline, autumn blooms may occur (Brown et al., 2020). During winter,
biomass and export remain low and nutrients in the upper water column are replen-
ished through diffusion and vertical mixing until the next spring (Wassmann and
Reigstad, 2011). Ice-edge blooms are constantly on the move while sea ice breaks up
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a)

b)

Figure 1.1: Seasonal and spatial variability in phytoplankton bloom dynamics, as con-
ceptualised and described by Wassmann and Reigstad (2011, Figs. 2 and 3, combined and
simplified). The seasonality in bloom development of protist phyto- and zooplankton in
the seasonal ice zone is shown in a). During the dark period, vertical export of organic
matter (shown semi-quantitatively as arrows) is low. In spring, light availability increases
as the ice cover thins, allowing the growth of ice algae (shown as green dots). As the
ice retreat continues, meltwater stabilises the water column and a pelagic phytoplankton
bloom forms (shown in green). The proportion of heterotrophic plankton increases during
the open water period (indicated by the green-to-red gradient). The key source of exported
matter changes during the growth period (colour of arrows; ice algae = dark green, phy-
toplankton = light green, orange to red = increasing proportion of detritus). The spatial
variability in relation to sea ice is shown in b). In the multiyear ice zone, thick ice cover
prevents light from reaching the water column, and primary productivity and suspended
biomass are low. Productivity is increased in the marginal ice zone, leading to transient
high suspended biomass, as light can enter the water column. Meltwater stratification
stabilises the water column preventing the phytoplankton from mixing out of the euphotic
zone. The depth of the mixed layer increases with increasing distance to the ice edge.
Here, productivity is high but suspended biomass is low.
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and exposes nutrient rich water, with the bloom following the retracting ice edge,
being youngest close to the edge, and in the culmination phase in some distance
(Sakshaug, 2004).

The dynamics of plankton productivity in the ice-covered regions differ from
those in the open sea. In general, the large-scale variability in polar phytoplankton
is driven by how much mixed-layer conditions allow for increasing and decreasing cell
division rates. The interplay of the division and loss rates, which are highly corre-
lated with loss rates lagging behind division rates by a few days, creates boom-bust
cycles of biomass (Behrenfeld et al., 2017). While productivity and its variability are
most pronounced in the marginal ice zone, photosynthetic activity in the multi-year
ice zone is limited by low under-ice light availability and is mainly associated with
ice-algae (Leu et al., 2015). In the open ocean zone, the water column is subject to
a weaker, thermal stratification. Here, productivity decreases with increasing dis-
tance to the ice edge, and suspended biomass concentrations are considerably lower
than in the marginal ice zone (see Fig. 1.1 b)). Periodic mixing, e.g. due to strong
winds or upwelling at the shelf breaks, partly replenishes the upper water column
with fresh nutrients and triggers occasional small pulsed bloom events (Wassmann
and Reigstad, 2011).

In the European Arctic, the phenology of blooms is highly variable in terms
of intensity and onset. For example, along the Greenland coast, the date of bloom
initiation shows a strong north-to-south gradient with earlier onset starting in April
in the south and later, by the end of June north off Greenland (Vernet et al., 2021).
Furthermore, along this S–N gradient, productivity is affected by the sea ice, its
formation and melting, with higher rates and earlier onset offshore, moving closer
to the coast during summer (Vernet et al., 2021). A long-term analysis of satellite-
derived estimates of sea-surface chlorophyll a (Chl-a) concentrations between 1998
and 2012 revealed high intra and inter-annual variability and showed that Chl-a
maxima were typically reached around May or June (bloom duration 73–128 days)
in the western Fram Strait off Greenland and in June or July (duration 112–142
days) in the eastern Fram Strait off Spitsbergen (Nöthig et al., 2015).

Apart from the differences in timing and duration of blooms, the total (inte-
grated) primary productivity differs within the Fram Strait. The estimated an-
nual net primary production in the western part of the Fram Strait is estimated
around 49.5 to 53.2 g Cm−2 yr−1 from ocean color remote sensing and 23.9 to
34.5 g Cm−2 yr−1 from SINMOD model simulations, with its maximum of 0.6
g Cm−2 d−1 in June or July (Vernet et al., 2021). The f-ratio (fraction of new pro-
duction and total production) around 0.7 indicates that a large amount (ca. 70 %)
of total primary production is available for export to depth or higher trophic levels
(Vernet et al., 2021) and therefore a potentially less effective influence of the mi-
crobial loop. The eastern part of the Fram Strait shows higher productivity during
the productive season (April to September). Similarly to the western part, Vernet
et al. (2019) observed a strong south-to-north gradient in gross primary produc-
tion (GPP) from SINMOD model results, ranging from 120 g Cm−2 6mo−1 west of
Spitsbergen to 60 g Cm−2 6mo−1 north of Svalbard, of which 15 g Cm−2 6mo−1 are
available for export each year. In this region of Atlantic water inflow, advected
plankton account for 30 times the in-situ annual production. While the contribu-
tion of advected plankton to the total biomass is intermediate (10 to 20 times) at
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Figure 1.2: Remote sensing observations of sea surface temperature (SST), sea ice cover
(SIC), and chlorophyll-a concentration (Chl) in the Fram Strait. Shown here are monthly
aggregates of daily data products (mean) for May, July and September in 2018. SST and
SIC data were provided by GHRSST, Met Office and CMEMS (Good et al., 2020), Chl
data are sourced from CMEMS and ACRI (2023).

the beginning and the end of the growth season, the ratio is especially small (5
times) when in-situ GPP is high, i.e. during the spring bloom, and maximum (50
times) in August (Vernet et al., 2019).

Another example of the temporal and spatial variability in chlorophyll-a stand-
ing stocks and its relationship with sea ice cover and sea surface temperature (as
a proxy for water mass type) can best be analysed with available data derived
from remote sensing, as exemplified for 2018 in Fig. 1.2. In the Fram Strait, sea
surface temperatures (SST) reveal highly variable horizontal patterns, with lower
temperatures in the northwest (ca. -2–0°C) and higher temperatures in the south-
east (> 4°C). SST is intermediate between the two regions. The regional extent
of the warmer, colder, and intermediate zones however changes over time, with the
intermediate and warmer zones progressively gaining in size from May to Septem-
ber. High spatial and temporal variability is also apparent in the ice cover (sea
ice concentration). The cold region in the northwest is fully covered with sea ice,
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while open ocean conditions occur in the southwest. The extent of the ice cover
decreases from May to September, retracting northwards and opening a polynya
off Greenland in July, that is connected to the open ocean by September. The
remote sensing data show well how the high variability in the hydrographic con-
ditions and sea ice cover is reflected in the standing stocks of phytoplankton. In
May, the concentration of chlorophyll is highest along the margin of the ice sheet
and lowest where SST is high, with sparse observations of low concentrations in the
region of high ice cover. In July, elevated chlorophyll concentrations occur in the
polynya off Greenland and the region of warmer SST off Spitsbergen. In regions of
intermediate ice cover (approx. > 60 %), chlorophyll concentration is markedly low.
In large parts of the Fram Strait, chlorophyll concentrations are low in September,
with occasional small patches of higher concentration and elevated chlorophyll in a
strip off the western coast of Spitsbergen.

1.1.2 Scales of variability in data

For unravelling variability in time and space, it is hardly possible to rely on a
single type of observational data. Different data types reveal different scales of
variability in terms of their spatial and temporal resolution. Spatial variability
on coarser scales can be captured well with data retrieved from remote sensing
satellites. The spatial resolution depends on the satellite and sensors used and on
the data processing, for example, the SST and SIC data displayed in Fig. 1.2 are
available on a 0.05x0.05° grid (Good et al., 2020) (approx. 5.5x4.5 km in this latitude
range), and the chlorophyll data on a 4x4 km grid (CMEMS and ACRI, 2023).
Although data collected with novel measurement devices on modern satellites, such
as Maxars WorldView-3 (launched in 2014), have a resolution of 0.3–30 m depending
on sensor type (ESA, 2024), the processed final data products are usually available
in coarser resolutions. Since this type of ocean data product is often available daily,
they can be combined or aggregated over time for analysing the temporal variability
over the timescales of days to decades back to the 1980ies (Comiso, 1995). However,
despite the potential high resolution of remote sensing estimations of ocean color
with optical sensors, observations in the Arctic are often obscured by aerosols,
clouds, and seasonally sun glint, low illumination, and sea ice cover (e.g. Cole et al.,
2012; Cherkasheva et al., 2014; Kuhn et al., 2023).

On somewhat coarser scales, valuable information can be derived from climato-
logical data products such as the World Ocean Atlas (Garcia et al., 2019a), which
entail long-term average data of various variables, e.g., sea surface temperatures,
salinity, or nutrient concentrations, collected over multiple years or decades often
combining measurements from ships, autonomous samplers, buoys, and satellites.
These data are vertically resolved and can thus inform about depth gradients and
may resolve major seasonal changes on local, regional to global scales.

In-situ sampling from research vessels allows for a finer spatial resolution of
surface observations, but a considerably smaller spatial coverage, i.e., along the track
of the ship or at discrete sampling stations. However, in contrast to remote sensing
observations that may only penetrate the upper water column, in-situ sampling
at discrete stations makes it possible to depict the depth dimension at a specified
resolution down to defined depths.

Repeated sampling at discrete stations permits the creation of time series. The
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repeated sampling over years or decades provides highly valuable data that capture
the local variability in time. However, their temporal resolution is defined by the in-
terval stations are sampled. For example, the Isfjorden Adventfjorden time series in
Isfjorden (Svalbard) is sampled on a weekly to monthly basis (The University Cen-
tre in Svalbard UNIS, 2024). More offshore locations, such as the HAUSGARTEN
location in the Fram Strait, are usually sampled yearly, as the remote and harsh
conditions in the region require extensive logistics. HAUSGARTEN comprises a
network of sampling stations (described in the following Sect. 1.2) and thereby
additionally allows resolving the spatial variability between the discrete locations
within the area. The in-situ sampling furthermore allows the detailed investigation
of important biological variables such as the composition of plankton communities
and organic matter, in addition to observations of their bulk concentrations. For
example, with microscopic measurements, samples of the plankton community can
be analysed in terms of abundance, species composition, and size structure. Such
highly resolved optical measurements provide important details of the plankton
ecosystem.

1.2 The Fram Strait

The Fram Strait, shown in Fig. 1.3, is considered one of the main gateways to the
Arctic Ocean, connecting the central Arctic to the Atlantic Ocean between Green-
land and Svalbard. With a sill depth of 2600 m, it is the only deep water connection,
and its width at the narrowest point is approximately 450 km. The region is char-
acterised by a highly variable hydrography and sea ice situation (Soltwedel et al.,
2016).

Waters in the eastern Fram Strait are dominated by the inflow of Atlantic water
that carries relatively warm and nutrient-rich water from the North Atlantic into
the central Arctic Ocean with the West Spitsbergen Current (WSC, red arrow in
Fig. 1.3) (Beszczynska-Möller et al., 2012). In the west, the East Greenland Cur-
rent (EGC, blue arrow in Fig. 1.3) transports colder, fresher Polar Water (PW)
southwards, exiting the Arctic Ocean and carrying sea ice into the North Atlantic
(de Steur et al., 2009). Between the two major currents, a frontal system sepa-
rates the water masses. The East Greenland Polar Front (EGPF) is affected by sea
ice dynamics and shows high seasonal variability in its intensity and extent (Liu
et al., 2022). Eddies are frequent in this region and add to the mesoscale vari-
ability (e.g. Von Appen et al., 2022). The complex hydrographic situation results
in a highly variable sea ice cover, with a permanently ice-free southeast, predomi-
nantly ice-covered northwest, and seasonally varying conditions in the central and
northeastern parts (Soltwedel et al., 2016).

Since 1999, the Fram Strait has been home to the Long Term Ecological Research
(LTER) observatory HAUSGARTEN, making it the longest multidisciplinary open-
ocean site time-series study in polar regions (Soltwedel et al., 2016). Sampling
stations follow a bathymetric transect along the 79°N latitude from 250 m to 5500 m
depth, extending from Kongsfjorden to the Molloy Deep and covering the WSC
branch. Stations that are located further to the west in the EGC, were added in
2014. In addition to the transect, three sites are located in the northeastern Fram
Strait (79°30’–80°N), close to the ice edge, and another site in the permanently
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Figure 1.3: Location and bathymetric features of the Fram Strait. The red polygon
in the panarctic map (top left) indicates the location of the FS. The Fram Strait detail
map shows the 15 % (dotted) and 80 % (dashed) sea ice contours for April (light red)
and September (dark red). The arrows indicate the major currents (blue = EGC, orange
= WSC). The panarctic map was created with the ggOceanMaps R package (Vihtakari,
2024), detailed bathymetry data for the FS map was provided by IBCAO (2023), sea ice
data by Good et al. (2020), arrows were drawn after Beszczynska-Möller et al. (2012).

ice-free region at 78°30’ N.
Yearly expeditions, predominantly during summer, head for the HAUSGARTEN

site and allow for the repeated sampling of the water column and sea floor. Fur-
thermore, autonomous devices and moorings perform year-round sampling. In the
multidisciplinary investigations at HAUSGARTEN, biologists, geochemists, sedi-
mentologists, and physical oceanographers collaborate to describe and understand
the physical, chemical, and biological variations and interdependencies, including
changes in plankton communities and organic matter fluxes (Soltwedel et al., 2016).

1.3 Modelling pelagic Arctic ecosystems

For accurate model representations of plankton ecosystem dynamics in the Arctic,
it is crucial to understand the stoichiometric coupling between carbon and limit-
ing nutrients in both autotrophic and heterotrophic processes, as highlighted by
Thingstad et al. (2008). This understanding is fundamental for precise representa-
tions of the current and future carbon cycle dynamics in the Arctic.

A key component of marine food webs is the microbial loop, as described by
Azam et al. (1983), which outlines the microbial recycling of organic matter. In the
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‘classical’ food chain, primary producers (phytoplankton) produce organic matter
from inorganic substances through photosynthesis, and small zooplankton feed on
the phytoplankton. Small zooplankton serve as a food source for larger zooplank-
ton, which in turn are grazed on by fish, and thus energy and matter are gradually
transferred up to higher trophic levels. According to Sheldon et al. (1972), the
biomass is distributed approximately equally among logarithmic size classes from
bacteria to whales, and organisms predominantly rely on prey that is smaller than
themselves by one order of magnitude. Detritus accumulating along this food chain
is either exported to depth or remineralised by bacteria. The microbial loop ex-
tends this concept by considering loop pathways, in which dissolved organic matter
(DOM), predominantly released by phytoplankton, is not only remineralised by
heterotrophic bacteria but channelled back to the main food chain as the DOM-
consuming bacteria are grazed on by heterotrophic flagellates, and autotrophic and
heterotrophic flagellates are preyed on by microzooplankton (Azam et al., 1983;
Pomeroy et al., 2007).

A sufficient representation of the microbial loop dynamics is difficult to achieve.
This has been addressed by Thingstad et al. (2008) and Thingstad and Cuevas
(2010), who proposed a minimum food web model. This model describes three path-
ways in which nutrients are acquired by osmotrophs. Osmothrophs are organisms,
that feed on dissolved compounds absorbed through osmosis and include bacte-
ria and phytoplankton. In contrast, phagotrophic organisms, such as heterotrophic
nanoflagellates, ciliates, and mesozooplankton engulf their prey. The first pathway is
the ‘bacterial’ pathway, where heterotrophic bacteria absorb inorganic nutrients and
bioavailable organic matter and are in turn preyed on by heterotrophic nanoflagel-
lates. In the second, ‘autotrophic flagellate’ pathway, inorganic nutrients are utilised
by autotrophic flagellates. Flagellates, both heterotrophic and autotrophic, serve
as a food source for ciliates. The third, ‘diatom’ pathway describes the transfer of
nutrients via diatoms to the mesozooplankton (copepods) who also feed on ciliates.
Therefore, this food web model resolves three vertical food chains, where nutrients
are transferred via osmotrophs to their phagotrophic predators and a horizontal food
chain connecting the phagotrophs (heterotrophic flagellates > ciliates > copepods).

Larsen et al. (2015) have extended the concept of Thingstad and Cuevas with
a fourth pathway based on experiments in an Arctic mesocosm study. Here, a
distinction between small and large diatoms is made, with ciliates being able to
additionally graze on small diatoms. This food web model has shown to be sensitive
to changes in the abundance of mesozooplankton (i.e. copepods), underlining the
potential role of top-down control in shaping Arctic microbial food webs. Although
practical, the distinction between autotrophic and heterotrophic organisms is often
blurry, suggesting that the dichotomy is over-simplifying (Flynn et al., 2013). Many
planktonic organisms display both feeding strategies, to a variable extent, and e.g.
Micromonas and Dynobrion, traditionally classified as phytoplankton, account for a
significant amount of bacteriovory in the Arctic (Stoecker and Lavrentyev, 2018). In
a global model, the consideration of mixotrophy has shown to increase the trophic
transfer efficiency and vertical carbon flux (Ward and Follows, 2016).

Ecosystem functions are very sensitive to changes in the community composition
and the dominant linkages, depending on the underlying structure of the food web
(Prowe et al., 2022), and in reality, food webs are more complex than the idealised
relationships between their components assumed in the previously described food
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web configurations. For example, allowing intra-guild predation (the grazing of
predators on prey that shares the same resources; e.g. ciliates on ciliates), a pathway
not commonly resolved in models, reduces the energy transfer to higher trophic
levels and increases net primary productivity and recycling (Prowe et al., 2022). A
key challenge is to impose constraints that allow deriving unique model solutions of
plankton interactions, which remains difficult even in cases when data of excellent
quality seem to resolve all major state variables of the minimum food web model.
Therefore, research on plankton ecosystem model design is an active field, focussing
on how the reduce the problems caused by imposed structures while considering
established principles and rules. Here, also the availability of data should be taken
into account so that a clear or at least representative model solution can be identified
with the help of observations (Schartau et al., 2017).

Instead of structuring microbial food webs by functional types, a promising ap-
proach is to structure the communities and their grazing interactions by organism
size. Cell size is a ‘master trait’ that controls many aspects of plankton dynam-
ics, from cellular to community level (e.g. Marañón, 2015; Andersen et al., 2016;
Blanchard et al., 2017). For example, physiological processes such as nutrient assim-
ilation can be described with allometric relationships (e.g. Moloney and Field, 1989;
Litchman et al., 2007; Edwards et al., 2012). Also, interactions between predators
and prey are size dependent, with most predators showing size selectivity with a
relatively constant predator:prey size ratios (Hansen et al., 1994). Size-based mod-
els are built on allometric relationships and can be used for explaining changes in
the plankton community structure and implications for biogeochemical functioning
(Moloney and Field, 1991; Banas, 2011; Ward et al., 2012). Models that resolve the
size structure of the plankton community can be tested or calibrated with observa-
tional data, for example in the form of plankton size spectra.

When studying the variability of the plankton community structure, it is im-
portant to adequately resolve the small-scale variability in physical forcing and
biological interactions a plankton community is subject to over time. This is espe-
cially the case in the Fram Strait, where the major currents carry the communities
through the region, exposing them to extreme gradients for example in light and
temperature regimes along their journey. The ocean model SINMOD (Slagstad and
McClimans, 2005; Wassmann et al., 2006) is commonly used to simulate physical,
chemical, and biological processes in the Nordic and Arctic Seas. This regional
coupled 3D model has a horizontal resolution of 20 km with 25 vertical layers and
encompasses hydrodynamic, sea ice, and ecological components. Although the food
web configuration is rather simple, SINMOD successfully reproduces observations
of suspended biomass in the Barents Sea in space and time, finding substantial dif-
ferences in the seasonal variability in the ice-covered Arctic waters and the Atlantic
waters, but underestimates the vertical export (Wassmann et al., 2006). Similarly,
as described in Sect. 1.1.1, Vernet et al. (2019) and Vernet et al. (2021) have applied
SINMOD to investigate the spatial and temporal variability of primary productivity
in the western and eastern parts of the Fram Strait.

SINMOD is an Eulerian model, i.e., it describes the flow of water through a
fixed grid system, capturing the large-scale circulation patterns. Although local
model solutions at specific sites may be similar in terms of biomass, the underlying
community structure and resulting plankton interactions may differ due to differ-
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ences in their experienced physical forcing. However, for relating local results to the
processes that occurred previous to reaching the location, outside the specific grid
cell, further analyses are often necessary. Using a Lagrangian approach, where an
observer follows a water parcel as it is carried along the currents, allows for resolving
the small-scale temporal and spatial variability in a computationally efficient way.
Thereby, it is possible to relate the specific histories of plankton communities to their
observed variability at a given time or location. For example, using a Lagrangian
approach, Banas et al. (2016) show that the bloom timing and magnitude are con-
trolled by ice cover, mixing, and advection in the east Bering Strait. Although
chlorophyll variability is generally similar in Eulerian and Lagrangian global model
approaches, Kuhn et al. (2023) highlight that a Lagrangian approach captures more
variability in regions with strong boundary currents, while Eulerian variability is
larger in upwelling regions. For comparing and calibrating size-based models with
observational data from specific sites in the Fram Strait, it therefore appears mean-
ingful to consider the pronounced variations in the physical forcing and the response
within the community structure along the transit pathways, as variations prior to
reaching discrete sites are likely responsible for variations in the community size
structure observed at these sites. For this task, combining a size-based ecosystem
model with a Lagrangian forcing appears a promising approach.

1.4 Scope of the thesis

1.4.1 Objectives

The main goal of my thesis is to contribute to a better understanding of the links
between the microbial pelagic ecosystem and the cycling of organic matter in the
Arctic Ocean while deciphering some of the variability found in the observational
data. My main interest is to elucidate some of the complex dynamics responsible for
temporal variations in protist plankton composition and to identify key spatial do-
mains whose distinctions are essential for identifying differences and similarities in
the underlying growth dynamics. Understanding the ranges and drivers of the sea-
sonal and inter-annual variability of the involved processes is crucial for estimating
how future climate change will affect the Arctic.

Although the region is becoming increasingly accessible due to better ships, the
application of autonomous devices, and not least because of the retracting sea ice
cover, the region remains remote, harsh, and undersampled. It remains a chal-
lenge to provide a comprehensive synthesis that explains the complex relationships
between ecological and biogeochemical processes, mainly due to the limited data
resolution. Model applications that reconcile model results with observations may
help bridge this gap. Although not perfect, such an approach has the advantage that
dynamically consistent mass fluxes can be related to ecological changes in plankton
composition under well-defined model assumptions.

The approach I followed was to combine highly resolved ecological data, which
were derived from microscopic measurements, with a size-based plankton ecosystem
model. I chose a Lagrangian modelling approach that allows tracking the specific
histories of physical forcing plankton communities are subject to on their transit
through the Fram Strait. Furthermore, I employed a machine learning approach
to investigate the seasonal and inter-annual variability of phytoplankton standing
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stocks and their relationship to the variable hydrographic conditions that prevail
within the Fram Strait. The overarching topics of the three chapters of this thesis
and their overlap are illustrated as a Venn diagram in Fig. 1.4.

Fram Strait

plankton dynamics

spatio-temporal variability

seasonality

machine 
  learning

remote 
  sensing

size spectra

microscopy
Kernel-Density-Estimation

Chl-amodelling

Lagrangian 
  trajectories

interannual 
  variability

sectors

Figure 1.4: Topics and their overlap within the chapters of this thesis.
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1.4.2 List of manuscripts and author contributions

Chapter 2 focuses on the derivation of detailed information about the size struc-
ture of Arctic pelagic protist plankton and its variability. Our analysis of micro-
scopic data of unicellular plankton collected in the Fram Strait from 2016 to 2018
reveals variations in the size structure of the microbial community. Utilising the
Kernel Density Estimation method, we obtained continuous size spectra (ranging
from 1 µm to ≈ 200µm Equivalent Spherical Diameter, ESD) that provide insights
into cell abundance and biovolume. Specific size intervals indicate size-selective
predation and omnivory, while also loopholes with elevated cell abundance are ob-
served. The analysis incorporates remote sensing data to differentiate between polar
Arctic and Atlantic water, linking size spectra to seasonal changes in chlorophyll-a
concentration. The results highlight a decline in total biovolume from summer to
autumn, with a notable shift towards larger cell sizes (> 30 µm) in phytoplank-
ton biovolume size spectra during October. The derived detailed size spectral data
contribute valuable information that can be used for constraining the results of sub-
sequent size-based model applications.

This chapter is published in Frontiers in Marine Science as:
Vanessa Lampe, Eva-Maria Nöthig, Markus Schartau: Spatio-Temporal Vari-
ations in Community Size Structure of Arctic Protist Plankton in the
Fram Strait. Frontiers in Marine Science (7) 2021, DOI: 10.3389/fmars.2020.
579880
Author contribution:
VL generated and analysed the size spectra and produced all figures and tables.
She conceptualised and structured the manuscript and prepared the first draft.
EMN provided microscopic measurements and guided the analysis in terms of dis-
criminating taxonomic groups and trophic strategies.
MS initiated the study and guided the analysis with respect to statistics.
All authors contributed in writing this manuscript.

In Chapter 2, the Kernel Density Estimator was based on a Gaussian Kernel. Over
the course of my doctoral project, this method has been developed further by Maria-
Theresia Pelz, as part of her doctoral thesis, into a diffusion-based Kernel Density
Estimator (diffKDE), which was published in Pelz et al. (2023) (manuscript not in-
cluded in this thesis). I contributed to this publication and conducted comparison
experiments based on the plankton spectra published in Lampe et al. (2021). In
turn, I used the diffKDE in my subsequent studies.

Chapter 3 investigates plankton variability in the Fram Strait with a size-based
Lagrangian modelling approach. Employing a plankton ecosystem model with nine
distinct size classes of phyto- and zooplankton ranging from 1 to 200 µm, we simulate
standing stocks and fluxes of carbon and nitrogen within the nutrient, phytoplank-
ton, zooplankton, and detritus pools, while considering the allometric scaling of
crucial ecological and physiological processes. The physical forcing of the 1D model
is given by 4 ensembles of trajectories that were extracted from SINMOD simulation
results and trace the WSC and EGC through the Fram Strait. Generally, the model
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results of the plankton size structure are in reasonable agreement with the obser-
vations described in Chapter 2, and our estimates of standing stocks and fluxes of
biogeochemical tracers are consistent with in-situ and climatological data. We find
distinct temporal developments in plankton size composition, growth, and export
within and between the ensembles, with 10–72 % of the variability observed locally
at HAUSGARTEN stations attributable to differences in the origin and temporal
development of environmental conditions along the individual trajectories.

This chapter is submitted for publication in Journal of Geophysical Research: Oceans
as:
Vanessa Lampe, Aidan Hunter, Ben Andrew Ward, Eva-Maria Nöthig, Anja Engel,
Ingrid Helene Ellingsen, Markus Schartau: A Lagrangian model-based analysis
of protist plankton variability and its impact on organic matter dynamics
along transit pathways through the Fram Strait
Author contribution:
VL ran the simulations and calibration of the model and prepared the figures and
tables. She conceptualised this study and prepared the first draft.
AH and BW conceptualised and programmed the model. AH ran the numerical
optimisation.
EMN provided observational data and expertise on plankton and biogeochemical
parameters.
IE provided the SINMOD simulation results.
AE provided in-situ data and expertise on biogeochemical observations.
MS initiated and guided the study and revised the model regarding the representa-
tion of light-limited growth.
All authors contributed in writing this manuscript.

Chapter 4 takes up the topic of sectorisation of the Fram Strait based on sur-
face water mass properties discussed in Chapter 2 and employs this technique for
the analysis of chlorophyll-a (Chl-a) variability. Here, three (instead of two, as
previously resolved) hydrographic sectors describing the EGC-, WSC- and front-
influenced regions of the Fram Strait are identified using the unsupervised machine
learning algorithm k-means clustering on remote sensing observations of sea surface
temperature. Differences in the development of blooms in terms of timing and inten-
sity are observed in remote sensing Chl-a concentrations within the hydrographical
subregions. Blooms form earlier, around May, in the ice-influenced EGC sector and
typically in July in the WSC sector. Overall, the Chl-a variability correlates with
Chl-a concentration, but even when normalised, significantly higher variability is
observed in the EGC sector compared to the other sectors and linked to the highly
variable sea ice dynamics.

This chapter is in preparation for submission as: Distinguishable variations
in chlorophyll-a concentration in the Fram Strait based on hydrographic
features resolved by a machine learning approach
Author contribution:
VL drafted this manuscript.
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Spatio-temporal variations in
community size structure of Arctic
protist plankton in the Fram Strait

This chapter is based on the paper ‘Spatio-temporal variations in community size
structure of Arctic protist plankton in the Fram Strait’

Citation:
Vanessa Lampe, Eva-Maria Nöthig, Markus Schartau: Spatio-Temporal Variations
in Community Size Structure of Arctic Protist Plankton in the Fram Strait. Fron-
tiers in Marine Science (7) 2021, DOI: 10.3389/fmars.2020.579880
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Chapter 2. Size spectra of Arctic plankton

Abstract

The Arctic Ocean is subject to severe environmental changes, including the massive
decline in sea ice due to continuous warming in many regions. Along with these
changes, the Arctic Ocean’s ecosystem is affected on various scales. The pelagic
microbial food web of the Arctic is of particular interest, because it determines
mass transfer to higher trophic levels. In this regard, variations in the size struc-
ture of the microbial community reflect changes in size-dependent bottom-up and
top-down processes. Here we present analyses of microscopic data that resolve de-
tails on composition and cell size of unicellular plankton, based on samples collected
between 2016 and 2018 in the Fram Strait. Using the Kernel Density Estimation
method, we derived continuous size spectra (from 1 µm to ≈ 200µm Equivalent
Spherical Diameter, ESD) of cell abundance and biovolume. Specific size intervals
(3–4, 8–10, 25–40, and 70–100µm ESD) indicate size-selective predation as well as
omnivory. In-between size ranges include loopholes with elevated cell abundance.
By considering remote sensing data we could discriminate between polar Arctic- and
Atlantic water within the Fram Strait and could relate our size spectra to the sea-
sonal change in chlorophyll-a concentration. Our size spectra disclose the decline
in total biovolume from summer to autumn. In October the phytoplankton bio-
volume size-spectra reveal a clear relative shift towards larger cell sizes (> 30 µm).
Our analysis highlights details in size spectra that may help refining allometric rela-
tionships and predator-prey dependencies for size-based plankton ecosystem model
applications.

2.1 Introduction

Noticeable oceanographic, biogeochemical and ecological transformations have been
documented for the Arctic Ocean. Along with trends in declining sea ice thickness
and extent (Stroeve et al., 2012) and increasing sea surface temperature (SST)
(Comiso and Hall, 2014), various changes in the marine Arctic ecosystem were
recorded. These transformations include shifts in range, behaviour, phenology, and
abundance of marine mammals, birds, fish, plankton, and benthos (Wassmann et al.,
2011). Therefore, describing and understanding plankton ecology and the underly-
ing ecosystem dynamics involved in a changing Arctic Ocean has become a research
focus for many marine scientists.

Regions of particular interest are the Barents Sea and the Fram Strait, because
they are important gateways for warmer seawater entering the northern polar ocean,
where cold Arctic Water meets warmer Atlantic Water. Long-term SST trends
are difficult to ascertain in these regions, but observations indicate a warming and
salinification due to an increased influence of Atlantic Water, which was reported for
the Barents Sea by Barton et al. (2018). In the Fram Strait, the mean temperature
of Atlantic Water increased linearly between 1997–2010, although no significant
trend in volume transport was reported (Beszczynska-Möller et al., 2012). For
more recent years, a study by Wang et al. (2020) indicates an increase in volume
transport. The separation between Arctic Water and Atlantic Water in the Fram
Strait is characterised by the northward flowing West Spitsbergen Current (WSC)
and the East Greenland Current (EGC) that transports Polar water towards the
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south. The Fram Strait has been subject of various research in many disciplines
over the past decades, as reviewed by Soltwedel et al. (2005, 2016). Of particular
interest are variations in plankton composition in response to a changing influence
of Atlantic Water in the Fram Strait, as they may entail subsequent effects on higher
trophic levels and the biogeochemistry in Arctic regions north of Spitsbergen, e.g.
the availability of fatty acids in large diatoms preyed by Arctic Calanus species (e.g.
Falk-Petersen et al., 2009). For disclosing trophic interdependencies and eventually
unravelling pathways of mass transfer to copepods, it is important to resolve changes
in the community size structure of the microbial food web.

Cell size is regarded as key determinant of phytoplankton biology and it is
interpreted as the master functional trait that affects plankton dynamics on cel-
lular, population, and community levels (Chisholm, 1992; Raven, 1998; Litchman
and Klausmeier, 2008; Finkel et al., 2010; Marañón, 2015). Size dependencies of
bottom-up and top-down regulatory processes that determine size diversity can be
subject to important trade-offs, e.g. between nutrient uptake and the vulnerability
to grazing (Acevedo-Trejos et al., 2018). Ecosystem functioning and biogeochemical
element cycling are known to be sensitive to the plankton community size structure
(Falkowski et al., 1998). Understanding the major mechanisms that describe the
coupling between autotrophic and heterotrophic activity within the microbial food
web is critical for projecting future changes in biogeochemistry and trophic transfer
in the Arctic (Thingstad et al., 2008). Three possible main pathways were discussed
by Thingstad and Cuevas (2010), that describe how mineral nutrients can enter the
plankton ecosystem and eventually determine the mass transfer to higher trophic
levels, e.g. to copepods. The entry points are associated with osmotrophs of three
distinct size ranges (i.e. heterotrophic bacteria, autotrophic flagellates, diatoms).
A fourth pathway was investigated by Larsen et al. (2015), who introduced an addi-
tional size range by discriminating between large and small diatoms. Since all these
pathways are size-dependent, temporal changes in autotrophic and heterotrophic
plankton size spectra can be expected to disclose size ranges that inform about
predator-prey interdependencies.

Is it important that we trace detailed changes in the plankton community struc-
ture, because some size ranges can be subject to predation, while yet other size
ranges may act as ‘loopholes’ (Bakun and Broad, 2003), with improved growth
conditions and by escaping high predation rates (Irigoien et al., 2005). The size
structure of a plankton community is commonly described as biomass spectrum
(e.g. Rodriguez and Mullin, 1986; Sprules and Munawar, 1986) or size-abundance
spectrum (y=logarithmic number of individuals vs. x=logarithmic size (e.g. Reul
et al., 2005; Huete-Ortega et al., 2010, 2012). The y-intercept is ascribed to reflect
total biomass, whereas the slope is interpreted as a measure of trophic efficiency.
The slope is usually negative and it informs whether a community is dominated
by larger (less negative) or smaller cells (more negative). It differs between coastal
regions (-0.96, Huete-Ortega et al., 2010) and the open ocean (-1.15, Huete-Ortega
et al., 2012), also increasing with latitude from -1.2 in the oligotrophic subtropical
gyres to -0.6 in the North Atlantic (Barton et al., 2013). Deriving the y-intercept
and the slope from abundance and cell size data can be ambiguous (Moreno-Ostos
et al., 2015), because estimates of these two parameters can be collinear. Of poten-
tial interest are those size ranges that deviate from log-linear plankton size spectra,
because they may reveal ecological details like distinctive size intervals of extensive
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predation as well as size ranges of reduced grazing pressure that can foster algal
growth (loopholes) within the microbial food web.

Here we analyse plankton size spectra of the unicellular plankton community in
the Fram Strait (Arctic Ocean) collected between 2016 and 2018. Rather than in-
troducing individual size classes and imposing a linear (parametric) dependency be-
tween logarithmic cell concentration and logarithmic size, we derived non-parametric
size spectra as Kernel Density Estimates (KDEs). Confidence intervals for the re-
spective size spectra were determined by stochastic resampling, elaborating the
KDE method as proposed by Schartau et al. (2010). The purpose of our extensive
approach is to have details of the laborious microscopic measurements transferred
to continuous size spectra of autotrophic and heterotrophic plankton in the size
range between ≈ 1 µm (Micromonas) and ≈ 200µm (large diatoms and tintinnids).
We aim at identifying specific and robust patterns in the plankton community size
structure of the microbial food web in the Arctic.

2.2 Material and methods

2.2.1 Description of the sampling site

The Fram Strait is considered a gateway to the Arctic Ocean. In the eastern part
of the Fram Strait, warm and nutrient-rich water from the North-Atlantic is trans-
ported northwards with the West-Spitzbergen Current (WSC) (e.g. Beszczynska-
Möller et al., 2012). The East-Greenland Current (EGC) transports colder and
fresher water southwards in the western part (e.g. de Steur et al., 2009). Sea-ice
cover in this region is variable. The western part is predominantly ice-covered
throughout the year, the ice-cover in the north-eastern area varies seasonally while
the south-eastern part remains permanently ice-free (Soltwedel et al., 2016). The
sampling was conducted at the Fram Strait Long Term Ecological Research (LTER)
observatory HAUSGARTEN (Fig. 2.1) between 78°N – 81°N and 5°W – 11°E, a
region that is characterised by the highly productive Marginal Ice Zone (Soltwedel
et al., 2016). The sampling sites encompass cold Polar water of the EGC as well as
of the warmer WSC.

2.2.2 Ship-board sampling

Plankton samples were collected during four cruises to the Fram Strait LTER Obser-
vatory (Table 2.1). Sea water samples were collected with a rosette sampler with 24
Niskin bottles (12 L). An attached CTD system (SEA-BIRD Instruments) recorded
depth profiles for conductivity, temperature and density. Respective plankton sam-
ples were fixed with 0.5–1% hexamine neutralised formaldehyde (final concentra-
tion) in brown glass bottles (200–250mL) and stored in the dark until microscopic
analyses (Edler, 1979). A total number of 60 samples were analysed and cell sizes
were measured in great detail.

20



Chapter 2. Size spectra of Arctic plankton

Figure 2.1: Location of the sampling site in the Fram Strait. Sampling stations are
shown as dots, colour-coded by the respective campaigns (Table 2.1 shows sampling time
and depth ranges). Arrows show the main currents from the North-Atlantic (warm, red;
WSC: West-Spitsbergen Current, RAC: Return Atlantic Current, YB: Yermak Branch,
SB: Svalbard Branch) and the Arctic Ocean (cold, blue; EGC: East-Greenland Current),
after Soltwedel et al. (2016).

2.2.3 Microscopic community composition and size measure-
ments

Microscopic counting of phytoplankton and protozooplankton were conducted for
50 mL aliquots of each sample, following Utermöhl (1958) and Olenina et al. (2006).
After a sedimentation period of at least 48 h, cells were identified and counted using
an Utermöhl chamber and an inverted microscope (Axiovert 40 C) under 63x, 100x,
160x, 250x, and 400x magnification. Especially smaller species were only identified
to genera. The corresponding cell lengths and widths were measured with a cal-
ibrated ocular micrometer (Zeiss). For further analyses, species were grouped by
their trophic strategies, distinguishing between photo-autotrophy (phytoplankton)
and heterotrophy (zooplankton).

Table 2.1: Sampling campaigns to the HAUSGARTEN area in the Fram Strait (Arctic
Ocean) during the years 2016–2018 recovered varying numbers of samples for microscopic
community analyses.

Cruise Ship Dates No. of sam-
ples

Depth
range [m]

PS99.2 RV POLARSTERN 06-23 – 07-16-2016 10 10 – 30
PS107 RV POLARSTERN 07-23 – 08-19-2017 24 10 – 40
PS114 RV POLARSTERN 07-10 – 08-03-2018 14 5 – 43
MSM77 RV MARIA S. MERIAN 09-16 – 10-12-2018 12 5 – 34
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The sample fixation can discolour chloroplasts, which hinders the determination
of a cell’s trophic strategy, when a precise identification is not available. Although
common among protist plankton, mixotrophic cells could not be explicitly resolved.
Green dinoflagellates were assigned to the group of photoautotrophs while their
colourless counterparts were regarded as heterotrophic. A small fraction of micro-
and nanoflagellates could not be unambiguously identified microscopically (mostly
for cells with sizes smaller than 6 µm), which happened on average in 7.3 % of
all counts (resulting in 10.4 % of the total cell concentration). Subject to these
limitations, 50 % of these cells were grouped as being photoautotrophic, and the
remaining were assigned to the heterotrophic group. This assumption is based on
our experience from previous measurements of samples taken in the Fram Strait,
where the relative fractions between photoautrophs and heterotrophs in nanoflag-
ellates varied between 30 and 70 %. A study by Sherr et al. (2003) supports our
assumption. In general, during spring more photoautotrophic forms were observed,
whereas in summer we had found heterotrophic forms that prevailed. In our sam-
ples, most of the small flagellates were identifiable such as the often dominating
autotrophic Phaeocystis spp. single cells with cell sizes between 2 and 6 µm.

2.2.4 Resampling of cell counts and size measurements

When comparing individual size spectra, the consideration of inherent methodolog-
ical uncertainties is helpful. This includes uncertainties in counts, as well as the
precision of microscopic measurements of cell length and width. The former involves
the sample volume and the microscopic area (field of view) scanned for counting,
whereas the latter depends on the microscopic magnification. To account for such
uncertainties, we followed the bootstrapping approach described in Schartau et al.
(2010), by analysing ensembles of resample datasets. The generation of resample
datasets was done in two consecutive steps. First, we resampled cell counts. In
a second step, we assigned resampled cell lengths and widths to the respectively
resampled counts.

Resample cell counts were obtained by randomly drawing from a Poisson proba-
bility distribution with an expected value λ that was equal to the observed number of
cell counts, which had been summarised before according to cell taxonomy and size.
This way we considered uncertainties in counting, which becomes particularly rele-
vant in cases of finding few counts of a specific species/taxon of one particular size.
Furthermore, a single count in a sub sample of 50mL was regarded as a rare event
and it is associated with a large uncertainty when upscaling it to a concentration
(abundance in units cells L−1). The consideration of a Poisson probability distribu-
tion for resampling counts is meaningful in this respect. For example, the probability
of resampling an observed single count (λ = 1) as P (k = 1) = P (k = 0) ≈ 0.37,
meaning that the probability of finding or missing such rare event is equal. Captur-
ing two counts of identical size is also possible, although the probability reduces to
P (k = 2) ≈ 0.18. The probability of finding three or more counts decreases further
accordingly. Resampled cell counts were eventually extrapolated to cell concentra-
tions [cells L−1] while considering the magnification and field of view of the original
observations.

In a second step, we resampled lengths and widths while accounting for the
varying precision limits that depend on the microscopic magnification as shown

22



Chapter 2. Size spectra of Arctic plankton

Table 2.2: Precision limits of microscopic size measurements are derived from the distance
between two graduation marks of the ocular micrometer used, and therefore dependent on
the microscopic magnification.

Microscopic magnification (x) Precision limit
∆sgrad

6
[µm]

63 2.5
100 1.6
160 1.0
250 0.6
400 0.4

in Table 2.2. The precision limits have been derived according to the division
of the ocular micrometer (distance between two graduation marks, ∆sgrad). To
ensure that at least 99.7 % of the resampled size values (lengths and widths) laid
in an interval of [observed size ±∆sgrad/2], we drew from a Gaussian (normal)
probability distribution. As mean values we imposed the observed sizes and the
second moments were chosen to account for the varying precision limits, so that
representative standard deviations became equal to ∆sgrad/6. For every original
data set, we computed an ensemble of 100 resample-datasets using the described
resampling approach.

2.2.5 Derivation of continuous size spectra

We applied a Kernel Density Estimation method (e.g. Silverman, 1986) for the
derivation of continuous size spectra from discrete microscopic measurements. A
Kernel Density Estimate (KDE) was derived for each of the 100 resample datasets.
Final size spectra were calculated as means of the ensembles’ KDEs together with
their respective 95 % confidence intervals.

As a first step, the cell volumes were determined based on simple geometric
shapes (Edler, 1979; Olenina et al., 2006) and the Equivalent Spherical Diameters
(ESD) were calculated. Phytoplankton and protozooplankton have a wide range
of geometric shapes, so the volume-dependent ESD was used as a normalised size
proxy rather than the length or width dimension of a cell. The length dimension
can span from 1 µm in small Micromonas to 1000µm in long Rhizosolenia cells. In
terms of ESD, the range still covers cells from 1 µm–200µm. The ESD values were
log-transformed and normalised by 1 µm:

S = log10

(
ESD

1µm

)
(2.1)

A KDE is the normalised sum of individual kernels that are themselves prob-
ability density functions (pdfs) centred around every data point Si. The width of
the kernels is determined by the bandwidth h (also referred to as smoothing param-
eter). As a kernel, we applied a Gaussian function, which means that Si is equal
to the first moment (mean) and the bandwidth h is similar to the second moment
(standard deviation; see following paragraphs for the selection of h) of a normal
probability density function. When a KDE is not normalised with respect to the
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total number of cells Ctot
j (total number of kernels), it readily represents a plankton

size spectrum:

KDEj(s, hj) =
1

h j

Ctot
j∑

i=1

1√
2π

exp

[
−1

2

(
s− Si

hj

)2
]

(2.2)

with j being an index of selected data (e.g. split up according to individual taxa or
grouped by trophic strategy). The enumerator in the exponent (s − Si) describes
the distance from data point Si. Since the KDEs have not been normalised we note
that they do not represent pdfs, but the following is applicable:

1

Ctot
j

×
∫ log10(500)

log10(0.5)
KDEj(s, hj) ds ≈

∫ log10(500)

log10(0.5)
pdfj(s) ds = 1 (2.3)

From the ensemble (KDEs of the 100 resample-datasets), we calculated a mean
KDEj and its standard error (SE). The confidence interval is the mean KDEj(s)±
1.96×SEj(s). Despite small confidence intervals, we assume high uncertainty in the
cell concentration density estimates for ESDs smaller than ≈ 2 µm that arises out
of the limitations in light microscopy (see Table 2.2). We indicated this uncertainty
as dotted lines in the following size spectra.

As described previously, j is an index of selected data. When j is a combined
subset of all phytoplankton cells or all zooplankton cells (per sample), the combined
size spectrum for all phytoplankton or zooplankton in a dataset is the average of
the sample-specific size spectra of phyto- and zooplankton:

KDEcombined
phy/zoo (s) = KDE(s, hphy/zoo) (2.4)

The bandwidth parameter h controls the degree of smoothing. As described
in Schartau et al. (2010), we used a simple rule-of-thumb approach proposed by
Silverman (1986). In this plug-in method, an optimal h is estimated from a measure
of spread inherent in s, expressed as the standard deviation σ. Since σ is sensitive
to outliers, the interquartile range (s[0.75n] − s[0.25n]) can serve as a more robust
estimator of spread. The optimal estimation for h is:

ĥopt = 1.06min

{
σ,

s[0.75n] − s[0.25n]
1.34

}
n− 1

5 (2.5)

The number of selected data subsets (indexed j) can be increased to the total
number of taxonomic groups resolved by the microscopic measurements, which al-
lows us to construct composite size spectra with a maximum in resolution. Doing
so we learned that the apparent gain in resolution impaired an ascertaining of pre-
dominant structural changes, because many additional details were associated with
considerable uncertainties. For this reason we resorted to simpler subsets, distin-
guishing between autotrophic and heterotrophic cells and separating according to
sampling periods and locations. Examples of high resolution composite size spec-
tra of phyto- and microzooplankton are provided in the supplementary material.
We note that the taxonomic precision affects details resolved in composite spectra,
because bandwidths (ĥopt, Equation 2.5) are then obtained for taxonomic groups in-
dividually. In contrast, the combined spectra do not depend on taxonomic precision
other than the separation between photoautotrophs and heterotrophs.
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2.2.6 Spatial and temporal separation of observational data

The Fram Strait’s throughflow is characterized by the cold EGC flowing southward,
and the warmer WSC flowing northward. In between is a frontal zone of pronounced
spatial variability. Some sampling sites were differently affected by one or the other
of the two currents. At dates of sampling, these sites were thus subject to a plankton
signal that originated either from northern parts of the Fram Strait or from the
South. At first we analysed salinity, density and temperature data, as obtained
from the CTD sensors attached to the sampling rosette. We identified individual
water masses according to Amon et al. (2003), but distinguishing between Polar
Water, Intermediate Water, and Atlantic Water turned out to be vague in certain
cases. A sole spatial separation between cold (Polar) and warm (Atlantic) seawater
seemed less ambiguous, which we approached by analysing sea surface temperature
(SST) data.

We used the High Resolution SST dataset provided by NOAA/OAR/ESRL PSL,
Boulder, Colorado, USA1. We determined daily maps that comprise two distinct
spatial areas within the region 10°W – 12°E and 77°N – 81°N, a “warm” cluster and
another that embraces seawater of cold SST. The two spatial clusters were derived
with the iterative k-means-clustering method of Hartigan and Wong (1979), as
implemented in R (version 3.5.2 R Core Team (2018)). Within a cluster the SST
values were alike and horizontal variability remained low. Based on the date and
geographical location of sampling, we could eventually assign every sample to either
the cold or to the warm SST cluster.

For temporal differences we distinguished between summer and autumn data.
Samples from PS99, PS107, and PS114 covered periods in summer, and samples
from MSM77 were collected during a cruise in autumn. For putting the spatio-
temporal distinguished data into the context of general bloom development, we
also compiled a time-series of chlorophyll concentrations for the years 2016–2018
between 10°W – 12°E and 77°N – 81°N. We used daily chlorophyll-a remote sensing
estimates (Level-3 Standard Mapped Image (SMI), Global, 4km, Chlorophyll, Daily
composite data from the Visible and Infrared Imager/Radiometer Suite (VIIRS)),
provided by NOAA CoastWatch/OceanWatch2. The satellite data were assigned
to the SST (cold Polar/warm Atlantic) clusters that had been determined before.
A moving average was calculated, with a window width of 15 days, weighed by
the number of respective observations for each of the two SST clusters. With the
constructed chlorophyll-a time series we could trace the initial build-up, maximum,
and decay of the phytoplankton bloom for the three sampling years for both spatial
clusters respectively.

1https://psl.noaa.gov/data/gridded/data.noaa.oisst.v2.highres.html, last accessed 02-21-2019
2https://coastwatch.noaa.gov/cw/satellite-data-products/ocean-color/science-quality/

viirs-snpp.html, last accessed 07-31-2019
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Table 2.3: Mean [minimum value, maximum value] total cell concentrations and total
biovolumes, averaged for all samples and by individual sampling campaigns.

Cruise Type Cell conc.
[×106 cells

L ]
Biovol.
[mm3

L ]

average autotroph 24.9 [0.02, 92.14] 3.02 [0.03, 14.3]
average heterotroph 3.7 [0.01, 54.32] 2.30 [0.03, 10.34]
PS99 autotroph 3.4 [0.30, 9.55] 0.32 [0.04, 1.16]
PS99 heterotroph 0.2 [0.07, 0.43] 0.22 [0.05, 0.48]
PS107 autotroph 44.8 [0.02, 92.14] 5.33 [0.04, 12.19]
PS107 heterotroph 6.8 [0.02, 54.32] 4.21 [0.09, 10.34]
PS114 autotroph 23.6 [0.12, 91.70] 2.68 [0.04, 14.34]
PS114 heterotroph 2.4 [0.01, 0.22] 1.70 [0.04, 4.94]
MSM77 autotroph 4.9 [0.08, 26.68] 1.03 [0.03, 3.95]
MSM77 heterotroph 1.1 [0.02, 6.94] 0.95 [0.03, 3.26]

2.3 Results

2.3.1 Composition and abundance of phyto- and protozoo-
plankton

We grouped organisms into 61 different identifiable groups (species or higher taxo-
nomic levels) with ESDs ranging from 1 to 196µm (Fig. 2.2). The smallest of the
42 photo-autotrophic cells were Micromonas sp. (ESD ≈ 1 µm), Rhizosolenia spp.
were the largest (ESD > 150µm). Of the 17 heterotrophic species we found small
choanoflagellates (ESD ≈ 1 µm), while the largest heterotrophic dinoflagellate had
an ESD of 196µm. The groups of nano- and microflagellates could not be identified
further (in average 10.4% of the total cell concentration), and three cell types were
not identifiable at all so only size measurements were taken.

The mean total cell concentration as well as mean total biovolume were gen-
erally higher for autotrophic cells (3.02 mm3 L−1; 24.9 × 106 cells L−1) than for
heterotrophs, although values differed notably between the cruises (Table 2.3). The
highest cell concentrations were observed in PS107 (44.8 × 106 cells L−1; 5.33
mm3 L−1), followed by PS114 (23.6 × 106 cells L−1; 2.68 mm3 L−1). Phytoplankton
concentration was similar in PS99 (3.4 × 106 cells L−1; 0.32 mm3 L−1) and the
autumn-cruise MSM77 (4.9 × 106 cells L−1; 1.03 mm3 L−1). Heterotrophic bio-
volume was 2.30 mm3 L−1 in average, and the mean cell concentration 3.7 × 106

cells L−1, but also varied between the cruises.
As Fig. 2.2 illustrates, the location of the median cell size varied considerably

among species and taxonomic groups. The spread of ESD within species was also
highly variable. Variations in cell size were often smaller for precisely identified
species than for groups of higher taxonomic level (e.g. flagellates or tintinnids),
with exceptions. For most taxa the median ESD laid between 9 µm and 50 µm.
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Figure 2.2: Grouping
of all identified species
or species groups and
their respective size ranges
(equivalent spherical di-
ameter (ESD) in µm)
on a logarithmic scale.
Turquoise species are
autotrophic (A.), yellow
species are heterotrophic
(H.). For purple species,
a clear distinction was
not possible (in average
10.4% of the total cell
concentration), therefore
50 % of the cells were
treated as autotrophic,
and 50 % as heterotrophic.
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2.3.2 Spatial separation of cold and warm surface tempera-
ture regimes

Figure 2.3: Distinction of Polar (cold, blue dashed line) and Atlantic (warm, red) sections
of the study site during the four sampling campaigns. The four snapshots (2016-07-
04, PS99 (A), 2017-07-28, PS107 (B), 2018-07-22, PS114 (C), 2018-09-06, MSM77 (D))
illustrate the horizontal variability of the front system. Labelled white squares mark
stations sampled on the respective days, remaining stations are indicated as white dots.

With our analyses of SST remote sensing data we were able to separate the
water surface of the sampling area (77 – 81°N, 10°W – 12°E) into cold (Polar) and
warm (Atlantic) regions for each day of the years 2016–2018. The location of the
frontal zone was somewhat variable and changed within days, and we traced how its
meandering affected individual sampling sites. Some sites remained within either of
the warm or cold clusters at all samplings (e.g. sites EG-1, EG-2, and N-5 within
cold; site HG-1 and SV-1 within warm; for a complete list of all stations see Table
S1 in the supplemental material). Especially the central stations, for example sites
HG-4 and HG-6, were either subject to cold or to warm waters, depending on the
time of sampling. Therefore, the separation was helpful when unravelling differences
between the size spectra. An illustration of the variable location of the front relative
to the sampling stations is given in Fig. 2.3, displaying four situations during PS99
(A), PS107 (B), PS114 (C), and MSM77 (D). Mean SST increased in both regions
over the course of the year, reaching their maxima in July (Atlantic section in 2016)
or August (Polar section in 2016, both sections in 2017–2018). In the Atlantic
region, maximum mean temperatures were between 5.85°C in 2018 and 6.99°C in
2016, whereas the minimum mean temperature was reached between February and
April (1.70°C in 2016 and 0.86°C in 2018). The maximum mean temperature in
the Polar region was between 0.81°C in 2016 and 1.65°C in 2017. The coldest
mean temperature was observed in January 2016 (-1.22°C), and April 2017+2018
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(-1.40°C). In the defined area, the Polar region always was in the North-West and
the Atlantic in the South-East.
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Figure 2.4: Size spectra for autotrophic phyto- (green) and heterotrophic microzooplank-
ton (black) in samples from the Atlantic (left) and Polar (right) section of the study site
(A). Shaded areas indicate the confidence interval (95 % CI), dotted lines indicate reduced
reliability of size measurements for cells with ESD < 2 µm. Relative differences between
the Polar and Atlantic size spectra to the reference (combined spectrum of all samples,
see supplemental material) in percent (B).

Mean total cell concentrations were slightly higher in Polar water samples for
both, autotrophs and heterotrophs (26.4 [0.02, 92.14] × 106 cells L−1 and 4.0 [0.01,
54.32] × 106 cells L−1), than in Atlantic water samples (22.1 [0.08, 91.70] × 106

cells L−1 and 3.1 [0.03, 9.22] × 106 cells L−1). While also autotrophic mean total
biovolume was higher in Polar samples (3.17 [0.03, 12.19] mm3 L−1 vs. 2.73 [0.03,
14.34] mm3 L−1 in Atlantic samples), heterotrophic biovolume was similar (2.30
[0.04, 9.30] and 2.32 [0.03, 10.34] mm3 L−1). While in the Polar waters autotrophic
total biovolume exceeded the heterotrophic total biovolume, similar biovolumes of
autotrophs and heterotrophs may indicate a higher activity of the microbial loop in
the Atlantic waters.

The size spectra for autotrophs and heterotrophs, separating between Atlantic
and Polar samples in Fig. 2.4A, show clear deviations in certain size ranges, in
spite of total abundance being similar. Deviations are more pronounced in Fig.
2.4B, where we show the relative difference of the Atlantic (left) and Polar (right)
size spectra to the reference (combined-spectra from all samples, see supplemental
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material). Autotrophic cell abundance between 10 and 25 µm (size range D) was
higher in the Polar spectrum, as diatoms and chrysophyceans in this size range were
more abundant than in Atlantic samples. The high abundance of silicoflagellates and
undefined cells around ESD = 40 µm caused an elevated cell concentration density
in the Atlantic spectrum relative to the Polar. Large diatoms and autotrophic
dinoflagellates around ESD = 110µm contributed to a local peak, which was missing
in the Polar spectrum. Differences between Atlantic and Polar spectra were more
noticeable for heterotrophic plankton. Despite high uncertainty, the abundance of
cells with ESD < 2 µm was considerably smaller in the Atlantic subset compared to
the Polar subset, where small (1µm) choanoflagellates were common. Interestingly,
ciliates in this size range were only observed in Polar samples. However, a high
abundance of choanoflagellates, with an ESD around 3 µm, in Atlantic samples lead
to a local peak in the Atlantic spectrum in size range A, which was supplemented by
ciliates. Since both groups were considerably less abundant in Polar samples, a local
minimum could be identified in the size spectrum. The cell concentration density
minimum in size range E of the Atlantic spectrum could be attributed to dino-
flagellates and flagellates being less abundant relative to the Polar spectrum. The
cell concentration density distribution was shifted towards larger ESDs in Atlantic
samples, and as a result the Atlantic spectrum exceeded the Polar samples for ESD
> 80 µm.

2.3.3 Spatio-temporal distinction of community size spectra
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Figure 2.5: Time series of satellite derived chlorophyll-a concentration estimates. The
distinction of Polar and Atlantic areas is described in the materials and methods section.
We used daily chlorophyll-a estimates and applied a 15 d moving average, weighed by the
number of available data points. Grey bars indicate the duration of sampling campaigns
and the dotted grey line indicates the threshold chlorophyll concentration we imposed for
classifying as a ”bloom” (Wu et al., 2007; Nöthig et al., 2015).

As Fig. 2.5 shows, chlorophyll-a concentration derived through satellite imagery
differed over time in the three observed years (temporally) and in the two regions
(spatially). From these results we conclude that the development and progression
of phytoplankton blooms in the Atlantic and Polar regions of the study site were
different. During the four sampling campaigns, protist plankton communities were
therefore observed in different growth phases.

The algal blooms were more intense in the Polar region than the correspond-
ing blooms in the Atlantic region, and started earlier in 2017 and 2018. In the
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Table 2.4: Average and [minimum value, maximum value] total cell concentrations and
total biovolumes for a spatio-temporally separated dataset.

Season Region Type Cell conc. [×106 cells
L ] Biovol. [mm3

L ]

autumn cold autotroph 0.21 [0.19, 0.24] 0.09 [0.07, 0.12]
autumn cold heterotroph 0.08 [0.02, 0.14] 0.07 [0.06, 0.08]
autumn warm autotroph 5.89 [0.08, 28.68] 1.22 [0.03, 3.95]
autumn warm heterotroph 2.45 [0.03, 6.94] 1.12 [0.03, 3.26]
summer cold autotroph 27.84 [0.02, 92.14] 3.34 [0.04, 12.19]
summer cold heterotroph 4.22 [0.01, 54.32] 2.42 [0.04, 9.30]
summer warm autotroph 36.95 [0.30, 91.70] 4.09 [0.04, 14.34]
summer warm heterotroph 3.71 [0.18, 9.22] 3.41 [0.09, 10.34]

Atlantic region, we observed two pronounced and distinct blooms, with a denser
second bloom (2016+2018). The second bloom in the Polar region was hardly ex-
pressed. PS99 captured the second bloom of the season in both regions, but while
PS107 catched the end of the second bloom in the Atlantic region, the bloom ended
already six weeks earlier in the Polar region. Chlorophyll-a concentration showed
a narrow peak among otherwise moderate values in the Polar region during PS114,
and a bloom in the Atlantic region has recently faded. Because of the Polar Night,
no satellite observations were available for the autumn cruise MSM77, but in-situ
HPLC measurements (data not shown) indicated no further bloom in 2018. A re-
markable feature was the increase in variability in autumn. As total cell numbers
declined we found certain size ranges with vastly reduced cell numbers (amplified
reduction). Size spectra of autotrophs differed greatly in terms of abundance of cells
with an ESD < 2µm. The small chlorophyte Micromonas sp. (ESD ≈ 1 µm) was
abundant in summer, but not in autumn. Furthermore, diatoms and the prymnesio-
phyte Phaeocystis spp., in the size range between 2 and 7 µm, were highly abundant
in summer.

By further dividing summer and autumn samples into Polar and Atlantic sam-
ples, we could account for spatio-temporal changes in size spectra for autotrophic
and heterotrophic plankton (Fig. 2.6). Mean total biovolume was larger in the
Atlantic region both in summer and in autumn (Table 2.4). Furthermore, more
autotrophic than heterotrophic biovolume was observed within the investigated size
range. In the Polar region, the ratio of autotrophic to heterotrophic biovolume was
higher (in summer and autumn) than in the Atlantic region. Autotrophic cell con-
centration was higher in Atlantic than in Polar samples in summer, and reversed for
heterotrophs. In autumn, both autotrophic and heterotrophic cell concentrations
were higher in the Atlantic region than in the Polar region.

As Fig. 2.6 (upper panels) shows, Atlantic (left) and Polar (right) size spectra
aligned relatively well in summer. However, autotrophic cell concentration density
for Atlantic samples was slightly elevated in section B, because even though less
diatoms were observed, substantially more prymnesiophytes of this size range were
found compared to Polar samples. Mismatches in sections E and > G related to
higher dinoflagellate and diatom concentrations in Atlantic samples. Differences in
the size distribution of choanoflagellates caused the contrary course of Polar and
Atlantic heterotrophic size spectra. Furthermore, less flagellates and dinoflagellates
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Figure 2.6: Abundance size spectra for phyto- (green) and microzooplankton (black)
of temporally (summer, top panels; autumn, bottom panels) and spatially (Atlantic, left
panels; Polar, right panels) separated data. Coloured shaded areas indicate the 95 %
confidence intervals, dotted lines indicate reduced reliability of size measurements for
cells with ESD < 2 µm. For comparison, cell concentration densities derived from Flow
Cytometry measurements are shown for bacteria (black line, 0.5 – 1.5 µm, data from
corresponding samples in von Jackowski et al. (2020a) and for Synechococcus (green line,
0.8 – 1.5 µm, data from Paulsen et al. (2016); August-south ∧

= Summer-Atlantic, August-
north ∧

= Summer-Polar, November ∧
= Autumn-Atlantic).
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Figure 2.7: Biovolume size spectra for phyto- (green) and microzooplankton (black) of
temporally (summer, top panels; autumn, bottom panels) and spatially (Atlantic, left
panels; Polar, right panels) separated data. Coloured shaded areas indicate the 95 %
confidence intervals, dotted lines indicate reduced reliability of size measurements for
cells with ESD < 2 µm. For comparison, biovolume concentration densities derived from
Flow Cytometry cell count measurements are shown for bacteria (black line, 0.5 – 1.5 µm,
assuming mean ESD = 1 µm, data from corresponding samples in von Jackowski et al.
(2020a) and for Synechococcus (green line, 0.8 – 1.5 µm, assuming mean ESD = 1.2 µm,
data from Paulsen et al. (2016)).
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in section E caused a local minimum in the Atlantic spectrum around 40 µm.
In autumn (Fig. 2.6, lower panels), differences between Polar and Atlantic

spectra were considerably more pronounced. Autotrophic and heterotrophic cell
concentration densities were smaller for ESD < 30 µm, and converged for larger
cells. No chlorophytes were observed in autumn, and the cell concentration density
of small prymnesiophytes and diatoms was lower in the Polar than in the Atlantic
spectrum. In sections A–D, the autotrophic spectra ran relatively parallel, with
reduced cell concentration densities in the Polar spectrum (less diatoms and di-
noflagellates), and then converged. In contrast to smaller size ranges, diatoms with
ESD ≈ 120µm were more common in the Polar samples. While the Atlantic size
spectrum for heterotrophic cells in autumn covered a size range of 1–180µm, the
Polar spectrum only covered 3–80 µm.

The Atlantic and Polar biovolume size spectra shown in Fig. 2.7 likewise showed
less deviation in summer, compared to autumn. In the size ranges 3–4 and 8–10 µm
the biovolume size density was consistently reduced relative to its neighbouring size
ranges in all spatio-temporally separated spectra. Furthermore, the size ranges 35–
40 and 70–100µm frequently contained local minima and generally expressed high
variability.

2.4 Discussion

2.4.1 Changes in plankton community structure in the Arctic

A long-term gradual increase in phytoplankton biomass was reported for the West
Spitsbergen Current (WSC) in the Fram Strait by Nöthig et al. (2015). According
to an analysis of satellite-derived chlorophyll-a data of the period between 1991
and 2012, this temporal trend is evident for the warmer Atlantic waters entering the
Arctic ocean through the Fram Strait but not for the southward moving colder Polar
waters (Nöthig et al., 2020). Following a warm water anomaly between the years
2005 and 2007, Nöthig et al. (2015) also observed a shift in species composition, from
a domination of diatoms towards smaller sized cells of haptophyte Phaeocystis and
other nanoflagellates in the Atlantic waters of the WSC during the summer months.
Our data from 2016, 2017, and 2018 include measurements of Phaeocystis, whose
abundance and biovolume decreased from summer to autumn. In both seasons,
abundance and biovolume were always higher in Atlantic than in Polar waters.

Changes in plankton composition in the Arctic also involve shifts in the abun-
dance of picophytoplankton, like Micromonas and Synechococcus. Significantly high
cell numbers of picophytoplankton were found within the WSC northwest of Spits-
bergen, of Synechococcus (Paulsen et al., 2016) as well as of Micromonas (Kilias
et al., 2014). The presence of autotrophic picoplankton in northern polar regions
was emphasized by Li et al. (2009), who discovered an increase in the abundance
of small picoplankton (< 2 µm) in the Canada Basin between 2004 and 2008. This
finding was linked to a freshening of surface waters. Likewise, Comeau et al. (2011)
stressed the tendency towards observing higher abundance of small plankton cells
like haptophytes and Micromonas in the Canadian Beaufort region, which they at-
tributed to enhanced stratification and thus general decrease in nitrate availability.
Paulsen et al. (2016) highlighted the high abundance of Synechococcus in August
2014, which was similar to the abundance of Micromonas resolved by our summer
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microscopic data from the years 2016, 2017, and 2018. In October Micromonas
was nearly absent, while significant numbers of Synechococcus can be found even in
November within the Atlantic water (Paulsen et al., 2016). On the one hand, the
biovolume of Synechococcus reported for November 2014 in Paulsen et al. (2016) is a
small fraction relative to our total biovolume estimates of October (see Figs. 2.6 and
2.7). On the other hand, the abundance of Synechococcus might have been higher
during October in that year than in November. Paulsen et al. (2016) explained
the presence of Synechococcus could be associated with a reduced grazing pressure
by heterotrophic nanoflagellates. Our spectra support their interpretation, as we
could reveal a drastic decline in heterotrophic nanoflagellate abundance (between 3
and 4 µm) already in the Polar water’s summer spectrum and even more so in the
autumn spectrum of the Atlantic water (Figs. 2.6 and 2.7). In the Polar water we
did not find a significant number of heterotrophic nanoflagellates in October. We
here recall the differences between the Polar- and Atlantic water with respect to
the timing of the bloom and the successional plankton development, as shown in
Fig. 2.5. This indicates that the plankton signal in the Atlantic water was lagged
by several weeks compared to the Polar water, and Synechococcus might have been
present at higher abundance in October in the Polar water as well, which remained
unresolved in our measurements.

Overall, recent observations substantiate the appearance of autotrophic picoplank-
ton in the Arctic, with potential consequences for the functioning of the microbial
loop dynamics. However, we learned that great care has to be taken when mak-
ing inferences about a general trend with respect to heterotrophic bacteria and
autotrophic picoplankton in a changing Arctic. Given the high variability in the
abundance of the picoplankton it remains difficult to assess whether shifts towards
higher abundance of smaller cells can be attributed to variations in timing of the
seasonal succession or is a general phenomenon. In this context, it becomes mean-
ingful to relate the here observed spectra to the seasonal bloom development, which
will be further addressed in Section 2.4.3.

2.4.2 Specific patterns in plankton size spectra

Based on our size spectra we identified distinctive size ranges of local maxima and
minima. Four size ranges of high variability at 3–4, 8–10, 25–40, and 70–100µm
indicate size-selective grazing. These patterns cannot be explained by allometric
physiological processes of the phytoplankton, because they appeared in size spectra
for both, autotrophic and heterotrophic cells. Rather, the variability within these
specific size intervals accentuate variations between bottom-up effects and top-down
control through grazing. Furthermore, the distinctive size ranges denote the impor-
tance of prey size, with no clear discrimination according to the trophic status
(omnivory). In contrast, interjacent size ranges showed noticeably less variability,
suggesting that these size ranges were less influenced by variations in grazing. Simi-
lar size specific patterns had been observed in other studies. For example, Schartau
et al. (2010) used a similar approach to generate size-spectra from epi-fluorescence
microscopic plankton counts and size measurements from equatorial Pacific samples
(Landry et al., 2000). They observed a clear minimum around 4 µm ESD, and a
step-like decrease between 30 and 50 µm ESD, which became even more pronounced
in samples of a fertilised patch where algal growth was stimulated by the addition of
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iron. The depression in the proximity of 4 µm ESD of the plankton community size
structure was so prominent that it could readily be identified by histogram represen-
tations of fixed size classes, with lowered cell abundance in the 2–5 µm size class of
the original data set described in Landry et al. (2000). Mainly heterotrophic flagel-
lates, dinoflagellates, prymnesiophytes, and small diatoms were subject to this size-
specific grazing impact. Rodríguez et al. (1998) compiled size-abundance spectra
for samples from the deep fluorescence maxima at different locations in the Alboran
Sea (Mediterranean), combining flow cytometry and microscopy data. Consistently,
the abundance of cells between 5 and 6 µm ESD was reduced relative to smaller and
larger cells. In a size spectrum compiled by Marañón (2015), log(cell abundance)
deviates notably from the linearly decreasing relationship with log(cell volume),
especially in a cell size range around 4 µm. Similarly, in size spectra derived by
Quinones et al. (2003) from image analyses of samples from the North-West At-
lantic, anomalies in biovolume (deviations from a log-linear relationship) are trace-
able at sizes 3–4 µm and at approximately 30–40 µm. Volume size spectra derived
from Laser In-Situ Scattering and Transmissometry (LISST) measurements in the
Fram Strait by Trudnowska et al. (2018) show maxima in phytoplankton biovolume
between 4–5 µm, with much lower values for sizes greater than 10 µm. Their spectral
measurements represent conditions found in the middle of July 2013. In contrast
to their LISST data, our spectra exhibit a substantial fraction of phytoplankton
biovolume also in the size range greater than 10 µm not only in summer but also in
autumn. Interestingly, the total particle spectra (of the phyto- and other- types of
particles) resolved by LISST in Trudnowska et al. (2018) disclose minima between
20 and 30 µm, most noticeably for measurements in the WSC.

Moreno-Ostos et al. (2015) derived a series of size abundance spectra from sam-
ples collected in the subtropical Atlantic (south and north of the equator). They
concluded that the spectral slope of a log-linear size-abundance relationship of the
phytoplankton is not a good indicator for total biovolume, in particular within olig-
otrophic waters. This was attributed to considerable variability within specific size
ranges so that slope and intercept may not become ultimately constrained by the
size and abundance data. Amongst size ranges of large variations in their study
were those in the vicinity of 4 µm (volume ≈ 101.5 µm3), as well as between 27 µm
and 50 µm (volume ranges of ≈ 104–104.8 µm3). Clearly, some of the prominent size
ranges with pronounced variations revealed in our study for the Arctic microbial
plankton community seem to be generic rather than site-specific.

2.4.3 Spatial and temporal separation

In the study of Trudnowska et al. (2016), spatial variability in the Fram Strait was
investigated in July 2012. They could resolve patches of high plankton abundance
that occupied between 2 to 17 % of the Fram Strait region. According to their
analysis, major differences in normalised biovolume size-spectra could be mainly
attributed to differences in oceanographic conditions. For example, consistent with
our observations, phytoplankton in the WSC region were larger (higher abundance
in the size range larger than 100µm) than in the Polar water. Based on our anal-
yses of remote sensing chlorophyll-a concentrations, we showed that the temporal
development of chlorophyll-a differed between the Polar and Atlantic water masses.
The spring blooms in Polar waters appeared earlier than the pronounced blooms of
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the Atlantic waters, which is consistent with the results of Nöthig et al. (2015), who
revealed differences in the variability, trends and bloom duration between EGC and
WSC in the period 1991–2012.

Because our samples covered the Polar and Atlantic water masses as well as two
different seasons (summer and autumn), we may interpret the spatio-temporally
separated size spectra (section 2.3.3) as independent size spectra that represent
four different points in time, relative to the progression of the plankton community
succession: Scenario 1–4 (S1–S4, approximately 0, 1–8, 9–11, and 15–17 weeks after
the bloom maximum, Fig. 2.8). During the summer cruises (PS99, PS107, PS114),
remote sensing indicated high chlorophyll-a averages in the Atlantic section of the
sampling site. We therefore interpret size spectra from Atlantic summer samples
as Scenario 1 (S1), as they originate from mid to end of bloom situations. Mean
chlorophyll-a concentration had decreased already in the Polar section during the
summer cruises, and the peak bloom had passed approximately 1–8 weeks ago (S2).
In 2018, chlorophyll-a concentration in the Atlantic section peaked approximately
9–11 weeks before MSM77-sampling was undertaken, hence we interpret Atlantic
autumn spectra as S3. Mean chlorophyll-a concentration peaked earlier, throughout
May in 2018, in the Polar section, so 15–17 weeks passed between the end of the
bloom in early June until sampling during MSM77. Polar autumn size spectra
therefore represent S4.

With this approach we could resolve changes in plankton size structure, revealing
that while mean total cell concentration and total biovolume decreased (see Fig. S3
in the supplemental file), major patterns strengthened, diminished, or even reversed.
For example, the maximum around 3 µm in the heterotrophic spectrum at S1 turned
to a local minimum at S3–S4. During the decline of the phytoplankton community,
the relative abundance of smaller sized cells (ESD < 30µm) decreased more than the
number of larger cells. If interpreted in terms of a log-linear relationship between
abundance and ESD, this corresponds to a reduction of the slope. The gradual
reduction of the abundance of small cells eventually induced a sign-change in the
slope of phytoplankton biovolume spectrum (see Fig. 2.8B), with the biovolume
being dominated by cells of ESD > 10 µm. During S4, the maximum abundance of
autotrophs was at ESD ≈ 3 µm, which is a size range of noticeable grazing pressure,
appearing as a local trough at other times. This inversion suggests some potential
for recovery of the standing stocks in this size range. Interestingly, Marañón et al.
(2013) showed experimentally that the size-dependent maximum growth rate µmax

has an optimum in the vicinity of this size range, likely as a result of a trade-
off between the ability to replenish internal nutrient cell quota and the ability to
synthesise new biomass (Ward et al., 2017).

According to our spectra, the size-selective grazing showed clear signs of om-
nivory, but also of intraguild predation within the microbial community. Ciliates
are often regarded as a single functional group (guild) in models of the microbial
loop (e.g. Thingstad and Cuevas, 2010). Stoecker and Evans (1985) have shown
experimentally that while both, the large tintinnid Favella sp. and the smaller
ciliate Balanion sp. fed on the dinoflagellate Heterocapsa triquetra, the large tintin-
nid could also prey on the smaller ciliate. In their model, ecosystem structure was
shaped by the relative efficiencies of the one-step and the two-step pathway of this
triangular trophic relationship. The results of our analysis agree with their findings.
In our spectra the ciliates occupied a broad size range, from 7 µm small undefined
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Figure 2.8: Spectra at different times relative to the progression of plankton succession
(S1-S4). During the summer cruises, the Atlantic waters were subject to bloom conditions
(S1 ≈ 0 weeks after bloom), while in the Polar waters the peak bloom had already passed
(S2 ≈ 1–8 weeks after bloom). The spatio-temporal separation of the autumn spectra
was done likewise (S3 ≈ 9–11, and S4 ≈ 15–17 weeks after bloom). Abundance spectra
are shown in (A), biovolume spectra in (B). Dotted lines indicate reduced reliability of
size measurements for cells with ESD < 2 µm. For comparison, abundance and biovolume
concentration densities derived from Flow Cytometry cell count measurements are shown
for bacteria as horizontal lines (0.5 – 1.5 µm, assuming mean ESD = 1µm, data from
corresponding samples in von Jackowski et al. (2020a).

ciliates to the tintinnid Acanthostomella norvegica with ESD = 120µm, while the
majority of cliliates were larger than 10 µm. Heterotrophic cells in the 25–40 µm size
range (section E) were composed mainly from dinoflagellates, tintinnids, and other
ciliates in slightly varying proportions between S1 and S3, but the absence of cili-
ates and tintinnids < 40 µm caused a prominent trough at S4. The density of larger
tintinnids between 35–90µm however stayed relatively constant, which could indi-
cate a transition from mainly herbivory on phytoplankton to increasing carnivory
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on smaller ciliates, their former competitors, as total phytoplankton declines. The
consideration of larger ciliates grazing on smaller ones increases the length of the
food chain and thus the number of loops, which could be approached by considering
the theory and size-based model of multiple food chains suggested by Armstrong
(1994) For every additional loop cycle within the microbial food web the efficiency
of matter transfer to the copepods is reduced, while more organic matter is re-
leased and becomes available for bacterial consumption (Azam et al., 1983), with
potential consequences for nutrient recycling and organic matter export (Steele,
1998). Although unresolved by our spectra, the loss of the largest microzooplank-
ton (tintinnids and heterotrophic dinoflagellates > 80 µm) at S4 and the decrease
of large diatoms were likely associated with copepod grazing and aggregation.

2.4.4 ESD and effective prey size of plankton

When comparing plankton size spectra, certain aspects of how cell size was measured
and normalised have to be considered. For unicellular nano- and microplankton
we could demonstrate that the ESD can be a robust measure of size, otherwise
our spectra would have become more blurred because of the various cell shapes
and thus distinct patterns would not have been identifiable. Our ESD values are
based on cell volumes that were derived from length and width measurements,
thereby considering differences in the plankton cell’s geometric shapes described
in Edler (1979) and Olenina et al. (2006). This approach is more advanced than
assuming ellipsoids, but with respect to biovolume, the ESD is likely a less accurate
proxy than the area-based diameter (ABD), a normalised measure based on the
entire area of a single cell or organism of various shapes. The ABD is a valuable
approximation of the biovolume, which would be a good measure for investigating
allometric physiological dependencies, e.g. size dependent variations in nutrient
affinity (e.g. Aksnes and Egge, 1991). In our plankton size spectra we could identify
recurrent patterns but did not find a perfect match in ESD of the distinctive minima
due to size-selective grazing. This is likely because of morphological differences. The
ESD of a prey cell does not necessarily reflect the actual dimension that a predator
might face. For example, the star-shaped Dictyocha speculum has a relatively small
cell volume and a small ESD accordingly, but appears bulky due to its spines.
Care has to be taken when elaborating predator-prey interactions from changes in
ESD based size spectra. In other words, while ESD might work well for explaining
bottom-up allometric effects we do not expect that ESD is equally representative
as prey size. Identical ESDs can be assigned to cells of very different morphology.
Bearing this in mind, we recommend the consideration of an effective prey size when
looking at predator-prey dependencies, while using ESD for biovolume dependent
processes. In this manner, the formation of colonies impacts the effective prey size,
with ecological implications.

We treated cells that were part of colonies as single cells, because the sam-
ple fixation with hexamine neutralised formaldehyde may have an impact on the
durability of cell colonies. The prymenesiophyte Phaeocystis sp. can reach high
abundance in the Marginal Ice Zone (Gradinger and Baumann, 1991; Nöthig et al.,
2015) and is known to occur in form of small flagellated cells or to grow to large
colonies (Rousseau et al., 2007). We observed mostly free living, flagellate single
cells of P. pouchetii with an average diameter of 2.4µm, while spherical colonies can
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reach 0.1mm and cloud-shaped colonies may reach 2mm, as reviewed in Rousseau
et al. (2007). Interestingly, with the formation of colonies, the P. pouchetii cells can
overrun the 8–10 µm and 25–40 µm size ranges of definite grazing pressure, gener-
ating a loophole for their growth and reaching the size range of large chain forming
diatoms. Such an effect could not be resolved with our measurements, but should
be better addressed in future studies. The formation of colonies is hypothesised to
be a defence mechanism against microzooplankton grazers, with the consequence of
entering the size range of prey for copepods (Nejstgaard et al., 2007). Furthermore,
some diatom species are known to form chains to escape size ranges of high grazing
pressure (Bjærke et al., 2015). In our study we indeed observed colonial assem-
blages of Chaetoceros sp., Pseudo-nitzschia spp., Eucampia groenlandica, Navicula
vanhoeffenii, Navicula pelagica, Navicula sp., Fragilariopsis spp., Fossula arctica,
and other undefined pennate diatoms.

2.4.5 Limitations and outlook

Microscopic measurements depend on the experience of the observer. Therefore,
comparisons between data or their combination need to made with caution. We
respected uncertainties in plankton counts and in size measurements by introducing
a resampling approach, but some uncertainties in taxonomic identification may still
exist. A study by Jakobsen et al. (2015) has shown large variations not only between
different taxonomists, but also for repeated measurements of the same taxonomists.
The purpose of grouping and averaging size-spectra of individual samples was to
eliminate potential biases and compensate for major methodological variations. The
mixotrophic lifestyle may be common or even predominant among protist plankton
(Flynn et al., 2013), however we could not resolve this microscopically. Instead,
all dinoflagellates containing chloroplasts were regarded as photo-autotrophic, and
the colourless as heterotrophic. We furthermore assigned half of the flagellates an
autotrophic and half a heterotrophic nutrition, which contributes to further blur
in the trophic identifications. Our classifications of autotrophic and heterotrophic
feeding modes therefore do not refer to strict trophic strategies, but rather indicate
a tendency towards one or the other, without resolving all intermediate lifestyles.

All samples considered in our analysis were collected during four cruises within
a three years period, covering different times of the natural plankton succession in
the Fram Strait. Each of the cruises span a three week period, being ‘snapshots’
of the protist plankton community. In spite of these short term observations, the
specific size ranges discussed above were distinctive within all size spectra, which
implies that the trophic dynamics of the microbial community in the Fram Strait
are well reflected in our size spectra within the size range between 2 and 200µm.
Considerable uncertainties exist in our spectra for sizes smaller than 2 µm. With
our microscopic measurements we could not resolve the abundance of picoplanktonic
cyanobacteria and of heterotrophic bacteria. However, for comparison we consid-
ered picoplankton data from the studies of von Jackowski et al. (2020a) (bacteria)
and Paulsen et al. (2016) (Synechococcus). These data are typically available as
measurements of a different type, e.g. flow cytometry. Likewise, the considera-
tion of copepod data would provide a more complete picture of the microbial loop
dynamics, including mass transfer. A synthesis of our derived size spectra with
complementary ecological and biochemical data appears as constructive objective
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for future studies.
The here presented size spectra are particularly valuable for constraining so-

lutions obtained by size-based model applications. Only by modelling we could
disentangle some of the complex interdependencies between the phyto- and the mi-
crozooplankton. Our spectra reflect the state of the microbial community structure
at times after the bloom maximum, a period when the microbial dynamics is criti-
cal for regenerated production. The identified size ranges of high grazing pressure
and size niches that favour autotrophic growth impose strong constraints on model
solutions, in particular with respect to resolving variations between bottom-up and
top-down regulatory effects and trophic efficiency. The latter is of vital importance
for estimating mass transfer to higher trophic levels in model applications, i.e. prey
availability for copepods.

2.5 Conclusion

The primary aim of our study was to gain insight to the plankton community size
structure within the Arctic environment of the Fram Strait. The employed KDE
method for analysing the size structure (as equivalent spherical diameter, ESD)
of the nano- and microplankton community was shown to reveal details that may
become masked by introducing individual size classes. In conclusion, with our
extensive approach we documented how laborious and thus valuable microscopic
measurements can be well transferred to continuous size spectra of autotrophic and
heterotrophic plankton of ESD between 1 µm and ≈ 200µm. With this approach
we could accentuate details that show distinct deviations from any log-linear de-
pendency between plankton size, abundance, and biovolume.

From our remote sensing data analyses we learned that the plankton community
within the polar Arctic Water lead the seasonal succession by approximately two to
three weeks relative to the plankton observed in the Atlantic Water. Our plankton
size spectra document the decline in total biovolume during the post bloom period
as well as a substantial shift in the phytoplankton’s relative biovolume towards
larger cell sizes (> 30 µm) in autumn. We conclude that the spatial separation
between Arctic and Atlantic waters within the Fram Strait was crucial, as both
water masses contained plankton and likely a biogeochemical signal that differed
with respect to the timing in seasonal succession.

Amongst the most interesting details are four specific size ranges (3–4 µm, 8–
10 µm, 25–40 µm, 70–100µm). The four size ranges induce pronounced deviations
from a log-linear dependency between plankton size, abundance and biovolume.
Thus, these specific size ranges appear to be valuable indicators for temporal changes
between bottom-up and top-down regulatory processes within the microbial food
web.

The identified size ranges disclose size-selective grazing impacts on the Arctic
nano- and microplankton community, regardless of the trophic status. Since au-
totrophs and heterotrophs seemed to be subject to similar grazing pressures within
specific size ranges, we conclude that the conjecture of phytoplankton and het-
erotrophic nanoflagellates being the only prey for ciliates is inappropriate. Instead,
omnivory and intraguild predation seem to be vital pathways within the pelagic mi-
crobial food web in the Arctic. Whether the identified grazing-sensitive size ranges
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are specific for the Arctic or generic for the microbial food webs remained unre-
solved here, but comparisons with other spectra clearly indicated similar grazing
impacts, at least within the size ranges 3–4 µm and 25–40 µm.
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Abstract

The Arctic Ocean is characterised by substantial seasonal and inter-annual variabil-
ity, of which the sources and impacts are not yet fully understood. Employing a
plankton ecosystem model with nine distinct size classes of phyto- and zooplank-
ton ranging from 1 to 200 µm, we simulate standing stocks and fluxes within the
nutrient, phytoplankton, zooplankton, and detritus pools. Crucially, some inte-
gral physiological and ecological parameters scale with size. The model is driven
by data of the physical environment extracted along trajectories derived from the
ocean model SINMOD, tracing the opposing East-Greenland and West-Spitsbergen
currents through the Fram Strait. Our approach involves four ensembles of trajecto-
ries, yielding multiple solutions conditioned by the trajectories’ origins and specific
pathways. Model results, when compared to in situ observations of biogeochemical
tracers and plankton size measurements, as well as climatological data of dissolved
inorganic nitrogen and remote sensing chlorophyll, are largely in accordance with
the data. At the times of sampling in the Fram Strait, we found the maxima of
net primary production and vertical exports had already occurred. Distinct tem-
poral developments in plankton size composition, growth, and export are evident
from individual trajectories between and within the ensembles. We find that 10–
72 % of locally observed variability in tracer concentrations, within the upper 100
m of the water column in the Fram Strait, can be attributed to differences in water
parcel trajectories. These deviations stem from differences in origin and temporal
development of environmental conditions along their voyage. A substantial portion
of variability remains unexplained, underscoring the necessity for further research.
Key areas include resolving processes like sea ice associated bloom dynamics, and
refining allometric relationships and predator-prey interactions to enhance our un-
derstanding of plankton dynamics in this critical region.

Plain Language Summary

This study uses a particle-tracking model to estimate sources of variability in the
Fram Strait region of the Arctic Ocean. In this perspective, an observer follows a
water parcel along the currents and investigates physical, chemical, and biological
changes within. The model simulates the growth of plankton populations, their in-
fluence on nutrient concentrations and the production of dead, dissolved and decay-
ing organic matter, as water is transported northwards from the Atlantic Ocean and
southwards from the Arctic Ocean into the Fram Strait. By simulating a number of
different pathways, the model provides estimates of how variability in the environ-
mental conditions along those pathways contributes to variability of the plankton
ecosystem in the upper water column of the Fram Strait. When compared to mea-
surements of the ecosystem taken from ships and observed by satellites, we find
that the model is successful in reproducing changes in the plankton size structure
observed in the Fram Strait and yields estimates of productivity and export that
are close to observations from the region. Our study finds that a substantial portion
(10–72 %) of the observed variability in biogeochemical tracers can be explained by
differences in the histories (origins and pathways) of water parcels. Nonetheless,
there is still a large amount of variability that remains unexplained, indicating the
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need for further research to better understand essential processes. This research is
important because it helps unravel the various sources of variability in the Fram
Strait. Accurate models that consider detailed processes enable us to make better
predictions about elemental cycling, productivity and export, especially in the face
of climate change. In particular, by identifying the ranges of natural variability, we
will be more able to identify and predict exceptional events that are occurring more
frequently under climate change.

3.1 Introduction

The Arctic Ocean has changed significantly in recent decades as sea surface tem-
peratures have risen (Comiso and Hall, 2014; Nielsen-Englyst et al., 2023) and the
extent and thickness of sea ice has declined (Stroeve et al., 2012; Hansen et al., 2013;
Renner et al., 2014; Spreen et al., 2020). These changes in the environment may
substantially modify biogeochemical processes and alter the functioning of marine
ecosystems.

The Fram Strait, between Greenland and Spitsbergen, is one of the main gate-
ways to the Arctic Ocean and has been the subject of numerous repeated studies
in the fields of biological, chemical and physical oceanography. A target area in the
Fram Strait covers the Long-Term Ecological Research (LTER) observatory HAUS-
GARTEN (e.g., Soltwedel et al., 2005, 2016), where warmer waters enter from the
North Atlantic in the East (West-Spitsbergen current, WSC) and colder, seasonally
ice-covered waters exit the Arctic Ocean southwards in the West (East-Greenland
Current, EGC). With the WSC and the EGC passing through the HAUSGARTEN
area, the observations at different sampling sites capture biological and chemical
signals that are influenced by dynamical changes that have already taken place
outside the study area, for which data with comparable details are not available.

Most in situ investigations conducted in the Fram Strait focused on the summer
conditions (e.g., Nöthig et al., 2020), as the region is seasonally covered with sea
ice or close to the ice edge. More recent studies also covered periods in autumn or
spring (e.g., von Jackowski et al., 2020a, 2022). Observations from the dark winter
months are still rare (e.g., Błachowiak-Samołyk et al., 2015; Wietz et al., 2021).
Detecting longer-term trends from annually repeated observations in summer and
autumn within the Fram Strait is difficult given the strong spatial and temporal
variability in ice cover and hydrographic conditions and usually requires many years,
if not decades, of data collection. Helpful in this respect is to disentangle the range
and causes of the observed variability within such regions, which contributes to our
understanding of the processes involved.

In principle, variability in organic matter (OM) observations is conditioned by
a combination of external factors, which are variations in physical and chemical
conditions such as light, nutrient availability, and temperature, as well as of internal
factors that are associated with the plankton dynamics. Overall, in the context of
this study, we are concerned with several sources of variability that are linked to
each other and become ultimately expressed in regions of observations:
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I. Spatio-temporal variations in environmental conditions

– differences in the horizontal transport of water masses (pathways)

– differences in vertical mixing

II. Temporal variations in plankton dynamics

– differences in plankton physiology, community structure, and interaction

– differences in pre-conditioning, spatial origin and growth history of the
plankton community

Apart from purely stochastically driven (random) processes, and disregarding method-
ological uncertainties, individual in situ measurements are subject to, and a combi-
nation of, these major sources of variability, that create differences between nearby
but distinct sampling sites.

The horizontal heterogeneity, variance in space, as observed during a limited pe-
riod of ship-board sampling (usually 2–3 weeks) in the HAUSGARTEN can, to some
extent, be attributed to differences in the prior history along different pathways of
water parcels passing through that region. These pathways can be investigated
with a Lagrangian modelling approach, allowing dynamically consistent solutions
of a one-dimensional (1D) marine ecosystem model to be derived along trajectories
of individual water parcels (e.g., Banas et al., 2009). This approach facilitates the
identification of optimised model solutions due to its computational efficiency (Ba-
nas et al., 2016), as model calibration requires multiple simulation runs. In a recent
study by Kuhn et al. (2023) it is shown that the variability in Chl-a concentration
is similarly described by an Eulerian and a Lagrangian approach on timescales of
30 days (approximately two times the characteristic timescale of plankton growth).
Only in some ocean areas, with boundary currents or in upwelling regions, can dif-
ferences between the two approaches become significant. With regard to plankton
ecosystems in ocean regions that include frontal systems like in the Fram Strait,
the findings of Kuhn et al. (2023) suggest suitable descriptions when a Lagrangian
perspective is chosen. To investigate the spatial heterogeneity found in the HAUS-
GARTEN data the Langrangian approach is particularly useful, as it allows us to
connect detailed local observations, e.g., plankton community structure, to spatio-
temporal variations in tracer concentrations, primary production and carbon export
outside of the target region.

Many aspects of plankton dynamics, from cellular to community level, are con-
trolled by cell size, which can be regarded as a ‘master trait’ (Marañón, 2015; An-
dersen et al., 2016; Blanchard et al., 2017). Physiological processes such as nutrient
assimilation and photosynthetic rates are size dependent (e.g., Litchman et al., 2007;
Edwards et al., 2012), as are predator-prey interactions (e.g., Hansen et al., 1994).
Size based ecosystem models make use of these allometric features to explain struc-
tural changes of the plankton community (e.g., Moloney and Field, 1991; Banas,
2011; Ward et al., 2012; Ward and Follows, 2016). Litchman et al. (2007) have shown
that trade-offs between ecophysiological and morphological traits arise from funda-
mental allometric relationships that describe diverse plankton interactions and can
explain variations in community composition along environmental gradients. Sim-
ilarly, Ward et al. (2012) have shown that their size-structured ecosystem model
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was able to reproduce global patterns in biogeography and community structure of
marine plankton, demonstrating the utility of size-based modelling.

Our primary objective is to investigate to what extent the differences between
the environmental conditions (histories) of horizontally advected water parcels (tra-
jectories) may contribute to the spatial heterogeneity of particulate and dissolved
organic matter (POM and DOM) concentrations in the Fram Strait, as observed dur-
ing summer and autumn of 2018 respectively. Along four ensembles of Lagrangian
trajectories, which differ with respect to their origins and times passing the observa-
tional HAUSGARTEN area in the Fram Strait, a 1D size-based plankton ecosystem
model is applied. We assess the model’s ability to reproduce changes in the commu-
nity size spectra observed in Lampe et al. (2021), where the plankton community
showed a shift towards larger cell size during the summer-autumn transition in
2018. While stoichiometric variations in carbon-to-nitrogen and Chl-a-to-carbon
ratios are explicitly resolved, we provide insight to differences in simulated rates of
net primary production and export before, during, and after the sampling periods
along trajectories that originate either from northern Arctic or from southern North
Atlantic regions.

3.2 Methods

For our analyses we used observational data collected in the Fram Strait (FS), which
comprise tracer concentration measurements (Torres-Valdés et al., 2019; Engel et al.,
2019; von Jackowski et al., 2020b) as well as microscopic measurements of cell abun-
dance and cell size (Lampe et al., 2021). In addition, remote sensing Chl-a data
Sathyendranath et al. (2021), and climatological data of the World Ocean Atlas 2018
(WOA18, Boyer et al., 2018) were considered. We apply a one-dimensional (1D),
vertically resolved ecosystem model, forced with data along trajectories that were
extracted from SINMOD (Slagstad and McClimans, 2005; Wassmann et al., 2006)
model results. For the 1D model we obtain multiple solutions, depending on the
origins and pathways of individual trajectories. Results are based on four different
ensembles of Lagrangian trajectories, as described in Sect. 3.2.2. The oceanographic
conditions of respective trajectories provide the physical framework for our plankton
ecosystem model. The ecosystem model is a nutrient-phytoplankton-zooplankton-
detritus (NPZD) model with nine size classes for phytoplankton and zooplank-
ton. Some model parameters, important for physiology and ecological interactions
(e.g. regulating cell quota, nutrient uptake, growth, mortality, and grazing) are de-
pendent on cell size and scale exponentially with cell volume (x = a · Volb). We
fit the model to observations (in situ, remote sensing, and climatological data) by
adjusting the model parameters.

3.2.1 Observational data

Observational data used for model evaluation were collected at the HAUSGARTEN
Long Term Ecological Research observatory (LTER) site in the Fram Strait, located
between Greenland and Spitsbergen (see Fig. 3.1). This region is commonly referred
to as a main gateway to the Arctic Ocean (e.g., Nöthig et al., 2015) and is charac-
terised by the convergence of two hydrographic regimes. While the eastern part of
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the Fram Strait is dominated by the northward flowing West-Spitsbergen-Current
(WSC) that transports warm water from the North Atlantic into the Arctic Ocean
(e.g., Beszczynska-Möller et al., 2012), the East-Greenland-Current (EGC) carries
cold Arctic water into the Atlantic through the western Fram Strait (e.g., de Steur
et al., 2009). The western region of the Fram Strait remains covered with sea ice
for most of the year. More seasonal variability in sea ice cover is observed in the
north-eastern, WSC dominated, part while the south-eastern region stays ice free
throughout the year Soltwedel et al. (2016). The HAUSGARTEN LTER is located
in the central Fram Strait between 78°N–81°N and 5°W–11°E and includes sam-
pling stations in the colder EGC waters, as well as in the warmer WSC waters. The
Marginal Ice Zone is a highly productive region (Soltwedel et al., 2016).

The data consist of in situ concentration measurements of inorganic nitrogen (ni-
trite and nitrate) (Torres-Valdés et al., 2019), and chlorophyll-a (Chl-a), particulate
organic carbon (POC) and nitrogen (PON) (Engel et al., 2019; von Jackowski et al.,
2020b), collected between July 16th and July 27th 2018 during the PS114 expedition
of research vessel RV Polarstern. Additionally to the observational data recorded
during summer time, we also consider data from a research cruise in autumn. Au-
tumn samples were collected on MSM77 research cruise on RV Maria S. Merian
between September 16th and October 4th 2018 and include measurements of Chl-a
and POC. Unfortunately, no measurements of DIN and PON were conducted dur-
ing this expedition. To complement the biogeochemical tracers, we also considered
ecological data to evaluate the model. For this, we used plankton size data in the

Figure 3.1: Particle trajectories for the physical model forcing. The starting point at
day=1 is indicated in dark blue. Black crosses mark the sampling stations of observational
in situ data used for model evaluation. Trajectories of the summer setup pass the stations
during the summer sampling period (July 16th – July 27th 2018), those of the autumn
setup during the autumn sampling period (September 16th – October 4th 2018).
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form of size spectra of the protist plankton community, as described in Lampe et al.
(2021), where size spectra of 60 samples from summer (PS99, PS107, PS114) and
autumn (MSM77) and both the WSC and ESC influenced HAUSGARTEN stations
were used.

3.2.2 Model setup and forcing

The 1D-NPZD model resolves n=9 size classes of phytoplankton and zooplank-
ton with variable stoichiometry (carbon-to-nitrogen, C:N ratio), similar to the
size-based models of Ward et al. (2012) and Ward and Follows (2016). In this
model, 10 important parameters controlling the physiology (e.g. nutrient uptake
rates, biosynthesis rates) and ecology (e.g. grazing) are dependent on organism size
(see Tab. 3.1). We chose a Lagrangian approach to simulate lateral dispersal of
the plankton along with the water currents (flow field). Along these trajectories
the plankton experience changing environmental conditions, including variations in
vertical mixing and exposure to light. The target region is the HAUSGARTEN
observatory in the Fram Strait, to be reached at times that cover the two sampling
periods, in summer and autumn. The Lagrangian approach appears especially ap-
propriate for simulating observations in the Fram Strait, where most of the differ-
ences seen between sampling sites are associated with variations between and within
two opposing currents (WGC and ESC), as well as the formation of small eddies
and recirculation patterns (von Appen et al., 2015; Nöthig et al., 2020).

Physical forcing

The physical forcing data were extracted from the ocean model SINMOD (Slagstad
and McClimans, 2005; Wassmann et al., 2006), a regional coupled 3D model sys-
tem encompassing physical, chemical, and biological domains. Configured for the
Nordic and Arctic Seas, it operates at a horizontal resolution of 20 km and with
25 vertical layers. The hydrodynamic component, responsible for calculating fun-
damental oceanic properties such as velocity, water temperature, and pressure, is
based on the primitive Navier-Stokes equations, implemented on a z-grid (Slagstad
and McClimans, 2005; Slagstad et al., 2015). The ice model incorporates two state
variables: ice thickness and concentration, shaping ice interaction dynamics (Hibler,
1979). This model integrates the ice momentum equation and an equation for ice in-
ternal stress, utilizing the elastic-viscous-plastic (EVP) dynamical model proposed
by (Hunke and Dukowicz, 1997). Vertical turbulent diffusivity is calculated based
on a Richardson number based scheme described in Sundfjord et al. (2008). Surface
irradiance is calculated based on solar elevation, cloud cover and light attenuation
through sea ice. Cloud cover is obtained from ERA-Interim reanalysis data from
the ECMWF (Europen Centre for Medium-Range Weather Forecasts). Details re-
garding the model runs including atmospheric, freshwater and tidal forcing utilised
in this study can be found in Vernet et al. (2021). The data extraction was achieved
by applying the particulator MatLab tool (Banas, 2018) (Fabian Grosse and Neil
Banas, personal communication). The extracted data include surface irradiance
(Isurf(t)), water temperature (T (z, t)) and vertical (turbulent) diffusivity (K(z, t))
for times t (day) and depths z (m). The spatio-temporal development of Isurf(t)
and surface temperature are shown in Fig. 3.2. Irradiance attenuates exponentially
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with depth (I(z, t)), assuming a seawater attenuation coefficient of κSW = 0.04 m−1

together with a light attenuation by Chl-a, which is κP = 0.0149 m2 (mgChl)−1

(Krause-Jensen and Sand-Jensen, 1998), see Eqs. B.10 and B.11 in the Supplemen-
tal Information file (SI, Chapter B.1). The pathways of these model trajectories are
shown in Fig. 3.1.

The model is applied in two setups. In the first ‘summer’ setup, we isolated
particle trajectories that passed through the HAUSGARTEN region during the
July 2018 sampling period by defining ‘catchment areas’ at the location of each
in situ sample. Trajectories within 25 km from a sample location at the time of
sampling were retained, and all other trajectories passing through Fram Strait were
omitted. Observational samples were usually taken in regions with no or thin ice
cover. We therefore excluded trajectories of Arctic origin with high ice cover (ice
cover > 50 % in July) from the pool of forcing trajectories. In total, 139 trajectories

Figure 3.2: Physical forcing of the model trajectories. The left column shows surface
PAR (= Isurf(t)) for the summer (upper) and autumn (lower) setup, the right column
shows the sea surface temperature. Line colours indicate the trajectory origins (Arctic =
blue or Atlantic = orange). Grey shaded areas exhibit the periods trajectories pass the
HAUSGARTEN stations (Jul. 16th – Jul. 27th 2018 for summer setup, Sep. 16th – Oct.
4th 2018 for autumn setup).
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of Atlantic origin and 10 trajectories of Arctic origin have been applied to force the
model in the summer setup.

In a second ‘autumn’ setup, we isolated trajectories that passed through the
HAUSGARTEN region during the September to October 2018 sampling period. In
order to arrive in the target region later in the year, trajectories of Atlantic and
Arctic origin start their voyage further south and north, respectively, than their
counterparts in the summer setup. Eventually, five trajectories of Arctic origin and
50 of Atlantic origin could be considered for the autumn setups. The catchment
area radius for trajectories had to be increased to 100 km for the autumn setup,
due to low number of available SINMOD particle trajectories and sampling stations
from the field campaigns. If a 25 km catchment area radius was used like for the
summer setup, no Arctic trajectories would remain for the autumn setup.

Plankton ecosystem dynamics

The dynamical plankton ecosystem model is described by a set of differential equa-
tions that describe the mass flux of nitrogen and carbon. The phytoplankton and
zooplankton are structured according to cell size (9 size classes: 1.12 – 2.00; 2.00 –
3.56; 3.56 – 6.33; 6.33 – 11.25; 11.25 – 20.00; 20.00 – 35.57; 35.57 – 63.25; 63.25 –
112.48; 112.48 – 200 µm equivalent spherical diameter, ESD), applying allometric
rates that determine autotrophic growth within the respective size classes, as well
as size-specific grazing by heterotrophs. While some parameters are independent
of organism size, others are dependent on the cell size, e.g. maximum cell nutrient
quota, nutrient uptake, and linear mortality. The model’s parameter values are
listed in Tab. 3.1. The differential equations are adapted from Ward et al. (2012)
and Ward et al. (2017), but modified to represent a 1D water column and with some
minor changes to parameterisation:

∂N

∂t
=

∂

∂z
K

∂N

∂z
−
∑
j

VN,jBC,j +
∑
k

rN,kMN,k (3.1)

∂Bi,j

∂t
=

∂

∂z
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∂Bi,j

∂z
+ Vi,jBC,j −

∑
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Gi,jz ,jBC,jz (3.2)

+
∑
j

λi,jzGi,jz ,jBC,jz − (mj +m2Bi,j)Bi,j

∂Di,k

∂t
=

∂

∂z
K

∂Di,k

∂z
− wk

∂Di,k

∂z
− ri,kDi,k

+
∑
j

βj,k(mj +m2Bi,j)Bi,j +
∑
jz

BC,jz

∑
j

βj,k(1− λi,jz)Gi,jz ,j (3.3)

Here, the state variables are concentrations of N (dissolved inorganic nitro-
gen, DIN), Bi,j (phytoplankton and zooplankton biomass, a stacked matrix Bi,j =
[Pi,jp , Zi,jz ]) and Di,k (dissolved and detrital particulate organic matter, DOM and
detritus respectively). Subscripts index nutrients (i ∈ {C, N, Chl}), plankton
size classes (j = [jp, jz] ∈ {1, . . . , np + nz}), and type of detrital organic matter
(k ∈ {DOM, detritus}). Chlorophyll is relevant only for phytoplankton, so the
zooplankton and organic matter matrix rows where i = Chl are zeroed.
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The rate of change in DIN is the sum of change due to vertical diffusion and
replenishment via remineralisation minus the uptake by autotrophs. The rate of
change in biomass is the sum of changes due to vertical mixing, autotrophic uptake
(phytoplankton), uptake through grazing (zooplankton) minus changes due to graz-
ing and mortality. The rate of change in D (DOM and detrital, particulate OM)
is the sum of change due to vertical diffusion, mortality and messy feeding minus
sinking and remineralisation. Because the model only resolves the labile–semi-labile
fraction of DOC, we refer to it as DOCSL. The detailed terms of model equations
3.1–3.3 are described in Sect. 1 in the SI.

The efficiency at which the primary production is exported to depth is diagnosed
from the model results as the pe-ratio, and is calculated as the fraction of total
export flux at 100 m (combining the sinking of detritus (wdet · [Di,POM]z) and the net
flux induced from the turbulent vertical diffusion of POM (detritus + zooplankton
+ phytoplankton)) divided by the depth-integrated (100 m) net primary production
(NPP) (e.g., Serra-Pompei et al., 2022). The pe-ratio is therefore calculated as:

pe =
export
NPP

(3.4)

In this study, we considered instant, daily pe-ratios and time integrated pe-ratios
over the productive period. For the time integrated pe-ratios, we integrated export
and NPP over April–September prior to calculation of the ratios.

Initial conditions

The initial conditions were to some extent directly adopted from SINMOD simula-
tion results. With regard to initial DIN profiles (at the origins on 1st January) of the
Arctic trajectories, the SINMOD results exhibit surface concentrations around 6–7
mmolm−3, which are lower than those derived in the WOA18 (10–11 mmolm−3).
For these Arctic trajectories we adjusted the initial conditions to agree with the
profiles of the WOA18 data. Plankton N biomass was initialised by splitting SIN-
MOD’s small and large phytoplankton N biomass evenly across the respective model
size classes. For the initial plankton C biomass a constant C:N factor of 6.625 is im-
posed. We assume Chl-a:N = 0.75 to be a reasonable ratio for model initialisation
on Jan 1st, and therefore calculated initial Chl-a biomass as BChl,jp = 0.75 ·BN,jp ·θ,
with θ being the maximum Chl-a:N ratio (Tab. 3.1).

Initial detritus was derived from initial plankton. We assume that detrital or-
ganic matter equals a small fraction of plankton organic matter, and therefore derive∑

k Mi,k = 0.05 ∗
∑

j Bi,j. Of the total detrital organic matter,
∑

k Mi,k, half is as-
sumed dissolved, and the other half particulate. We stress that the sensitivity of the
simulated phytoplankton and zooplankton biomass in spring, summer and autumn
to variations of the initial conditions turned out to be extremely small. This is be-
cause of the prolonged period of darkness during the first months of the year; long
enough to cause respective biomass to converge towards negligible concentrations
in the range of 1 · 10−8 mmolCm−3, which is given after approximately 40 days.

3.2.3 Model assessment

Monthly mean climatological DIN concentrations of WOA18 (Boyer et al., 2018;
Garcia et al., 2019b) are considered for evaluating the model’s performance with
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regard to spatio-temporal changes in nutrient acquisition along the pathways of the
trajectories. On local scales, the ensembles of model solutions are assessed against
the in situ measured DIN, Chl-a, POC, and PON concentrations of the respective
sampling periods in the Fram Strait. The corresponding biovolume-size spectra
derived from microscopic measurements are considered for an evaluation of the size-
specific structural changes resolved by the model. In principle two different metrics
are applied, the Root Mean Square Deviation (RMSD) for the tracer concentrations
and a divergence function for the plankton size spectra.

Root Mean Square Deviation and Coefficient of Variation

In order to quantify the model’s ability to reproduce the in situ observational data
collected during the cruises, we calculated the Root Mean Square Deviation (RMSD)
for DIN (nitrate + nitrite), Chl-a, POC and PON. We deliberately choose the no-
tation RMSD instead of Root Mean Square Error, as it is not exclusively a model
error, but also includes the variation between individual model trajectories. Ac-
cordingly, a wide spread of solutions of all trajectories will yield a RMSD that is
higher than for cases where these solutions are very similar.

RMSD =

√√√√ 1

N

np∑
p

nt∑
t

nz∑
z

(modp,t,z − obs∗z)2 (3.5)

with obs∗z = median(obs)z being the median of all individual samples at depth z
across all days and N = np + nt + nz. The indices represent model trajectory (p),
day-of-year (Julian day) (t), and depth (z). Model results were interpolated to
depths where data are available. For both model setups (summer and autumn), we
distinguish between trajectories according to their origins (Arctic and Atlantic).

Furthermore, we derived a measure that relates the RMSD to the corresponding
mean of obs∗z, similar to a coefficient of variation (CV):

CV =
RMSD

mean(obs∗)
(3.6)

The calculated RMSD and CV, as defined in Eqs. 3.5 and 3.6 include deviations
from observations of every trajectory (ensemble member).

For the assessment of DIN profiles of the model, we additionally evaluate RMSD
against the monthly mean climatological WOA18 data along the ensembles’ mean of
trajectories. The monthly WOA18 data are representative for the model trajectories
with a 20 km radius. Here, the RMSD are calculated as:

RMSD =

√√√√ 1

nm

1

nz

nm∑
z

nz∑
z

(modz,m − WOAz,m)
2 (3.7)

where modz,m and WOAz,m are monthly averages over trajectories for model results
and WOA data, respectively.

Integrated Quadratic Distance

The simulated plankton size spectra are evaluated against those derived from mi-
croscopic measurements by applying a non-parametric distance metric. We use
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the Integrated Quadratic Distance (IQD) (e.g., Thorarinsdottir et al., 2013). In
our case it represents a divergence function that describes the difference between
the cumulative distribution of normalized biovolumes of all size classes resolved by
the model (Fmod) and observations (Gobs) derived from the normalized, continuous
biovolume-size spectra (fmod and gobs):

IQD(Fmodx,y , Gobs) =

∫
s

(
Fmodx,y(s)−Gobs(s)

)2 ds (3.8)

with s being the log-transformed equivalent spherical diameter (s = log10(ESD
1µm

).
The IQD is separately calculated for the phytoplankton and zooplankton spectra,
distinguishing between the summer and autumn set ups as well as between the
trajectories origins (Arctic and Atlantic). We note that this metric accounts for
relative changes in the community size structure. Changes in biomass are exclusively
assessed as RMSD described before, based on the Chl-a, POC, and PON data.

3.2.4 Model calibration

Model calibration was performed in two successive parameter estimation steps. In
a first step, the sum of residuals between transformed data and model results was
minimised, using a genetic algorithm for optimising parameter values. The trans-
formation was determined by a linear mixed model, based on log-transformed,
depth-resolved measurements of different types. We estimated a total of 17 pa-
rameters (indicated with ∗ in Tab. 3.1) in the numerical optimisation, of which 12
parameters determine size dependencies in the model. This initial numerical op-
timisation produced unsatisfactory results with respect to cross-comparisons with
monthly WOA18 data along the trajectories, which were not included in the cost
function. Also, the simulated plankton size spectra poorly matched their observa-
tional counterparts. Perhaps crucially, as we later realised, the cost function was
under-constrained by not imposing non-linear restrictions on combinations of the
size-dependent parameters representing minimum nutrient quota, nutrient uptake
rate, and photosynthetic rate, as described by Ward et al. (2017).

From a subsequent parameter sensitivity analysis we could identify six model pa-
rameters (described below) whose refined values significantly improved the model’s
ability to reproduce observational data. Therefore, in a second step, we used the
parameter estimates from the initial optimisation and adjusted the values of these
six parameters, such that the final model solutions show much better agreement
with all four different data types, using the RMSD and IQD (Eqs. 3.5, 3.7, and
3.8) for assessing the model results of: the i) local tracer concentrations, ii) Chl-a
remote sensing data, iii) monthly WOA18 climatology, and iv) the plankton size
spectra.

For three of the six parameters, we have introduced values that further improve
the model solutions in terms of comparability with the observed tracer concen-
trations: The minimum nitrogen quota of the autotrophs is set to Qmin

N,a = 0.035
molN (molC)−1, the sinking velocity of detritus is adjusted to be wdet = 10 md−1,
and a single remineralisation rate of ri,DOM = 0.04 d−1 is assigned to the hydrolysis
and remineralisation of DOC and DON. Furthermore, the size dependency of pho-
tosynthesis is modified by refining the exponent of the maximum photosynthetic
rate (Pmax

b = -0.08). A quadratic mortality is introduced with a value of m2 = 0.05
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m3mmolC−1 d−1 for the largest size class (j = 9). Finally, the impact of grazing is
refined with a maximum potential prey capture rate Gmax

a of 11 d−1.
This manual ‘hand-tuning’ of model parameters should be unnecessary, indeed,

repeating the first optimisation step while including greater constraint upon param-
eters (based on Ward et al., 2017) may be all that is required to achieve satisfactory
model outputs from a purely automated method. Alternatively, there may be need
to include the WOA18 data into a single meaningful cost function, alongside the
in situ measurements, or to perform a multi-objective optimisation with three or
even four different metrics for the respective data types. The former of these two
options would require additional research efforts while the latter would demand op-
timisation algorithms to be tested according to their usefulness for our special case.
Improvement to the numerical optimisation routine continues, but goes beyond the
scope of this study, so we therefore restrict our analysis to the model solutions
identified with the two-step calibration approach.

3.3 Results

First, we consider the model solutions along the trajectories. The results are com-
pared with the climatological monthly WOA18 data and with monthly Chl-a con-
centrations derived from satellite measurements. We then focus on comparisons of
the local patterns between the HAUSGARTEN data and our model results, distin-
guishing between variations in vertical tracer distributions and horizontal hetero-
geneity. The simulated plankton size spectra in the Fram Strait are compared with
the spectra derived from microscopic measurements. Finally, the temporal devel-
opments in the plankton community size structure, of net primary production and
export are presented as they occur before, during and after the observation periods.
In general, all model solutions are obtained with an identical set of parameter val-
ues and any differences between these solutions are due to variations in origin and
pathway of the individual trajectories. Accordingly, these differences are largest
between the four ensembles (summer Arctic, summer Atlantic, autumn Arctic, and
autumn Atlantic) and smaller between individual members of an ensemble.

3.3.1 Data-model comparison: seasonal patterns of DIN and
Chl-a concentrations along trajectories

By averaging over all members (trajectories) of an ensemble, we find major differ-
ences between the ensembles with respect to the timing and intensity of plankton
growth and nutrient utilization. This can be well illustrated by comparing seasonal
changes in monthly mean DIN concentration, which can also be assessed against
the climatological nitrate concentrations derived from WOA18 data along the tra-
jectories’ pathways (Fig. 3.3). When compared with the WOA18 monthly means,
the simulated profiles reproduce the vertical distribution and temporal development
of DIN concentration in a similar manner. The major discrepancy is a delayed but
then more rapid decline in DIN concentration during late spring/early summer in
the model solutions. The timing of the DIN decline fits best in Atlantic trajectories
of the autumn setup. While minimum concentrations in the WOA18 data sporad-
ically fall below 1 mmolm−3 in all subsets, similarly low DIN concentrations are
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Figure 3.3: Fit of simulated DIN to corresponding World Ocean Atlas data. Model
results (left column) were averaged over trajectories, discriminating between their Arctic
and Atlantic origins. World Ocean Atlas data (right column, Boyer et al. (2018); Garcia
et al. (2019b)) was extracted along the model trajectories for each day with a 20 km radius,
then averaged over trajectories.
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only reproduced in model solutions of the autumn setup simulations of the Arctic
trajectories.

We furthermore compared simulated Chl-a to monthly mean concentrations de-
rived from remote sensing along the model trajectories (20 km radius, limited to
2018) in Fig. 3.4. Although similar in magnitude, the timing of the spring bloom
along the Arctic trajectories could not be resolved by our simulations. Model solu-
tions of some individual trajectories exhibit a somewhat earlier bloom development,
e.g. starting by the end of May. The overall delayed bloom development in the sim-
ulated Arctic trajectories leads to an overestimation of Chl-a concentration in June
and July. These discrepancies in Chl-a decrease with time, without major devia-
tions occurring in the late summer and early autumn months, when the simulated
Chl-a concentrations become similar to the remote sensing data. We note that re-

Figure 3.4: Comparison between simulated Chl-a with corresponding remote sensing
data. Remote sensing data (red circles, monthly means (Sathyendranath et al., 2021)) were
extracted along the model trajectories with a 20 km radius. Faint blue lines represent daily
average chlorophyll concentrations over the upper 46 m for individual model trajectories
and indicate the variability across trajectories. Solid blue lines represent their respective
average over trajectories. Blue circles represent the monthly averages of the (depth and
trajectory averaged) simulation results.
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mote sensing estimates for April and May along the Arctic trajectories come with
large uncertainties, as ice cover is still extensive during this period, which allows
only few observations. These few observations may be biased as they stem from
locations with thinner ice cover and therefore more light exposure.

For the Atlantic trajectories, the model solutions are in better agreement with
the data. The monthly mean Chl-a concentrations in June compare well, with
similarly good matches during the post bloom period in summer and during the
autumn period. The best model representation can be assigned to the solutions
of the summer setup of the Atlantic trajectories, as they also provide the best fit
to the monthly mean WOA18 nitrate concentration data (Fig. (3.3)). Daily con-
centrations of simulated Chl-a can exceed the monthly averages by a factor up to
two, with some considerable variations between trajectories during the exponential
growth phase in June and July (Atlantic summer trajectories), and in May and June
in the Atlantic autumn trajectories. We note that the earlier bloom development in
the Atlantic autumn ensemble is due to the more southern positions of these trajec-
tories in May, with higher light levels compared to the trajectories of the Atlantic
summer setup. The remote sensing Chl-a data reveal a small but distinctive bloom
in September that is less accentuated in the simulation results. The simulated Chl-a
concentrations in September are rather a prolongation of the summer conditions.
In November the simulated Chl-a concentrations of all trajectories, of all four en-
sembles, drop below 0.05 mgm−3. With the onset of the dark Arctic winter period
all photoautotrophic growth becomes inhibited in our simulations.

3.3.2 Data-model comparison: local patterns in the Fram
Strait

The ensembles of model solutions of the individual trajectories allow us to analyse
the range of simulated biogeochemical tracer concentrations within the region of
the HAUSGARTEN observatory in the Fram Strait during the periods of sampling
in 2018.

Local vertical distributions

Within the target region, the model reveals greater variability in concentrations of
DIN and Chl-a than in POC and PON (Fig. 3.5). In particular, the variations
in POC and PON observed during the sampling campaigns (summer: 16-07–27-
07.2018; autumn: 16-09–04-10-2018) are larger than those explained by the ensem-
bles of model solutions.

We calculated the root mean squared deviation and coefficient of variation
(Sect. 3.2.3) as a metric for model fit. Averaged values for the seasonal model setups
are summarised in Tab. B1 in the SI. The model (in summer setup; no observational
nitrogen data for autumn sampling campaign) slightly overestimated DIN concen-
trations in the upper 100 m. For the in situ comparison, smaller RMSDs and CVs
indicate a slightly better fit in the Arctic trajectories than in those coming from the
Atlantic. Simulated chlorophyll values in the summer setup in the upper 26 m seem
overestimated, however several depth layers with single measurements (the single
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Figure 3.5: Fit of observed and simulated concentration depth profiles (without water
mass distinction; data from Engel et al. (2019) and Torres-Valdés et al. (2019)). Model
results were interpolated to corresponding observation depths and limited to the time
frame when sampling was conducted (summer: 16-07–27-07.2018; autumn: 16-09–04-10-
2018) ± 7 d. No DIN and PON observational data were available for the autumn period.
In this boxplot representation, a box represents the interquartile range, the line in the box
is the median, and whiskers represent the 99.3% confidence interval (assuming normally
distributed data). Single vertical lines with missing boxes are drawn where only individual
measurements were available.

vertical blue lines in the figure indicate a single observation at the respective depth)
are occasionally well above the interquartile range of simulated Chl-a concentra-
tions. The fit between 30–40 m matches well, and simulated concentrations for
depths below 40 m are slightly underestimated. Model-data-fit of Chl-a concentra-
tions in the autumn setup is particularly good, although the model produces outliers
well above observed concentrations. Both, in summer and autumn, smaller RMSEs
and CVs indicate a better fit for Atlantic trajectories. Concentrations of POC in
summer and their simulated counterparts fit well, although simulated concentra-
tions below 30 m are rather on the lower end of the observed range. Noticeably,
the interquartile ranges of simulated values are smaller then of the observations.
The POC data are consistently underestimated during the autumn setup. Simu-
lated PON concentrations were in good agreement with observations in the summer
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setup (no data for autumn setup).

Horizontal heterogeneity in local tracers

Here we examine the statistical properties of our model solutions and put them
into context of the observed horizontal variability (disparities in the measurements
between sampling sites in the HAUSGARTEN), using local depth-averaged (up-
per 100 m) data and model results. The resolved spatial differences are mainly
representative for the horizontal heterogeneity, although to some small extent they
include short-term temporal variations during the sampling periods, in summer (12
days) and in autumn (19 days). Tab. 3.2 documents measures of central tendency
as well as 95% confidence intervals (CI95) of concentrations of DIN, Chl-a, POC,
PON, POC:PON, and DOCSL. The limits of the CI95 represent 2.5 % and 97.5 %
quantiles (Q0.025 and Q0.975) derived from cumulative Kernel density estimates of
the respective data, estimated using a diffusion based diffKDE (Pelz et al., 2023).
Accordingly, the width of the interval is ∆CI95 = Q0.975 - Q0.025.

In general, the medians and means of the model results fall into the 95 % con-
fidence intervals of the observations. Comparisons between the simulated and ob-
served mean concentrations reveal biases that correspond with the differences al-
ready seen in the vertical profiles (Fig. 3.5); the model’s tendency to underestimate
measured PON and POC concentrations while the means of the simulated DIN
concentrations (between 8.2 and 9.8 mmolNm−3) are higher than the observational
means (between 7.4 and 7.7 mmolNm−3). The simulated means of the POC:PON
ratio are generally lower than observed, between 7.1 and 8.1 in the model results
and 9.3 and 10.2 in the observations. With regard to the DOCSL accumulation in
summer and the subsequent drawdown until autumn, the model results compare
well with the observed concentrations.

When comparing the 95 % confidence intervals, and as indicated by the up-
per CI95 limits (Q0.975), a noticeable finding is that only in the solutions of the
autumn-Arctic trajectories the simulated maxima in DOCSL concentration (Q0.975

= 4.7 mmolCm−3) exceed the observed range (Q0.975 = 3.1 mmolCm−3). In all
other cases, the Q0.975 limits of the observations are higher than in the model solu-
tions, which is even true in the case of DIN, although the model overestimates the
observational means. Ultimately, the concentration range of simulated DIN, Chl-a,
POC and PON, as well as the variations in POC:PON ratio, do not cover the full
range (∆CI95 = Q0.975 - Q0.025) derived from the depth-averaged observational data.
Thus, the model’s ensemble solutions of the trajectories can explain only a portion
of the observed horizontal variability of the HAUSGARTEN data.

To put the variability of the model solutions in relation to the variations found in
the observations, we set the widths of the respective confidence intervals in relation
to each other (∆CI95mod/∆CI95obs× 100), see Tab. 3.2. For the summer period,
the model trajectories approaching the Fram Strait from the north (Arctic) describe
a greater portion of the observed horizontal variability (18–41%) than those of the
Atlantic entering from the south (6–17 %). The relative portions are generally larger
in autumn (39–76 %), in addition to the higher than observed Q0.975 in the simulated
DOCSL concentration of the Arctic trajectories (254 %) mentioned before. There
are two reasons why a larger portion of the horizontal variability within the target
region can be explained by the model trajectories arriving in autumn. On the one
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Table 3.2: Measures of central tendency and 95 % confidence limits of tracer concen-
trations, averaged over the upper 100 m, covering periods of observation. Median and
the limits of the 95 % confidence interval (CI95) were calculated as quantiles (Q) from
cumulative probability densities derived from Kernel density estimates: Median = Q0.5,
lower (Q0.025) and upper (Q0.975) limits of the CI95, and ∆CI95 = Q0.975 - Q0.025.

Variable / unit, subset type median mean Q0.025 Q0.975 ∆CI95mod / ∆CI95obs × 100

DIN / mmolNm−3

- summer Atlantic observed 7.2 7.4 2.4 13.2
simulated 9.8 9.8 8.8 10.6 17

- summer Arctic observed 7.3 7.7 3.6 13.5
simulated 8.2 8.2 7.5 9.4 19

- autumn Atlantic observed – – – –
simulated 7.2 7.1 6.3 7.8 –

- autumn Arctic observed – – – –
simulated 8.0 8.0 7.6 8.3 –

Chl-a / mgChlm−3

- summer Atlantic observed 1.4 1.5 0.1 3.3
simulated 0.8 0.8 0.7 1.0 9

- summer Arctic observed 0.4 0.5 0.1 1.0
simulated 0.8 0.7 0.5 0.9 33

- autumn Atlantic observed 0.4 0.4 0.3 0.6
simulated 0.3 0.3 0.2 0.4 50

- autumn Arctic observed 0.4 0.4 0.1 1.0
simulated 0.3 0.3 0.2 0.6 44

POC / mmolCm−3

- summer Atlantic observed 16.2 16.4 5.5 27.8
simulated 7.6 7.5 6.8 8.1 6

- summer Arctic observed 7.1 7.9 1.7 15.0
simulated 6.9 6.7 5.4 7.7 18

- autumn Atlantic observed 4.3 4.5 3.0 6.9
simulated 2.0 2.1 1.2 3.0 46

- autumn Arctic observed 4.0 4.7 2.7 9.3
simulated 2.3 2.3 1.1 3.8 39

PON / mmolNm−3

- summer Atlantic observed 1.8 1.8 0.6 2.9
simulated 1.1 1.1 1.0 1.2 9

- summer Arctic observed 0.7 0.9 0.1 2.2
simulated 0.9 0.8 0.6 1.0 19

- autumn Atlantic observed – – – –
simulated 0.3 0.3 0.2 0.4 –

- autumn Arctic observed – – – –
simulated 0.3 0.3 0.2 0.5 –

POC:PON / molmol−1

- summer Atlantic observed 9.3 9.3 6.9 11.4
simulated 7.0 7.1 7.0 7.3 9

- summer Arctic observed 10.4 10.2 5.0 14.9
simulated 7.8 8.1 7.6 10.5 29

- autumn Atlantic observed – – – –
simulated 6.6 6.6 6.4 6.8 –

- autumn Arctic observed – – – –
simulated 6.7 6.7 6.5 7.0 –

DOCSL / mmolCm−3

- summer Atlantic/Arctic observed1 – 6.2 2.8 9.7
Atlantic simulated 5.5 5.5 5.1 5.9 12
Arctic simulated 5.9 5.7 4.2 7.0 41

- autumn Atlantic/Arctic observed1 – 2.5 1.9 3.1
Atlantic simulated 1.9 1.9 1.4 2.3 76
Arctic simulated 3.0 3.1 1.7 4.7 254

1: For the 95 % confidence limits we use the z-score together with the standard deviations published in von Jackowski et al. (2020b)
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hand, the observed and simulated OM concentrations are generally lower in autumn
than in summer and the widths of the CI95 become narrower. On the other hand,
the model trajectories that arrive in autumn are associated with longer pathways,
and thus more divergent histories of plankton growth, than the summer trajectories.
This is consistent with the finding that the confidence intervals of the autumn
data of Chl-a and POC in the WSC and the corresponding model results (Atlantic
trajectories) are narrower than those associated with the EGC (Arctic trajectories).
The autumn Atlantic trajectories expand over greater distances, covering a larger
latitudinal range.

When comparing the horizontal heterogeneity observed with the spread of depth-
averaged solutions obtained with the ensembles of trajectories, some additional
insight can be gained by simple comparisons of the non-parametric probability den-
sities (PD) obtained by Kernel density estimation, see Fig. B5 in the SI. These
PDs illustrate the results presented above, particularly with regard to the different
widths of the confidence intervals. However, they also show details such as bimodal-
ities and the skewness in the PDs.

Local plankton community size structure

To evaluate how well the model resolves the size composition of the plankton com-
munity, we compare simulated plankton size spectra to continuous size spectra
derived from microscopic counts and size measurements (expressed as equivalent
spherical diameter, ESD), as described in Lampe et al. (2021), based on samples
collected during summer and autumn. Fig. 3.6 shows that the overall slopes of sim-
ulated size-abundance spectra around the time of in situ sampling are in agreement
with observations. Spectra of total biovolume by size are shown in Fig. B1 in the
SI. Despite this satisfactory general characteristic, the observations in the size range
between 4 and 40 µm clearly differ from the simulated almost log-linear relationship
(with a nearly constant slope). The solutions of the autumn setup of the Arctic
trajectories are the only exception, which instead show a higher abundance of cells
with ESD below 2 µm in the simulations. This is all the more interesting because it
is this setup in which the total abundance of phytoplankton (sum of all size classes)
agrees well with the observations. In all other cases, total abundance is generally
underestimated by our model solutions at times of the sampling period. Within
the mentioned size range between 4 and 40 µm, the deviations can be as high as a
factor of 10 in the trajectories of the summer setup, and even higher (almost factor
20) in the autumn setup of the Arctic trajectories. We note that the deviations
in the size spectra are not accompanied by serious discrepancies compared to the
PON and POC data shown before; data that were used as constraints for the total
biomass.

3.3.3 Temporal variations in community size structure of the
plankton

The relative size distributions and the corresponding total phytoplankton biomass
of our model solutions resolve distinctive seasonal patterns (Fig. 3.7). The sim-
ulated blooms in the Arctic trajectories reveal two distinct peaks associated with
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the spring bloom. Some minor first peaks occur in early June (summer setup with
3 g Cm−2) and mid-June, with approximately 2.5 g Cm−2 in the autumn setup.
These first peaks are followed by stronger peaks, only three and four weeks later in
the summer and autumn setups of the Arctic trajectories respectively. Both max-
ima differ in their magnitude. Those trajectories that approach the Fram Strait in
autumn yield maxima of around 8.5 g Cm−2. In the summer setup, the total phy-
toplankton biomass reaches 6 g Cm−2 during the bloom. According to our model
results, the blooms along the EGC are later but more intense the further north
they are, away from the HAUSGARTEN region. Apart from the double peaks, we
obtain a characteristic that is consistent with this result for the Atlantic trajecto-
ries coming from the south. The difference is that the Atlantic trajectories starting
further south show the earlier bloom, which is the case for the autumn setup with
a maximum of almost 8 g Cm−2.

Here, too, the later bloom in the Atlantic trajectories of the summer setup is
accompanied by a higher intensity, reaching almost 10 g Cm−2 in mid-June. These
trajectories approach the Fram Strait in summer and therefore originate further

Figure 3.6: Comparison of simulated plankton size spectra (during sampling period)
and observations Lampe et al. (2021). Model results were extracted for the sampling
period ± 7 d and averaged over the upper 46 m. Cell concentrations were derived from
C-biomass per size class divided by the respective carbon quota (cell conc.[cellsm−3] =
BC,j [mmolCm−3]/QC[mmolC cell−1]). Shown here are the mean cell concentration den-
sities (over model trajectories or in situ samples) of phyto- and zooplankton, respectively,
with shaded areas indicating the standard error. The dotted graphs represent the obser-
vations, the solid lines represent the simulated (size binned) spectra.
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Figure 3.7: Integrated phytoplankton biomass per size class over time. C-biomass was
integrated to 100 m depth and averaged by trajectory origin. Phytoplankton size classes
are represented by green colours, and their respective sum equals total phytoplankton
biomass.

north than the trajectories that do not arrive there until autumn. Thus, the sum-
mer Atlantic trajectories are always north of the corresponding autumn trajectories
and they are thus exposed to lower light levels during the spring period. Overall,
all the results together make it clear that it is predominantly the availability of
light within the mixed layer that determines the temporal bloom development in
these high latitudes in these simulations. We note that short-term (e.g. diurnal)
stratification events remain unresolved in this model; a process that could counter-
act light-limitation of phytoplankton growth. Considering the predominant role of
light exposure in the presence of short-term stratification (e.g. within ice and snow
covered regions), this could explain why the simulated blooms are delayed in the
Arctic trajectories, as previously described (Fig. 3.4).

The shift of plankton biomass towards larger size can be well demonstrated by
depicting the temporal variations of the most dominant class (Fig. 3.8). The fig-
ure shows the size class that comprises the maximum carbon concentration of all
9 size classes, of the phytoplankton and the zooplankton respectively. In general,
temporal changes in dominant size class show greater similarities between trajecto-
ries that share the same origin than between the different seasonal model setups.
A common feature to all is that the early shift towards larger phytoplankton cells
during the initial growth phase occurs under low light conditions, at times when
the total biomass is still very small. According to the model’s solution, the larger
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Figure 3.8: Size classes with maximum biomass for phytoplankton (blue) and zooplank-
ton (orange) over time, integrated over the upper 46 m. Translucent lines represent single
trajectories, solid lines the trajectory-mean (calculated from the respective size class in-
dices). Background colours indicate the depth-integrated phytoplankton biomass per size
class.

cells are more efficient than the smaller sized phytoplankton during this early pre-
bloom period, because of a higher rate of nitrogen uptake per carbon fixed through
photosynthesis (the maximum uptake rate vmax scales positively with size). This
feature is of short duration, and as soon as light limitation becomes reduced, the
advantage of larger cells vanishes. When total phytoplankton biomass increases in
May, the biomass rapidly becomes dominated by phytoplankton of smaller size.

In the Arctic and the Atlantic trajectories, the zooplankton respond to the food
availability in the smaller size range. Clearly, the temporal fluctuations in the
predominant size class of zooplankton are a delayed response signal that follows
the predominant size class of phytoplankton after about one to three weeks. Once
zooplankton stocks sufficiently increased, the grazing progressively depletes popula-
tions of small phytoplankton. Following the peak in total biomass, more and more
biomass shifted to larger size classes as total biomass declined. Most biomass end
in the largest size class (112-200 µm), at times when total biomass has decreased
below 2-3 mgCm2. Apart from the Arctic autumn trajectories, most zooplankton
biomass is found in the largest size class, roughly one month after phytoplankton
have reached their maximum size class in the Atlantic trajectories. In the Arctic
trajectories, the largest dominant sizes of the zooplankton range within the 8th size
class (63 - 112 µm). This size class becomes dominant in September in the summer
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Figure 3.9: Depth-integrated carbon production (blue) and export (orange) at depth
(100 m). Solid lines show the mean between all Arctic (left panels) and Atlantic (right)
model trajectories. Translucent lines show the values of individual trajectories. Upper
panels show the results from the summer model setup, lower panels from autumn setup.
In situ sampling was conducted during timespans highlighted in grey.

setup and in October in the autumn setup.

3.3.4 Temporal variations in net primary production and ex-
port of Carbon and Nitrogen

Our analyses of the annual, depth-integrated net primary production (NPP), the
POM export at 100 m, and the corresponding export efficiency along the model
trajectories reveal clear differences between the ensembles (Tab. 3.3). The tempo-
ral variations are more pronounced in NPP than in export, also revealing greater
variability in the Arctic than in the Atlantic trajectories (Fig. 3.9).

With 101 g Cm−2 yr−1 we find the highest productivity in the Atlantic trajec-
tories of the summer setup, where light availability is highest. Compared to the
Arctic trajectories, the NPP in the trajectories of Atlantic origin is generally higher
(Tab. 3.3). Despite the overall lower NPP, the spatio-temporal variability in NPP is
higher along the Arctic trajectories, in particular at times when the bloom begins,
which is due to extensive fluctuations in temperature rather than in surface irradi-
ance (see Fig. 3.2). Generally, our model results yield lower C:N ratios in yearly
production rates in the Atlantic ensembles (summer: 7.9; autumn: 7.8) than in the
Arctic ensembles (summer: 8.7; autumn: 9.3). Surprisingly, and despite the previ-
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ously mentioned differences, the ensemble mean values of NPP appear to have con-
verged during the observation periods and show similar values between the Atlantic
and Arctic trajectories: Arctic (NPP = 54 ± 11 and 5 ± 4 mmolCm−2 d−1, summer
and autumn respectively), Atlantic (NPP = 56 ± 8 and 6 ± 4 mmolCm−2 d−1).

Generally, export is closely related to NPP and follows it with a lag of 2–3
weeks. The rapid increase in productivity in spring is not immediately reflected in
exports, suggesting that much of the spring production remains in the upper ocean
and is recycled rather than being rapidly exported to depth. The high temporal
variability in the export in Arctic trajectories is linked to the high variability in
NPP. Furthermore, the spatial variability in NPP, that is strongly expressed in At-
lantic trajectories of the summer setup, propagates to export. During September,
export begins to exceed local production. The productivity is always higher in the
Atlantic than in the Arctic trajectories, which translates into higher annual export
accordingly, with a maximum of 50 g Cm−2 yr−1 in the Atlantic summer setup. As
for the NPP, the C:N ratios of the yearly export rates are lower for the Atlantic en-
sembles (7.4 for both, summer and autumn setups) than in the Arctic counterparts
(summer: 7.9; autumn: 8.4). Although not as striking as in case of NPP, during
the sampling periods, the export flux at 100 m do not differ much in Arctic (Export
= 24.8 ± 3.6 and 10.4 ± 2.8 mmolCm−2 d−1 in summer and autumn respectively)
and Atlantic (Export = 32.5 ± 1.5 and 9.1 ± 1.8 mmolCm−2 d−1) trajectories.
These differences are small despite the preceding developments in export flux ex-
hibit larger differences (Fig. 3.9).

The efficiency of export integrated over the productive period is slightly higher
in the solutions of the Atlantic ensembles, indicating less efficient export and thus
more retention and recycling takes place in Arctic trajectories. Differences in the pe-
ratio of C and N are, albeit small, caused by the variable stoichiometry in the model.
The model solutions indicate some marginally more efficient export of N than of C.
We note that the rates assigned to remineralisation in our model are identical for
C and N, which means that the difference here only reflects the higher C:N ratio of
the OM that is remineralised. Instant, daily pe-ratios show a considerable temporal
and spatial variability (Fig. B4 in the SI). While in the beginning of the productive
period pe-ratios are close to 0, they increase to 0.4–0.6 in Arctic trajectories and
0.4–0.8 in Atlantic trajectories during the summer sampling period and eventually
exceed 1 during the autumn sampling period. An instant pe-ratio greater than one

Table 3.3: Time and depth-integrated (100 m) net primary production, export of carbon
(C) and nitrogen (N) at 100 m, and export efficiency (pe-ratio). Values are the model
ensemble means ± standard deviation.

Data subset Production [g m−2 yr−1] Export [g m−2 yr−1] pe-ratio
(ensemble) C N C N C N

summer/Arctic 53.14±6.34 7.11±0.87 22.16±3.17 3.23±0.46 0.42±0.01 0.45±0.01
summer/Atlantic 61.04±0.93 9.01±0.19 28.02±0.65 4.40±0.14 0.46±0.01 0.49±0.01
autumn/Arctic 69.04±1.39 8.69±0.44 27.37±2.38 3.79±0.38 0.40±0.03 0.44±0.02
autumn/Atlantic 100.96±5.67 15.04±0.77 50.15±2.73 7.85±0.43 0.50±0.01 0.52±0.01
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is due to the continuation of export, here at 100 m, of POM that has already been
produced before, while at the same time the actual productivity gradually ceases.

3.4 Discussion

As water parcels move through space over time, they are subject to varying en-
vironmental conditions, such as light availability, temperature, and water column
stratification. Studies in the HAUSGARTEN observatory that present time se-
ries of biogeochemical measurements (e.g., Nöthig et al., 2015; Engel et al., 2019;
Nöthig et al., 2020) reveal substantial variability in the data, differences between
individual sampling sites during limited periods of observation. Some part of the
variability seen in the local observations can be attributed to water masses that
are passing by the sampling stations and are thus ‘snapshots’ of the current situa-
tion. To relate observed changes, e.g. in plankton composition, to changes in local
physical and biogeochemical conditions is difficult, since the specific conditions to
which the communities were exposed before their arrival in the observation region
remain unresolved. The Lagrangian modelling approach allowed us to investigate
bottom-up and top-down processes that determine seasonal changes along trajec-
tories. With our simulations of distinct ensembles of trajectories we could analyse
a large suite of model solutions (with different histories in space and time) and
examine how these can contribute to the variability seen in the pelagic ecosystem
at HAUSGARTEN in the Fram Strait at times of observation. Furthermore, we
determined the spatio-temporal variations along the major trajectories passing the
Fram Strait.

This section discusses the representativeness and usefulness of our model solu-
tions. We address the insights gained on the different distributions (spatial and
temporal) of the trajectories, focusing on NPP and POC export. We further elu-
cidate aspects of the compositional variations of the plankton. The differences in
DOM and POM, as resolved by our simulations, are discussed in relation to the con-
centrations typically observed in the Fram Strait. Finally, we explain the limitations
of the model as well as potential improvements.

3.4.1 Influence of trajectory origin and evolution on NPP
and POC at HAUSGARTEN sites

Trajectories emanating from the North Atlantic cover a wide latitudinal range of
15°or up to 1930 km in summer and as much as 17°(2100 km) in autumn. The Arctic
trajectories cover only a range between 5.5°(650 km) and 6.7°(830 km) latitude
(autumn and summer setup respectively, see Fig. 3.1. In Sect. 3.3.2 we show that
a significant part (6–17 % in Atlantic and 18–41 % in Arctic trajectories of the
summer setup; 46–76 % in Atlantic and 39–44 (254) % in Arctic trajectories of
the autumn setup) of the variability in tracer concentrations observed locally at
HAUSGARTEN is caused by differences in the pathways of water parcels passing
the HAUSGARTEN sampling sites. Here we discuss how our estimated rates of NPP
and export in the Fram Strait compare with those derived from observations and
other modelling studies, and document how these rates change along the trajectories
resolved in our model.
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Our model results of annual NPP are within the range of rates reported for
the Fram Strait from observations and modelling studies. The ensemble means of
NPP in the Fram Strait of the Atlantic trajectories are 61.0±0.9 (summer setup)
and 101.0±5.7 (autumn setup) g Cm−2 yr−1 (Tab. 3.3). The corresponding Arctic
trajectories (along the EGC) yield mean rates that are slightly lower, 53.1±6.3
(summer setup) and 69.0±1.4 (autumn setup) g Cm−2 yr−1. Arrigo and Van Dijken
(2011) derived an average NPP for the Greenland Sea of 86.0±6.5 g Cm−2 yr−1 from
long-term remote sensing analysis between 1998 and 2009, while Hop et al. (2006)
reported an average rate of 80 g Cm−2 yr−1 for the Fram Strait. Similar to our
results, Wassmann et al. (2010) found GPP to be higher in the eastern than in the
western part of the Fram Strait in their SINMOD simulations (east: GPP ≈ 130

Figure 3.10: Depth-integrated (100 m) POC concentrations along model trajectories.
Numbers in bold font on the right sides represent average Carbon NPP (integrated over
upper 100 m [mmolCm−2 d−1]) fluxes within latitude bins of 2.5°, numbers in regular font
represent carbon export at 100 m depth [mmolCm−2 d−1]. In situ sampling locations at
HAUSGARTEN are marked with ‘+’ symbols.
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g Cm−2 yr−1, and west: 50 g Cm−2 yr−1). NPP estimates obtained in SINMOD
simulations were considerably lower, as documented in Vernet et al. (2021), and
yield an NPP of 33.2 g Cm−2 yr−1 in the EGC dominated region of the Fram Strait.
For the same region, even lower rates of NPP (11 g Cm−2 yr−1) were derived from
their remote sensing data analysis, which is roughly equivalent to only 18 % of NPP
in our results.

Peaks in productivity occur well before the trajectories reach HAUSGARTEN, as
shown in Sect. 3.3.4. The time difference is shorter for the summer setup (20–40 days
for Arctic; 30–40 days for Atlantic trajectories) than the autumn setup (ca. 70 days
for Arctic and 130–140 days for Atlantic trajectories). During these productivity
peaks, our model estimates the maximum daily NPP (integrated to 100 m) around
150–250 mmolCm−2 d−1, which is within the range reported by Forest et al. (2010)
(maximum GPP: 1.5–2.3 g Cm−2 d−1, thus ca. 125–190 mmolCm−2 d−1), but con-
siderably higher than estimations around 0.6 g Cm−2 d−1 (thus 50 mmolCm−2 d−1)
for the EGC-influenced sector (Vernet et al., 2021). While the timing of the pro-
ductivity increase is relatively homogeneous within Atlantic trajectories, it is much
more variable for Arctic trajectories. Although the average of Arctic trajectories
has a slightly later maximum than in the Atlantic trajectories, productivity peaks
already in early June in few Arctic trajectories (Fig. 3.9). Arctic trajectories are
subject to variations in sea ice cover, while Atlantic trajectories remain ice free
throughout the simulated period. Sea ice strongly influences the light available in
the water column, which is reflected in the high variability in the start date of the
spring bloom in Arctic trajectories in the summer setup. Similarly, Banas et al.
(2016) found that in the East Bering Strait, bloom timing was controlled mainly by
light availability and the light availability was in turn controlled by ice cover in re-
gions under high ice influence, whereas in the ice-free regions, a composite of surface
light availability and diffusivity correlated to the bloom timing. Long-term remote
sensing observations of Chl-a concentrations between 1998 and 2012 typically show
maxima around May or June in the EGC and around June or July in the WSC
influenced region of the Fram Strait (Nöthig et al., 2015). Furthermore, Vernet
et al. (2021) report the initiation of the bloom between late May and mid-June for
the North-East region off Greenland, which is similar to our simulations.

The temporal delay in NPP and export signals leads to the accumulation of
POC at different times and distances from the target region, as shown in Fig. 3.10.
In the summer ensembles, POC concentrations reach their highest levels just before
entering the HAUSGARTEN region (in situ sampling stations are marked with
black ‘+’ signs). During this time, within the 77.5°–80°N latitude bin, NPP (31.7
mmolCm−2 d−1 in Arctic and 28.2 mmolCm−2 d−1 in Atlantic trajectories) and
export (11.4 and 13.6 mmolCm−2 d−1) average fluxes are highest. Export exceeds
NPP once the Atlantic trajectories leave the target region. In contrast, in the
autumn setup the maxima in POC concentration, NPP, and export occur before
the Atlantic trajectories enter the target region. In the Atlantic-autumn ensemble,
we observe the highest POC concentrations about 5° south of HAUSGARTEN, and
the concentrations have decreased considerably by the time the trajectories reach
the region. Similarly, in the Arctic-autumn ensemble, NPP and POC reach their
highest values before the trajectories approach the HAUSGARTEN region, but the
distance is shorter than in the Atlantic counterparts and export is highest in the
77.5°–80°N latitude bin.
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Although our estimations of NPP and tracers (see Sect. 3.3.2 and 3.4.3) are
within the range of observations, our model considerably overestimates export.
The annual average of POC export fluxes at HAUSGARTEN between 2000 and
2013, as observed with sediment traps in 200 m depth, ranged from 0.16–0.18
molCm−2 yr−1Salter et al. (2023), which is equivalent to 1.92–2.16 g Cm−2 yr−1.
Bauerfeind et al. (2009) reported similar values, with POC fluxes between 1.6–
2.5 g Cm−2 yr−1 measured with sediment traps in 200–300 m depth. However, our
model estimations at the 100 m depth horizon are 10–20 times higher than these ob-
servations. Our estimations for POC export at 300 m depth are about half of those
simulated at 100 m (Summer Arctic: 12, Atlantic: 16; Autumn Arctic: 15, Atlantic:
28 g Cm−2 yr−1) and still significantly higher than the sediment trap observations.
Considerably higher values, around 24–34.5 g Cm−2 yr−1, have been reported from
short-term sediment trap deployments in the seasonal ice zone North off Svalbard
(Dybwad et al., 2021), being closer to our estimates. Maximum export rates in our
simulations of 30–40 mmolCm−2 d−1 occur 10–20 days before Arctic and Atlantic
trajectories reach HAUSGARTEN in the summer setup. For the autumn setup,
maxima were higher (ca. 50 mmolCm−2 d−1) and at a greater temporal distance
from the sampling region (50 d for Arctic, 110 d for Atlantic trajectories). These
rates are again considerably higher than export rates observed during high car-
bon export events, which range between 20–50 mgCm−2 d−1(Cardozo-Mino et al.,
2023), i.e. 2.4–4.2 mmolCm−2 d−1.

We note that the apparent overestimation of POC export by our model occurs
even though productivity rates and tracer concentrations lay within the ranges we
expect from observations, and even though we assume a sinking velocity for detritus
of 10 md−1. Using a larger detritus sinking velocity of 100 md−1, as is often assumed
in the literature (e.g., Bauerfeind et al., 2009; Iversen, 2023), leads to further general
overestimation of vertical POC export and underestimation of POC concentrations
in the water column during the sampling period, as shown in Fig. B6 in the SI.

3.4.2 Variations in plankton community structure

The Lagarangian ecosystem model outlined above divides the phytoplankton and
zooplankton populations into a number of discrete size-classes, with plankton eco-
physiological traits determined by organism size, in line with observed allometric
relationships (e.g., Edwards et al., 2012). In line with previous size-structured plank-
ton ecosystem models, our Lagrangian model captures the observed equivalence of
phytoplankton biomass in logarithmically-spaced size classes (e.g., Schartau et al.,
2010; Brewin et al., 2014). This behaviour is a robust feature of size-based marine
ecosystem models that include coupled phytoplankton and zooplankton size classes
(Ward et al., 2014), and occurs because the biomass within each phytoplankton size
class is restricted by top-down grazing pressure from their respective zooplankton
predators (Armstrong, 1994).

In-situ observations of spring bloom and summer phytoplankton populations
in Arctic waters have been described in several publications but are either lim-
ited to certain species or limited to specific periods (e.g., Eilertsen et al., 1989;
Gradinger and Baumann, 1991; Hasle and Heimdal, 1998; Degerlund and Eilertsen,
2010; Nöthig et al., 2015; Kubiszyn et al., 2017). In the Fram Strait bloom biomass is
usually dominated by either colony-forming Phaeocystis (0.1–2 mm, Rousseau et al.
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Figure 3.11: Factors controlling the size composition of phytoplankton stocks in the
summer model setup. The photosynthetic rate is limited with a light limitation term γL
(Eqs. B.8, B.11). The nutrient limitation term γN limits the light saturated photosynthesis
rate P sat

j (Eq. B.7). Grazing pressure describes the combined grazing of all zooplankton
on each phytoplankton size class.

(2007)), also occurring as small flagellates (ca. 2.5 µm), or/and diatom species of
the genus Thalassisira (ca. 20 µm) or Chaetoceros (ca. 7 µm), accompanied by
varying amounts of pennate diatoms (ca. 5–15 µm) such as Nitzschia, Navicula,
and Fragilariopsis. Dinoflagellates (ca. 5–20 µm) and other flagellate species (ca.
2–5 µm) are a minor contributing group during spring. In the course of the late
summer to autumn a variety of flagellates become more prominent, for instance
Hegseth and Sundfjord (2008) found a bloom of Emiliania huxleyi (ca. 4–7 µm). In
the Fram Strait very large cells (up to ca. 180 µm) of the genera Rhisosolenia and
Proboscia were also found during autumn together with small flagellates (Menge,
2019).

Although our model underestimates abundance and biovolume of small - in-
termediate size classes compared to observations, it resolves the relative shift of
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biomass from smaller to larger size from summer to autumn observed in Lampe
et al. (2021). We can link the variability in plankton size structure to bottom-up
and top-down controls that have varying effects throughout the productive season,
as seen in Fig. 3.11.

Early in the productive season, when nutrient concentrations are high but light
availability is low, bottom-up processes dominate. The light limitation term γL

limits the photosynthetic rate Pj (Pj is the product of the light saturated pho-
tosynthetic rate P sat

j and γL). This allows for growth of large phytoplankton at
low light levels, but only for inefficient growth of small phytoplankton, leading to
the pre-bloom peak in phytoplankton size seen in Fig. 3.8. By the beginning of
May, when surface irradiance (Isurf) exceeds 5 ·106 µEin d−1m−2 in the summer
setup, the photosynthetic rate reaches 40% (Arctic) to 60% (Atlantic) of P sat

j in
larger phytoplankton, but only below 10% in the smallest size class. As the light
availability increases, the effects of light limitation decrease. Since the maximum
photosynthetic rate Pmax

j decreases exponentially with cell size, this gradually can-
cels out the effect of fading size dependent light limitation, allowing rapid growth
of small phytoplankton and causing a relative shift of biomass to smaller sizes until
the peak of the bloom is reached.

The light saturated photosynthetic rate P sat
j is controlled by a nutrient limitation

term γN,j, which affects larger cells stronger than smaller cells. However, γN,j never
decreases below 0.9, meaning P sat

j is never down-regulated to less than 90% of
the maximum photosynthetic rate Pmax

j due to lack of nutrients. This fits to DIN
concentrations in our simulations not falling below 2 mmolm−3 in the summer setup,
never fully exhausting nutrient supply.

Once sufficient zooplankton stocks form, the plankton size structure becomes
subject to increasing top-down control through zooplankton grazing. Increasing
phytoplankton stocks allow the growth of zooplankton, who graze on phyto- and
zooplankton. As soon as zooplankton biomass increases, the phytoplankton biomass
peak collapses due to the now increasing loss though grazing. Zooplankton grazing
is size dependent with an optimum predator:prey size ratio (δopt) of 1:10. When the
phytoplankton bloom peaks, most biomass is fixed in small size classes. These size
classes are then preferentially grazed upon by zooplankton, as grazing on the larger
size classes is less efficient. This exhausts smaller phytoplankton faster than larger
phytoplankton, despite the larger Pmax, causing a relative shift towards larger size
classes again. As the phytoplankton stocks decrease and the relative size structure
shifts towards larger sizes, zooplankton size follows due to the grazing preferences.

The size structure of the protist planktonic community is an important indicator
whether retention or export of accumulated OM is dominant in a system. Com-
munities dominated by large diatoms with silica frustules tend to have high export
rates as upon being grazed, they form larger fecal pellets that sink faster (Cael et al.,
2021) and are relatively dense and less accessible to microbial degradation (Hansen
et al., 1996). More recycling as opposed to export is observed in systems that are
dominated by picoplankton (Azam et al., 1983). Therefore, unravelling dynamics
in the microbial food web is essential to understand mass transfer of organic matter
to higher trophic levels and subsequent recycling or export in the Fram Strait.
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3.4.3 Variability in OM pools

We can link the spatial variability in observed organic matter pools in the HAUS-
GARTEN region during summer and autumn to the different Lagrangian pathways
(histories) in physical conditions (predominantly light) and ecological dynamics
(plankton interaction) each of the simulated trajectories experienced during their
voyage.

In our model, the partitioning of organic carbon (Corg) into living biomass, detri-
tus and DOC is largely controlled by the size structure of the plankton community.
Total POC increases in spring until the peak of the bloom, and is mainly made up
from phytoplankton biomass. In the following weeks, this leads to an increase in
both, detritus and DOCSL. Since the partitioning of Corg (generated through back-
ground mortality and sloppy feeding) into the dissolved or particulate phase is size
dependent (see equations B.25, B.26), small cells are partitioned roughly 80:20 into
DOC:detritus, while the largest 20:80. As the plankton biomass is dominated by
smaller size classes during the spring bloom, the DOC to detritus production is at
similar levels at this time. With the increase in phytoplankton biomass, zooplank-
ton stocks increase, and their grazing controls phytoplankton stocks. Grazing leads
to further increase in detritus (in addition to background mortality), again with a
size-dependent partitioning of DOC and detritus. Furthermore, grazing changes the
size structure of the plankton, as the smaller plankton are preferentially grazed (the
optimal size ratio between predator and prey δopt is 10:1), which increases carbon
allocation into detritus. As a consequence, export of organic matter increases, since
only detritus can be exported via sinking. Compared to the model results, obser-
vations in the HAUSGARTEN area for summer and autumn 2018 showed roughly
two times higher concentrations for POC but similar ones for DOCSL (Tab. 3.2).
One process not resolved in the model is the partitioning of DOC into POC due
to bacterial uptake and the formation of gel-like particles by aggregation processes,
e.g. transparent exopolymere particles (TEP). TEP contributed on average 1.78
mmolCL−3 in summer (von Jackowski et al., 2020a), which would constitute an
25 % increase of modelled POC. In autumn TEP-C contributions were lower, i.e.
0.59 mmolCL−3, equivalent to 30 % of modelled POC. Bacterial production drives
the microbial food web and is an important sink for DOC (5.47–27.4 g L−1 yr−1).

DOC concentration in the upper 100 m of the water column varies over the pro-
ductive season in Fram Strait and ranged between ca. 40 and 170 µmol L−1 µmol
L-1 during the period 2009–2017 (Engel et al., 2019). Thereby, the highest concen-
trations were observed in the upper 20 m, decreasing slightly to 30 m. Considerable
variability was still observed at 100 m, ranging between 40 and 95 µmol L−1. Below
250 m, DOC concentration is relatively stable, indicating a refractory pool of 52±2
µmol L−1. Estimates for the production of fresh DOC by Arctic phytoplankton vary
around 15 % of NPP (Codispoti et al., 2013; Engel et al., 2013). For the Arctic,
few measurements of NPP exist; most PP estimates are based on satellite data,
where subsurface, marginal or under-ice blooms are not well represented. Primary
productivity in June and July 1984, with an average daily integrated productivity
of 35 mmolCm−2 d−1, was also highest at the ice margin in Fram Strait during
a study by Smith et al. (1987). However, an increase in primary production has
been estimated for the pan-Arctic region over the last decades as a consequence of
climate change (Ardyna and Arrigo, 2020). Due to the loss of sea ice, the duration
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of the phytoplankton growing season and the total extent of open water have in-
creased significantly and could explain an estimated 30 % increase in net primary
production (NPP) between 1998 and 2012, yet largest changes are attributed with
ice melting on the shelves (Laptev, Kara and East Siberian).

3.4.4 Limitations and perspectives

The Lagrangian approach allows us to take a different look at the biogeochemical
state of a particular region as it is found within a limited period of observations.
Even in analyses using three-dimensional coupled physical-biogeochemical ocean
models, where the state changes in an area can be resolved in time, supplementary
analyses are needed to relate local results to the processes that took place before
and outside the region. This is achieved in our study, but is also accompanied by
certain disadvantages and limitations.

By using ensembles of trajectories, where a one-dimensional model can be solved
in a computationally efficient way, the individual trajectory solutions of the plankton
model are independent of each other, even if they are spatially in close proximity to
each other. Apart from the identical dynamical equations, the only other connection
between some (spatially adjacent) trajectories of an ensemble is the similarity of
the physical conditions, since they are based on the same results of a particular
circulation model. Horizontal gradients transverse to the trajectories, e.g. of Chl-a,
are not taken into account, while the lateral horizontal mixing remains unresolved,
with lateral diffusivities being typically in the order of 102 - 103 m2 s−1 (10 - 102
km2 d−1) (e.g., Zhurbas et al., 2014). Lateral mixing may dilute and thus dampen
peak concentrations seen in our results, and it likely reduces the variability explained
by our approach. In the study of Ser-Giacomi et al. (2023) a Lagrangian approach is
proposed where a water patch is subject to strain (changing its shape and size) and
diffusion (changing its concentration due to dilution or entrainment of surrounding
waters). These explicit considerations provide a more elaborate representation of
spatial variability. In principle, such patch dynamics may also be applicable to
approaches similar to ours, but it would require additional assumptions with respect
to the connectivity, distances and concentration differences, between the individual
trajectories.

A special feature of our model runs is that we consider solutions that are all
based on an identical set of parameter values. In the case of the Arctic trajectories
coming from the north, the model provides a delayed onset of bloom (late May -
early June) compared to the remote sensing data (late April) (Fig. 3.4). We note
that the earlier bloom detection derived from satellite data is associated with large
uncertainties, mainly because of the low sun angle and the smaller number of pixels
that are free of clouds and ice. Our simulated raise in Chl-a in late May and
early June compare well with the times of bloom initiation in SINMOD simulations
analysed by Vernet et al. (2021); therein the western Fram Strait is referred to as
NorthEast (NE) region of Greenland. With some adjustment of the value assigned
to the photosynthetic efficiency (aP ) only in the Arctic trajectories we can obtain a
much improved match with respect to the remote sensing data (Fig. B7 in the SI).
However, such apparent improvement, achieved by adjusting the value of a single
model parameter, leads to a misfit in the depth profile of Chl-a, which is associated
with Chl-a maxima that are deeper than observed. Instead of considering different
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parameter values for the Atlantic and the Arctic trajectories, our findings rather
indicate that some mechanisms remain unresolved by the model, e.g. growth of ice
algae or short-term (diurnal) stratifications that keep some phytoplankton within
the upper layers while increasing their exposure to light.

In the end, improvements should be achieved if the model is further revised with
regard to specific size ranges of the grazing, as well as a division of the detritus into
fast and slow sinking particles, as discussed before. Furthermore, trajectories de-
rived from a higher spatial resolution model could also help to increase the simulated
variability in the target area. An improved representation of the ice edge blooms
along the Arctic trajectories would likely bring the timing of bloom initiation into
better agreement with the remote sensing data.

3.5 Conclusions

In this study, our primary objective was to unravel the extent to which the spa-
tial variability observed in local measurements of dissolved and particulate organic
matter concentrations, productivity, and export rates in the HAUSGARTEN Long-
Term Ecological Research site could be explained by divergent environmental condi-
tions encountered by water parcels during their transit through the Fram Strait. To
achieve this, we employed a 1D size-based NPZD plankton ecosystem model with
variable stoichiometry, forced by four ensembles of Lagrangian trajectories passing
the LTER at different times (summer or autumn) and from distinct directions (orig-
inating in the North Atlantic or Arctic Ocean). These trajectories presented diverse
sets of physical conditions that plankton within a water parcel may experience along
their journey.

Overall, our model has shown that it can generate solutions that are broadly
in agreement with data from very different types of observations, comprising tracer
concentration measurements, protist plankton spectra derived from microscopy, re-
mote sensing products and climatological data.

Temporal developments in plankton growth, size composition, and organic mat-
ter export varied among trajectory ensembles, despite using identical model pa-
rameter values. Light availability discrepancies influenced the timing of plankton
blooms and the size composition of primary producers and thus their grazers, sub-
sequently impacting organic matter export. During local in situ observations in the
Fram Strait, maxima in productivity and export had already occurred.

While our model solutions can explain between 10–72 % of the observed variabil-
ity, due to the diverse physical conditions of the individual trajectories, a substantial
portion of variability remains unexplained. Whether models of higher spatial reso-
lution can overcome such disparities remains unclear, but it certainly underscores
the necessity for future research to advance our knowledge of the spatio-temporal
variations in plankton dynamics.

Open Research Section

The code to generate model simulations and figures, and data used for calibra-
tion and validation of the model can be found in https://github.com/vlampe/
microARC/.
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Chapter 4

Distinguishable variations in
chlorophyll-a concentration in the
Fram Strait based on hydrographic
features resolved by a machine
learning approach

This chapter is based on the paper ‘Distinguishable variations in chlorophyll-a con-
centration in the Fram Strait based on hydrographic features resolved by a machine
learning approach’ by Vanessa Lampe and in preparation for submission.
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Abstract

The Fram Strait (FS), an important gateway to the Arctic Ocean, exhibits pro-
nounced variability in chlorophyll-a (Chl-a) concentration on both intra- and inter-
annual scales. This variability is intricately linked to the complex hydrography of
the region, marked by two opposing currents divided by a frontal system.

Given the challenges of sparse temporal and spatial coverage of in-situ data,
remote sensing satellite data provide valuable insights, particularly when studying
larger regions and trends over time. Therefore, I propose a machine learning ap-
proach to separate the FS into three hydrographical sectors based on sea surface
temperature, the main property for water mass identification besides salinity. The
sectors resolve the cold Arctic-influenced, the warm Atlantic-influenced, and the
intermediate front-influenced regions. This sectorisation allows for a nuanced anal-
ysis of variability, accounting for the dynamic behaviour of the currents and frontal
system.

This study reveals distinct differences in bloom initiation and bloom develop-
ment that are reflected by the Chl-a concentrations within these hydrographical
subregions. Blooms tend to occur in May in the Arctic-influenced sector and may
appear later, in July, in the Atlantic-influenced sector. Overall, the magnitude
of Chl-a variability is related to its average concentration. Importantly, when
normalised with concentration, the variability seen in the remote sensing data is
notably higher in the Arctic-influenced sector, emphasising the impact of environ-
mental differences within the hydrographical regimes on phytoplankton dynamics.
The analysis of a short time series from 2016 to 2021 does not reveal any discernible
trends in Chl-a average concentration or variability.

The here proposed methodology not only enhances the understanding of hydro-
graphic characteristics in the FS but also provides a valuable tool for analysing
large geospatial data sets, especially in the absence of in-situ measurements that
resolve the physical properties of the water column. This research contributes to
a broader comprehension of the expected variability ranges of Chl-a in the Fram
Strait, highlighting the efficacy of machine learning techniques in unravelling the
complex dynamics of hydrographic variability.

4.1 Introduction

Global annual primary production (PP) by marine phytoplankton is estimated to
be between 47.8 to 52.2 GtCyr−1, one of the largest carbon fluxes on the planet
(Kulk et al., 2020). While this formation of carbon serves as the basis of marine food
webs, approximately one-third of the total production is exported from the upper
ocean and retained in the ocean interior for centuries to millennia (Falkowski et al.,
1998). These estimates of biogenic carbon fluxes are derived from changes in organic
carbon concentration over large spatial distances and over long periods of time. On
shorter time scales and smaller spatial scales, however, primary production shows
strong variability that is largely reflected in changes in chlorophyll-a concentrations,
from significant seasonal variations to interannual differences.

The Arctic is a unique system with pronounced inter- and inter-annual varia-
tions. The gradient in light availability ranges from complete darkness during the
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polar night in winter to permanent daylight during the polar day in summer, and
sea ice cover varies in thickness and extent spatially, seasonally, and inter-annually.
Furthermore, Climate Change is amplified in the Arctic compared to other regions,
predominantly due to temperature and albedo feedbacks (Pithan and Mauritsen,
2014). Rising sea surface temperatures (Comiso and Hall, 2014; Nielsen-Englyst
et al., 2023) and declining extent and thickness of the sea ice (Stroeve et al., 2012;
Hansen et al., 2013; Renner et al., 2014; Spreen et al., 2020) may fundamentally
change the functioning of marine ecosystems and biogeochemical processes. The
increase in the duration of ice-free open water phases of 45 days led to an increase
in Arctic-wide primary production by 20 % between 1998–2008, as estimated from
remote sensing imagery (Arrigo and Van Dijken, 2011). If this time series is ex-
tended further until the year 2012, Arrigo and van Dijken (2015) report an even
stronger raise of 30 %, predominantly associated with reductions in sea ice extent
and potentially also due to an enhanced influx of terrestrial nutrients. A smaller
increase in Arctic PP of 4.5 % is reported by Kulk et al. (2020) for the period 1998–
2018. However, available time series of remote sensing Chl-a and PP may still be
too short to reliably detect climate change signals, as Henson et al. (2010) estimate
a time series covering approximately 40 years would be required.

The Fram Strait connects the central Arctic Ocean to the Atlantic, serving as
an important gateway for water exchange and sea ice export. This highly dynamic
region is characterised by two opposing currents. In the East, the West Spitsbergen
Current (WSC) transports warm and saline Atlantic waters northwards into the
Arctic Ocean (Beszczynska-Möller et al., 2012). In the west, Polar waters exit
the Arctic Ocean in the ice-covered western Fram Strait with the East Greenland
Current (EGC) (de Steur et al., 2009). In between, separating the water masses, lies
the East Greenland Polar Front which is affected by sea ice dynamics and exhibits
strong seasonal variation in terms of both area and intensity (Liu et al., 2022). In
addition, this region is rich in eddies, that further contribute to the observed high
mesoscale variability (Von Appen et al., 2022).

Given the complex hydrographic nature of the Fram Strait, it is likely that
ranges of variability differ in the subregions. The identification and thus distinction
of subregions however is complicated, as their geographic extent changes within
short time scales. In a study by Nöthig et al. (2015), the distinction of the Fram
Strait into a Western and an Eastern region was made along the prime meridian (0°,
Greenwich Meridian), a division that has already resulted in noticeable differences
in variability and trends in the remote sensing Chl-a concentrations between 1998
and 2012. While in the western EGC region Chl-a peaks usually occurred in May
and June, peaks in the eastern WSC region were observed in June or July between
2002–2009, but also in May or June before and after this period. While the authors
do not report a significant trend for the EGC, the variability increased, and in
the WSC the trend of +0.54 mgChlm−3 was found to be significant. Although
the distinction along the prime meridian was meaningful and practical, it may
overly simplify the dynamic and complex hydrography in this region. Lampe et al.
(2021) have proposed using a machine learning approach to classify the subregions
only based on remote sensing sea surface temperature (SST) and found distinct
phenological patterns in remote sensing Chl-a in the EGC and WSC regions of the
Fram Strait between 2016–2018.

Estimating trends in productivity in this highly variable region is an impor-
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tant but difficult task since the distinction of trends from natural variability is
only possible if the ranges of natural variability are known (Soltwedel et al., 2016).
This study aims to derive credible ranges of Chl-a variability within the distinct
hydrographic subregions of the Fram Strait. First, I extend the machine learning
clustering approach presented in Lampe et al. (2021) to resolve three clusters: 1)
the cold, EGC-influenced, 2) the warm, WSC-influenced, and 3) the intermediate
front region for the year 2018 and evaluate the validity of the identified SST clusters.
Within these clusters, I then compare the seasonal cycle of Chl-a concentration from
remote sensing estimates and their variability. Finally, extending the analysis to the
period of 2016–2021, I analyse whether the patterns observed in 2018 are robust and
thus representative and also found in the adjacent years. Furthermore, I investigate
whether trends in average concentration, timing, or variability are detectable.

4.2 Methods

First, I briefly describe the remote sensing data products. Then, I explain the
machine learning procedure to derive distinct hydrographic subregions based on
sea surface temperature (SST). Finally, I summarise the methods applied for the
statistical analysis of chlorophyll-a variability.

4.2.1 Remote sensing data

Remote sensing data for sea surface temperature (SST) and sea ice coverage (SIC)
are provided by GHRSST, Met Office, and CMEMS (Good et al., 2020), which
contains reprocessed daily satellite and in-situ data on an 0.05°x 0.05°grid.

Concentrations of chlorophyll-a derived from ocean colour are available daily on
a 4 km x 4 km grid (CMEMS and ACRI, 2023, L3 product, daily) for 2018. For
this data product, the Chl-a concentration estimates were merged from SeaWiFS,
MODIS, MERIS, VIIRS-SNPP & JPSS1, and OLCI-S3A & S3B. This dataset fur-
thermore contains Chl-a concentrations by plankton functional types (PFT) and
binned by size.

For the longer 2016–2021 time series, I used the OC-CCI 8-day mean Chl-a
data set (Sathyendranath et al., 2021, Version 5.0), which contains globally merged
MERIS, Aqua-MODIS, SeaWiFS, VIIRS and Sentinel3A-OLCI observations. Due
to the 8-day aggregation, the file size of the data product is smaller compared to
the daily data, making the computation of the six-year time series more compu-
tationally efficient. Furthermore, using a second, independent, data product offers
the opportunity of cross-validating the seasonal patterns in both data products.

4.2.2 Clustering of SST sectors

In Lampe et al. (2021) a k-means clustering algorithm was applied to partition the
Fram Strait into regional clusters. The clustering was based on SST and intended to
characterise the sampling stations of the HAUSGARTEN observatory to be either
Arctic or Atlantic influenced. This approach was chosen because the water mass
classification based on salinity, temperature, and density profiles collected by CTD
samplers after Amon et al. (2003) yielded ambiguous classifications of Polar Water,
Intermediate Water, and Atlantic water and, therefore, the authors decided to focus
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on distinguishing between cold (Arctic-influenced) and warm (Atlantic-influenced)
SST regions. The main advantage of this approach is that SST data from remote
sensing is available on a daily and global basis, whereas in-situ measurements of
temperature and density are available on a much more limited spatial and temporal
resolution.

The k-means clustering is an unsupervised machine learning algorithm that
groups values into k clusters so that within-cluster variances (sums of squares) are
minimised (Hartigan and Wong, 1979). For this analysis, I chose to resolve three
SST clusters (k = 3), to represent 1) the cold, Arctic-influenced parts of the Fram
Strait, 2) the warm, Atlantic-influenced part, and 3) a cluster of intermediate SST
to represent the front between the cold and warm clusters.

For each day, I extracted the remote sensing SST values between 75°–85°N and
15°W–15°E. Each value is associated with a coordinate (latitude and longitude).
Using k-means clustering, I assigned each SST value to one of the three clusters,
yielding a vector of class labels (i.e. cluster IDs), which I reassigned to their respec-
tive coordinates. This means that the clustering is solely performed on the SST
values, regardless of the geographic location of the respective values. For each clus-
ter, I then created a spatial polygon spanning its outer edges. An example of the
clusters’ extent is shown in Fig. 4.2 (lower left panel), where the polygons derived
for an exemplary day (27th July 2018) are plotted on top of the remotely sensed
SST. These spatial polygons were then used as ‘clipping masks’ to extract ice cov-
erage or Chl-a concentrations within the respective regional clusters, as shown in
the centre and right lower panels of the same figure.

4.2.3 Variability analysis

Within each of the clusters, I calculated daily statistics of SST, SIC and Chl-a
concentrations. The statistics included measures of central tendency (arithmetic
mean, median, and mode) and spread (minimum, maximum, standard deviation
(SD), 1st and 3rd quartiles (Q1 and Q3), interquartile range (IQR), 95 % confidence
interval (CI95), and the width of CI95, ∆CI95). I calculated minimum, maximum,
mean, and standard deviation using the pre-implemented functions in R (R Core
Team, 2018). The remaining statistics (median, mode, Q1, Q3, and the edges of the
95 % CI) were derived from nonparametric probability density estimates, expressed
as probability density functions (pdf). I estimated the pdf(x) using the diffusion
Kernel Density Estimator (diffKDE) by Pelz et al. (2023). p-Quantiles are statistics
below which a proportion p of all values in a probability distribution (f(x)) fall. A
real number xp is called the p-quantile of a random variable X, when:

P ((−∞, xp]) ≥ p (4.1)

and
P ([xp,+∞)) ≥ 1− p (4.2)

or, expressed as the probability density function f :∫ xp

−∞
f(x)dx ≥ p (4.3)
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For example, the Q1 or 25 % quantile is therefore:

P ((−∞, x0.25]) =

∫ x0.25

−∞
f(x)dx ≥ 0.25 (4.4)

Using the cumulative density function F we can then easily find xp:

F (xp) ≥ p (4.5)

This way, I derived the Q1, Q2 (= median) and Q3 quantiles. I furthermore calcu-
lated the confidence interval to include 95 % of all values (CI95):

F (CI95lower) ≥ 0.025 (4.6)
F (CI95upper) ≥ 0.975 (4.7)

The (global) mode is the value where the probability density function f(x) is at its
maximum.
The interquartile range is the distance between Q1 and Q3:

IQR = Q3−Q1 (4.8)

and the width of CI95 (∆CI95) is calculated as:

∆CI95 = CI95upper − CI95lower (4.9)

4.3 Results

In this section, I first analyse the intra-annual variability in Chl-a concentrations in
the Fram Strait, without distinguishing between any subregions. I then investigate
the ability of the machine learning approach to identify distinct subregions in the
Fram Strait and analyse the variability of Chl-a within these derived subregions for
the year 2018. Finally, I compare the inter-annual Chl-a variability in an extended
time series from 2016 to 2021.

4.3.1 Intra-annual variability of Chl-a concentrations in the
Fram Strait

Here, I focus on the intra-annual variability of remote sensing Chl-a observations in
the 75°–85°N and 15°W–15°E region within the Fram Strait with a focus on bloom
development, without distinguishing between hydrographic clusters (sectors) and
thereby disregarding the spatial variability. A time series of Chl-a concentrations
and their variability (mean, median, [Q1, Q3] interval, and 95 %-CI) is shown in
Fig. 4.1. The outcome of this analysis serves as a simple and basic reference that
represents only the overall temporal development in chlorophyll-a concentration in
the Fram Strait.

In the entire region of interest, Chl-a observations from remote sensing cover
the second half of March until the end of September. Throughout this period, the
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Figure 4.1: Daily remote sensing Chl-a concentrations and their variability. Solid lines
represent the median, and dotted lines the mean. Darker shaded areas represent the [Q1,
Q3] interval, and the lighter shaded areas indicate the 95 % confidence interval.

median is always smaller than the mean, indicating that daily distributions of Chl-a
concentrations are right-skewed. Furthermore, the mean is close to the Q3 most of
the time. Since the arithmetic mean is influenced by data points with high values
that appear regularly in this time series, the median appears to present a better
estimate of central tendency for Chl-a concentrations.

When disregarding any spatial differentiation, two distinct bloom events stand
out in this time series. Mean and median Chl-a concentrations begin to increase in
the second half of April, eventually reaching a first peak by the end of May. During
this time, median values reach about 0.5 mgChlm−3 and the mean exceeds the
bloom threshold of 1 mgChlm−3(e.g. Wu et al., 2007), occasionally reaching up to
2 mgChlm−3. During the first two weeks of June, concentrations drop again to
mean values around 0.4 mgChlm−3 and median values around 0.3 mgChlm−3. A
second bloom peak that reaches global maxima within this time series occurs in the
second half of June, where median values reach up to 2 mgChlm−3 and mean values
up to 3 mgChlm−3. Following this peak, Chl-a concentrations decrease again and
median concentrations fluctuate in the range of 0.2–0.3 mgChlm−3 until the end
of the observational period. Overall, the variability observed here is substantial,
especially at times when mean and median Chl-a concentration is high. During the
bloom peaks, the CI95 spans from 0.1 to 12 mgChlm−3, thus covering three orders
of magnitude.

4.3.2 Distinction of hydrographic regimes in the Fram Strait
using SST clustering

In the following, I assess the ability of the k-means algorithm to distinguish three
separate clusters of sea surface temperature (SST) in the highly heterogeneous realm
of the Fram Strait and how the distinction is also reflected in other variables, such
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Figure 4.2: Upper panels show the average ± standard deviation of Sea Surface Tem-
perature (SST, left) and Sea Ice Cover (SIC, right) within the distinct SST clusters in
2018. For an exemplary day (27th July 2018, marked with a dashed line in the time series
plots), the lower panels show the remotely sensed SST (left), SIC (centre), and Chl-a
concentrations (right) together with the spatial clipping masks of the identified clusters.

as sea ice cover and Chl-a concentration. Time series of daily averages and standard
deviations derived from the daily remote sensing products within the clusters are
shown in Fig. 4.2 for SST (top left) and SIC (top right) and reveal clear differences
between the clusters.

SSTs are well distinguishable between the clusters throughout the time series
with no overlaps of the mean±SD confidence intervals. In the SIC time series,
however, the confidence intervals between the front and warm clusters do overlap,
although mean SIC in the front cluster is notably higher than in the warm cluster,
especially during July. The SIC in the cold cluster remains on average greater than
75 % for the majority of the year, dropping to around 50 % in August. Although
the confidence intervals of this cluster are larger, there is no overlap with those of
the other clusters.

The distribution of SST in the Fram Strait for an exemplary summer day (27th

July 2018) is captured well by the identified clusters, as shown in Fig. 4.2 (lower left
panel). Here, the warm, Atlantic cluster (outlined in red) contains all pixels with
SST ⪆ 3℃ and the cold, Arctic cluster (outlined in blue) contains pixels with SST
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Figure 4.3: Probability distributions of SST (left), SIC (centre), and Chl-a concentration
(right) within the identified clusters on the 27th July 2018. The PDFs were estimated using
the diffKDE package.

⪅ 0℃. SST in between are categorised to the intermediate, front cluster, outlined in
grey. The probability density distributions (estimated using the diffKDE package)
of SST values for each cluster on this day shown in Fig. 4.3 (left) confirm the
credibility of the regional separation according to the SST-based k-means clustering.
The temperature boundaries of the clusters vary throughout the year, as does the
observed average SST, with the highest values in August.

The clusters are also apparent in SIC on the 27th July 2018, where sea ice
is restricted to the cold sector (lower centre panel, Fig. 4.2). While the warm,
Atlantic cluster is entirely ice-free, the cold, Arctic cluster is covered with 15–100 %
sea ice. Apart from the polynya East off Greenland, where SIC is around 15 %, the
intermediate “front” cluster is mostly ice-free. The ice edge, defined as the 15 % SIC
contour (e.g. Meier and Stroeve, 2008), roughly follows the boundary of the cold
and intermediate clusters, but is predominantly located in the cold cluster. This
leads to a less clear distinction of the clusters in the probability distribution of SIC
values shown in Fig. 4.3 (centre). Although the modes clearly differ between the
clusters (warm: 0 %, front: 8 %, cold: 85 %) the distributions have long tails to the
right (warm and front) and to the left (cold), that overlap. The ice edge is located
either entirely or at least in its majority within the cold cluster on most days of
2018, leading to the apparent low sea ice cover in the front sector in the SIC time
series previously mentioned.

Remote sensing observations of Chl-a concentrations are sparse in the region,
due to cloud masking or contamination of the signal by sea ice (e.g. Comiso, 1995),
which is apparent in the lower right panel in Fig. 4.2, where observations are not
available for large areas in the region of interest on 27th July 2018. Still, differences
in Chl-a concentrations are noticeable, with concentrations around 0.1 mgChlm−3

in the cold cluster and concentrations reaching up to 3 mgChlm−3 or higher in the
warm cluster on this day. The probability distributions of Chl-a concentrations for
this day shown in Fig. 4.3 are right-skewed and the modes are clearly distinguishable
between the cold and warm clusters. The front cluster however appears bimodal,
with both modes corresponding approximately to the modes of either the cold and
the warm clusters, respectively, suggesting that the front cluster has signals of both
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Table 4.1: Measures of variability for the entire observational region (75° – 85°N; 15°W–
15°E; ‘total’) and the identified clusters. The values were averaged over the observational
period (ca. mid-March – October) and express the standard deviation (STD), interquartile
range (IQR), width of the 95 % confidence interval (∆CI95) and the ∆CI95 normalised
by the average daily Chl-a concentration (norm. ∆CI95)

cluster STD [mgm−3] IQR [mgm−3] ∆CI95 [mgm−3] norm. ∆CI95 [%]

total 0.60 0.37 1.89 300.40
cold 0.44 0.25 1.41 312.04
front 0.58 0.38 1.90 269.42
warm 0.42 0.33 1.35 208.07

clusters on this day.

4.3.3 Intra-annual spatially decoupled chlorophyll variability
in the Fram Strait

Here, I investigate whether the patterns of inter-annual Chl-a variability differ be-
tween the distinguished hydrographical subsections. I furthermore analyse whether
the distinction reduced the overall variational range compared to the entire obser-
vational region and compare the development of Chl-a concentrations and their
variability over time in the clusters, as shown in Fig. 4.4.

The distinction of clusters reduced the overall range of variation (STD, IQR,
∆CI95), as shown in Tab. 4.1. When averaged over the entire observational period
(ca. mid-March – October), standard deviation, interquartile range and the width
of the 95 % confidence interval (∆CI95) are considerably larger for the whole region
than in the cold and warm subregions. The difference in variability between the
‘front’ cluster and the entire area however is not as clear, with the average STD
being only slightly smaller, and the IQR and ∆CI95 even larger by 0.1 mgm−3.
The ∆CI95 normalised with the average concentration is largest in the cold cluster
with 312 %, notably greater than for the ‘total’ area, which is potentially linked to
the overall smaller average Chl-a concentration in this cluster.

The timing of the spring bloom initiation differs in the three sectors, as Fig. 4.4
clearly shows. Assuming a bloom threshold of 1 mgm−3 average Chl-a (Wu et al.,
2007; Nöthig et al., 2015; Lampe et al., 2021), we see the earliest bloom in the
front cluster, where mean concentration occasionally scratches the threshold start-
ing with the beginning of May. Median values during this time range around 0.5
mgm−3. By the second half of May, mean Chl-a exceeds the threshold in the cold,
Arctic-influenced cluster, reaching similar mean concentrations as in the ‘front’.
Following this spring bloom, mean Chl-a concentration in the cold cluster decreases
drastically by the beginning of June, while this decrease is not as pronounced in
the ‘front’. In the front cluster, mean Chl-a drops to ca. 0.5 mgm−3, similar to
concentrations observed in the warm cluster during this time. The spring bloom
in the warm cluster initiates in the second half of June with higher intensity than
the earlier blooms in the cold and front clusters, reaching average and median Chl-
a concentrations of up to 4 and 2.5 mgm−3, respectively. Interestingly, the front
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Figure 4.4: Chl-a concentrations and their variability in 2018. Daily remote sensing
Chl-a concentrations were split into three regional clusters based on the SST. Solid lines
represent the median, and dotted lines the mean. Darker shaded areas represent the [Q1,
Q3] interval, and the lighter shaded areas indicate the 95 % confidence interval.

cluster shows a second bloom peak around the same time, indicating this cluster
actually shows signals from both, the warm and the cold, regions. The bloom in the
warm cluster lasts for approximately one week until concentrations decrease again.
Here, post-bloom Chl-a concentrations are notably higher than in the cold and front
clusters. Similar to the Chl-a time series for the entire observational region shown
in Sec. 4.3.1, daily Chl-a values follow a right-skewed distribution where the means
are considerably higher than median values.

Throughout the observational period, the level of variability changes. Generally,
variability is higher at times Chl-a concentrations are high, as shown in Fig. 4.5(a).
Observed maxima in the width of the CI95 do not differ considerably between the
clusters, although their timing is associated with peaks in average Chl-a concentra-
tion, i.e. peaks in ∆CI95 occur around early and late May in the cold and front
clusters, and in the second half of June in the warm and front clusters.

The relationship between the magnitude of Chl-a concentration and the asso-
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Figure 4.5: Variability of Chl-a concentrations in the identified clusters. Variability is
expressed as the width of the 95 % confidence interval: ∆CI95 = Q0.975 −Q0.025. ∆CI95
is derived from untransformed Chl-a (a) and Chltrans = log10

(
Chl

0.1mgm−3

)
(b). ∆CI95

normalised by the (daily) mean(Chltrans) is shown in (c).
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Figure 4.6: Relationship of Chl-a variability with concentration. Like in Fig. 4.5, vari-
ability is expressed as the width of the 95 % confidence interval: Q0.975 −Q0.025. For (a),
Chl-a was not transformed, for (b) Chl-a was transformed as Chltrans=log10
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)
prior

to deriving means and confidence intervals.

ciated spatial variability can be best inferred from the statistics. As mentioned
earlier, Chl-a concentrations in the remote sensing observations span three orders
of magnitude and are right-skewed. A log10-transformation of normalised Chl-a con-
centration prior to the variability analysis reveals more uniform patterns of Chl-a
variability throughout the growth period (see Fig. 4.5(b)) compared to the untrans-
formed data, but also differences during the bloom phases between the cold and
front compared to the warm sector. Between April and mid-May, ∆CI95 of Chltrans

steadily increases in all clusters. During this time, while Chl-a concentrations are
increasing, ∆CI95 of Chltrans is larger by a factor of up to 2 in the cold and front
clusters, compared to the warm cluster. In the warm cluster, this increasing trend
lasts until mid-June, when mean and median Chl-a concentrations in this cluster
peak. From June, ∆CI95 of Chltrans shows similar values in all clusters with a slight
decreasing trend.

Further clarification is achieved by setting the ∆CI95 of Chltrans into relation
with mean Chltrans, as shown in Fig. 4.5(c), which reveals that the normalised ∆CI95
appear nearly constant throughout the observation period. This statistic is similar
to a coefficient of variation and visualises well how the overall variability in the cold
cluster is considerably larger than in the warm cluster. While variability is slightly
larger in the front than in the warm cluster, it is notably smaller than in the cold
cluster.

Overall, variability (expressed as the width of CI95, ∆CI95) is higher at high
Chl-a concentrations. As Fig. 4.6(a) shows, the width of the 95 % confidence inter-
vals increase approximately linearly with increasing average Chl-a concentration,
i.e. an increase of 1 mgm−3 in average Chl-a concentration is accompanied with an
increase in ∆CI95 of approx. 5 mgm−3. This relationship appears slightly steeper
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for the cold cluster than for the warm cluster, indicating that the effect of increasing
Chl-a concentration on CI95 width is stronger in the cold cluster.

I expected a more constant relationship of variability to concentration when
concentration was log10 transformed. However, this is not the case, as Fig. 4.6(b)
shows. Also on the log scale, there appears an approximately linear increase in
∆CI95 with increasing average log10(Chl-a/ 0.1 mgm−3). Here, the distinction
between the clusters becomes more prominent than in the untransformed Chl-a,
with a considerably steeper slope in the cold cluster than in the front and warm
clusters. Although the warm and front clusters show a similar relationship, the
slope for the front clusters appears slightly steeper.

4.3.4 Inter-annual variability in Chl-a development

To investigate whether the patterns in bloom timing, intensity, and the associated
variability observed in the 2018 time series are robust features, I test whether the
patterns also appear in adjacent years. Are the differences in bloom development
between the regional clusters universal, or specific to 2018 and simply part of inter-
annual variability? In this section, I therefore extend the analysis to the years
2016–2021, using the 8-day OC-CCI Chl-a dataset (Sathyendranath et al., 2021).

The seasonal variations in Chl-a are analysed for the individual years while
distinguishing between the three regional clusters (Fig. 4.7). The figures display
the median (solid lines) together with shaded areas that represent inter-quartile
ranges. I chose to display the median here based on the observation that Chl-a
follows a right-skewed distribution with considerably higher mean values that are
influenced by extreme values, as discussed earlier. Overall, the seasonal variations
observed in the 8-day-mean dataset reveal fairly robust patterns, where in all years
the increase in Chl-a in spring occurs earlier in the cold (ice-influenced) cluster
than in the cluster of warmer Atlantic water. The median Chl-a concentrations
observed in the 8-day-mean dataset consistently appear higher than on the daily
dataset used in Sect. 4.3.3. In all six years, median Chl-a begins its spring increase
considerably earlier in the cold and front clusters than in the warm cluster, starting
in April (2017–2021) or May (2016). Peaks in median Chl-a in the warm cluster
usually happen around June, extending into July in 2016. In Sect. 4.3.3, I described
how the front cluster showed the bloom features of both, the warm and the cold
clusters. This pattern is also apparent when the analysis is based on 8-day-mean
Chl-a data, but only for the year 2018, and to a lesser extent with a less pronounced
second peak in 2019. In the years 2016, 2020, and 2021, the front cluster shows its
own peak located between the earlier peak in the cold and the later peak in the
warm cluster. In 2017 the first peak of the front cluster follows the one in the cold
cluster, and a second peak emerges 2 weeks before Chl-a peaks in the warm cluster.
Interestingly, in 2020 median Chl-a steeply increases again in late September until
the end of the observation period in all clusters, a behaviour unseen in the other
studied years.

Analysing the anomalies from the yearly means (difference in daily mean Chl-a
concentration from the annual average), it becomes clear that timings of increased
and decreased Chl-a follow similar dynamics within the clusters in the six years,
but differ between the clusters. As shown in Fig. 4.8, the highest positive deviations
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Table 4.2: Temporal average Chl-a concentrations over the observational periods (ca.
mid-March – October) for each year in the identified clusters.

Avg. Chl-a (mgm−3)
cluster / year 2016 2017 2018 2019 2020 2021

cold 0.95 0.99 0.97 1.06 1.07 0.79
front 0.91 1.15 1.02 1.19 1.34 0.88
warm 0.92 0.91 1.22 1.10 1.04 0.85
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Figure 4.7: Chl-a concentrations and their variability. 8-day means of remote sensing
Chl-a concentrations are split into three regional clusters based on the SST. Solid lines
represent the median, and shaded areas represent the [Q1, Q3] interval.
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Figure 4.8: Anomalies from the average Chl-a concentration for each years observation
period (ca. mid-March – October). Anomalies are calculated as the difference of daily
mean Chl-a to the annual mean.

from the annual means occur first in the cold cluster, between early May in 2021
and late May in 2020. In the front cluster, the timing of large positive anomalies
is more variable, reaching from the second week of May in 2018 to late June in
2021. Interestingly, the anomalies show a double peak structure for the years 2017,
2018, 2020, and 2021, which is not apparent in the median Chl-a time series shown
in Fig. 4.7, except in 2018. The anomalies from the mean peak later in the warm
cluster. There, the earliest peaks occur between early June (2018 and 2019) and
the second half of June (2020 and 2021). Notably, the anomalies increase again in
September in the front (especially 2017, 2019, and 2020) and warm cluster (2017,
2019–2022). In the cold cluster, this can be only observed in 2020.

Yearly averages of Chl-a concentrations within the clusters show no clear trends.
Tab. 4.2 shows averages over the observational periods (ca. mid-March – October)
of daily mean Chl-a concentrations. Values range from 0.79 mgm−3 to 1.34 mgm−3

in the cold cluster in 2021 and the front cluster in 2020, respectively.

4.4 Discussion

The results of this analysis have shown that for investigating variability in bloom
development, it is meaningful to distinguish between regional (hydrographic) clus-
ters. Apart from the transport routes along the currents, southward in the cold
cluster and northward in the warm cluster, the underlying mechanisms responsi-
ble for the respective bloom development appear to be different. Intuitively, one
would initially assume that the beginning of the bloom occurs earlier in the warmer,
northward-moving water masses than in those areas that are influenced by much
colder water masses that are strongly influenced by sea ice. In the following, I
discuss the distinction that the k-means algorithm has identified based solely on
SST data and ask to what extent such regional clusters are representative and can
therefore be applied to analyses of data other than SST.
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4.4.1 Quality of regime distinction through k-means cluster-
ing of remote sensing SST

In the past, several attempts have been made to separate the Fram Strait into
meaningful hydrographic or biogeographic subregions, e.g. by a division along the
0° meridian (e.g. Nöthig et al., 2015, 2020), defining stratification regimes related
to the proximity to the sea ice (i.e. meltwater vs. mixed layer regimes) (Von Appen
et al., 2021), considering surface currents and bathymetry (Trudnowska et al., 2018),
or defining general sea ice regimes (permanently ice-covered in the west, seasonally
ice-covered in the northeast, predominantly ice-free in the east) (Soltwedel et al.,
2016). Gradinger and Baumann (1991) distinguished between the East Greenland
Polynya, the East Greenland Shelf, and the Marginal Ice Zone. Although some of
these distinctions were rather simplistic, differences in Chl-a phenology and vari-
ability could be observed in remote sensing and in-situ data.

The distinction of hydrographic regime based on SST proposed by Lampe et al.
(2021) was originally meant to classify the water mass properties of HAUSGARTEN
in-situ stations when physical profiles were unavailable or ambiguous, but showed
to be useful in the regionally distinctive analysis of other remote sensing data prod-
ucts, such as Chl-a. In the study of Lampe et al. (2021), two clusters were resolved,
separating the cold EGC-influenced and warmer WSC-influenced subregions of the
Fram Strait, in which the timings of bloom initiation and average Chl-a concentra-
tions differed.

A limitation of the two-cluster separation is that it does not resolve the highly
variable frontal zone. In this study, I could cleanly resolve three distinct clusters,
as shown in Figs. 4.2 and 4.3, where the third cluster entails the front region with
intermediate SST. Although I perform the clustering on only one single variable,
SST, the cluster distinction works well in the Fram Strait as here the gradients in
SST are strongly pronounced. K-means clustering is a robust and efficient machine
learning algorithm, making it useful for large geospatial data sets, such as remote
sensing data. This approach is particularly valuable when in-situ data that could
be used for regime classification are sparse in time and space.

Including another clustering variable, such as e.g. sea ice cover, may improve
the results further to consider its effect on the light profiles and water column
stratification. It remains unclear how suitable the k-means clustering approach is for
regions with less pronounced gradients in their properties, although a recent study
by Mignot et al. (2023) has successfully applied a similar k-means based approach to
derive global biogeochemical regions from Bio-Argo data and climatological monthly
time series of 23 variables that include metrics related to carbonate chemistry, the
biological carbon pump, and oxygen. The biogeochemical regions identified by
Mignot et al. (2023) have coherent properties that are surprisingly similar to the
biogeochemical biomes identified and proposed by Fay and McKinley (2014). These
results, as well as those of my study, demonstrate the value of this machine learning
algorithm for dividing oceanic areas into regions with similar characteristics.

4.4.2 Variability in Chl-a remote sensing observations

Clustering remote sensing Chl-a data into hydrographic SST regions reduces the
spatial variability in the cold and warm clusters compared to the un-clustered Chl-
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a data for the whole region, as demonstrated in Sect. 4.3.3, which indicates that
Chl-a phenology and variability indeed differs in the two subregions. This supports
the findings of Nöthig et al. (2015, 2020) and Lampe et al. (2021). The variability
observed in the front cluster, however, was similar to the variability in the entire
region. In this region covering parts of the marginal ice zone, the mesoscale vari-
ability is especially high, which strongly impacts phytoplankton growth (Schourup-
Kristensen et al., 2021). The highest median Chl-a concentrations were observed in
the front cluster (approx. 4 mgChlm−3), in line with the findings of Cherkasheva
et al. (2014) who report the highest Chl-a concentrations in the marginal ice zone
where melting sea ice stabilises the water column.

The strength of the variability seen in observations, and thus the level of the
variances, is clearly related to the overall spatially widespread concentration of Chl-
a. According to the statistics of the Chl-a concentrations within the three clusters,
I learned that at times of high mean and median Chl-a concentration, variability
is higher, as shown in Fig. 4.5a, and this relationship is steeper in the cold cluster
(Fig. 4.6). Analysing the variability of Chltrans in Fig. 4.5b shows an increase of
variability until the bloom peak in the respective clusters is reached, followed by
a gradual gentle decrease of variability post-bloom. Pre-bloom variability however
was considerably higher in the cold and front clusters. Normalising ∆CI95 by the
mean Chltrans (Fig. 4.5c) shows, that not only the overall Chl-a concentration drives
the observed variability, but also that variability is generally higher in the cold clus-
ter compared to the other clusters. Furthermore, while the normalised variability of
Chltrans is approximately constant in all clusters throughout the observation period,
strong deviations stand out in the cold cluster that coincide with the onset of the
spring bloom in May and later in July with the decline in SIC (see Fig. 4.2). These
deviations indicate that SIC has a strong influence on Chl-a variability. Sea ice
plays a large role in the subsurface light availability, water column stratification
and thus nutrient distribution, and serves as a substrate for the growth of ice algae,
all factors influencing phytoplankton growth (e.g. Castellani et al., 2022). The con-
fidence interval of SIC (here, mean±SD) ranges between 50–100 % during the spring
bloom in the cold cluster, which may allow growth in places with less ice cover, but
suppress growth where SIC is high, leading to high spatial variability during this
time, as the blooms turn out patchy (Trudnowska et al., 2016). During the decline
of SIC in July, it drops to 25–75 % in August, indicating here the meltwater strat-
ification increases Chl-a variability (Cherkasheva et al., 2014). Therefore, it seems
likely that the large variability in SIC drives the variability in Chl-a in the front
and especially in the cold cluster, as previously reported in e.g. Wu et al. (2007);
Cherkasheva et al. (2014); Renner et al. (2023).

In the multi-year analysis of 2016–2021, no trends in bloom timing or overall
Chl-a concentrations are apparent. The bloom threshold is reached first in the cold
cluster, typically in May, and this is consistent throughout the multi-year time se-
ries, supporting the findings in Lampe et al. (2021). Although Nöthig et al. (2015)
report a positive trend in average Chl-a in the WSC dominated region between
1998–2012, Nöthig et al. (2020) linked this trend to a warm anomaly lasting until
2009, after which average concentrations decreased again. Increased light availabil-
ity due to earlier ice retreat and thinner ice cover may have significant effects on
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Arctic PP (Castellani et al., 2022). For example, Wu et al. (2007) have shown
that earlier ice retreat in the Labrador Sea causes earlier and prolonged blooms.
However, in the Fram Strait, where light limitation inhibits growth before May
(Cherkasheva et al., 2014), earlier ice retreat may cause mismatches between water
column stratification and increasing light levels, where light is not sufficient yet at
times when stratification would favour a bloom. For the whole Arctic region, trends
between +30 % for the period 1998–2012 (Arrigo and van Dijken, 2015) and +4.4 %
between 1998–2018 (Kulk et al., 2020) are reported from the analysis of remote sens-
ing Chl-a data products. It remains unclear whether these reported changes are
climate change induced trends or part of natural variability linked to atmospheric
oscillation processes (Soltwedel et al., 2016). Henson et al. (2010) suggest that a
time series of at least 40 years is needed to detect climate change signals reliably
amidst the noise of natural variability.

4.4.3 Limitations and outlook

The spatial and temporal coverage of the Operational Sea Surface Temperature
and Ice Analysis (OSTIA) SST data product is of remarkable usefulness, as it is
a composite of satellite observations, drifters, and buoys (Good et al., 2020), on a
0.05x0.05°grid in daily time steps. It is therefore particularly suitable as a clustering
variable. Unfortunately, the resolution of the Chl-a data products is considerably
lower. The spatial and temporal coverage of the daily CMEMS Ocean Color data
product (CMEMS and ACRI, 2023) has many gaps especially in the high latitudes
due to aerosols, clouds, seasonal changes in the solar zenith (sun glint and low
illumination), and sea ice cover (e.g. Cole et al., 2012; Cherkasheva et al., 2014;
Kuhn et al., 2023). Especially in the cold cluster, where ice cover plays a large
role, only few pixels are available on the majority of days. Such conditions may
lead to estimates that are eventually biased because only those pixels with low
ice cover can be considered in the variability analysis and thus may distort our
measures of spread and central tendency. It remains unclear how large this effect is.
Further investigations are needed in this regard. The coverage of the 8-day mean
OC-CCI data product used for the multi-year analysis is slightly better but still
shows considerable gaps. Cherkasheva et al. (2014) reports that even for monthly
composites of the merged GlobColour data product (MERIS, MODIS, SeaWiFS),
estimates for singles pixels were composed of only 2–5 days. As Comiso (1995) stated
almost 3 decades ago, remote sensing data do not and may never replace surface
measurements. Still, such data are a good proxy for the larger scale distributions
and development of biogeochemical variables, such as Chl-a.

Finally, characterising the hydrographic regions of the Fram Strait on only one
variable, SST, is although practical, likely too simplistic. It remains to be tested
how the introduction of additional variables of the physical water properties, such
as sea surface salinity and sea ice cover may improve the identification of ocean
regions with distinctive characteristics.
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4.5 Conclusion

This study utilises a machine learning approach to derive hydrographic subregions
(clusters) in the Fram Strait, providing insights into, and helping to unravel, the
variability of chlorophyll-a (Chl-a) concentration on both intra- and inter-annual
scales. The representativeness and quality of these subregions, identified through k-
means clustering of remote sensing Sea Surface Temperature (SST), are thoroughly
examined. Their use seems particularly suitable for the analysis of large geospatial
datasets in regions with pronounced environmental gradients.

The effectiveness of this approach in the Fram Strait, characterised by significant
SST gradients, is evident. This analysis reveals clear differences in Chl-a phenology
and variability within the identified hydrographic clusters:

• The cold cluster covers the permanently ice-covered region and parts of the
marginal ice zone. Here, phytoplankton blooms typically start in May, and
variability is driven largely by variations in sea ice cover.

• The front cluster, covering part of the marginal ice zone, exhibits high variabil-
ity, influenced by mesoscale variability, the dynamic sea ice cover, and total
Chl-a concentration. The timings of the peak of the bloom in this region is
variable, generally closer to the timing in the cold cluster, but occasionally
showing a second bloom peak associated with the later bloom in the warm
cluster, or a unique peak in-between.

• The warm cluster covers the ice-free Atlantic-influenced region in the south-
east. Blooms occur later compared to the cold and front clusters, typically in
late June. This delay is a robust feature that occurred in all the years stud-
ied here. In this region, where no ice cover is observed, the late onset of the
bloom is determined solely by the mixing and stratification conditions, which
are superimposed by the seasonal change in average daylight conditions at the
sea surface. Less variable growth conditions therefore cause less variability in
the observed Chl-a concentration.

Despite the success of the machine learning approach, limitations arise from the
lower spatial and temporal coverage of Chl-a data. Biases in variability estimates,
particularly in the cold cluster with significant ice cover, highlight the need for
further investigations. Future studies should explore the incorporation of other
physical water properties into the clustering methodology for a more comprehensive
hydrographic characterisation.

In conclusion, this research contributes valuable insights into the hydrographic
variability of the Fram Strait, showcasing the efficacy of machine learning tech-
niques in unraveling complex environmental dynamics. The identified hydrographic
subregions provide a foundation for an improved understanding and interpretation
of Chl-a variability, laying the groundwork for future investigations into the intri-
cate relationships between physical properties and phytoplankton dynamics in this
critical gateway to the Arctic Ocean.
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Conclusion and Outlook

5.1 General conclusions

It is scientific consensus that the Arctic is undergoing significant change in terms
of warming and sea ice retreat, but projections of the impacts of future climate
conditions on Arctic ecosystems and the biogeochemical cycling of elements are
still subject to great uncertainty. The limited availability of observational data
contributes to this uncertainty surrounding the Arctic Ocean since the region is
difficult to sample and even remote sensing can only provide insights to a limited
extent.

The major aim of this work was to explore and understand the range and causes
of spatial and temporal variability in the community size structure and abundance
of Arctic protist plankton. This was achieved by combining data analyses and mod-
elling. Different types of observational data, from microscopic measurements to re-
mote sensing products, were used to constrain the simulation results of a Lagrangian
size-based plankton ecosystem model. The individual chapters of the dissertation
provide specific insights into the Arctic system in and around the Fram Strait. The
individual studies are interlinked. The derivation of the plankton spectra (Chapter
2) was an important prerequisite for the modelling (Chapter 3), especially concern-
ing the added value of how a meaningful analysis of the model solutions can be
approached. Spatial separation according to k-means clustering was already part
of the plankton size analyses and its elaboration in the third study (Chapter 4)
not only confirmed the previous results but also extended and enhanced our under-
standing of spatio-temporal variations in bloom dynamics in general.

To investigate the spatio-temporal variability in the size composition of the pro-
tist plankton community, we derived continuous size spectra from highly resolved
microscopic data using Kernel-Density-Estimation in Chapter 2. The size spectra
revealed seasonal shifts in the community size composition that accompany changes
in total plankton biomass, from smaller cells (< 30 µm) in summer to larger cells
in autumn. Furthermore, we found deviations from the typical log-linear relation-
ship of abundance and size that indicate size ranges of preferred grazing (negative
deviations, gaps) or ‘loopholes’ (positive deviations, mounds), and suggest changes
between the roles of bottom-up and top-down regulatory processes in the microbial
food web. Notably, these size ranges appeared in both phyto- and zooplankton, em-
phasising the role of predation amongst ciliates of slightly different sizes (intra-guild
predation) and omnivory. The separation of Arctic and Atlantic waters appeared
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crucial, as it revealed general similarities between the size spectra, but also differ-
ences that could be attributed to different timings in the seasonal succession of the
protist plankton. Comparing the changes in the plankton community size structure
and remote sensing chlorophyll-a concentrations of the polar Arctic waters in the
Fram Strait with their counterparts of the northern Atlantic waters, we learned that
the seasonal plankton succession in the Artic water is approximately two to three
weeks ahead.

To unravel the extent to which the variability observed in HAUSGARTEN mea-
surements of the plankton size structure, concentrations of particulate and dissolved
organic matter, and rates of productivity and export can be explained by differences
in the environmental conditions along the northward and southward transit of water
parcels through the Fram Strait, we employed a numerical model in Chapter 3.
In this Lagrangian modelling approach, we force a size-based (9 distinct size classes
of phyto- and zooplankton) 1D ecosystem model with physical conditions that oc-
cur along trajectories tracing the major currents through the Fram Strait. The
four ensembles of trajectories differ in their origin (Atlantic and Arctic) and timing
of HAUSGARTEN transit (summer and autumn). The model solutions generally
correspond to the observations of various types, including in-situ measurements
of nutrient and organic matter concentrations, remote sensing estimates of phyto-
plankton standing stocks, and climatological nutrient concentrations. Notably, the
model is able to reproduce the seasonal shift in size structure towards more larger
cells (> 35 µm) in the post-bloom phase, in agreement with our findings of the
size spectral analyses in Chapter 2, although discrepancies between observed and
simulated size spectra indicate further need to improve grazing relationships and
the consideration of specific size ranges of preferential grazing. Despite using the
same model parameters, the temporal development of primary production, commu-
nity size structure, and export varied among the model ensembles, revealing that
10–72 % of the variability observed at HAUSGARTEN sites is driven by differences
in the physical forcing prior to reaching the site. In particular, variations in the
light regimes influenced the timing of blooms and the size structure of phytoplank-
ton, and subsequently their grazers, which ultimately affected OM export. Peaks
in the model’s simulated productivity and vertical export occur significantly earlier
and at some distance compared to the timing and location of in-situ sampling in
the Fram Strait, which indicates that in-situ sampling during both, the summer
and the autumn campaigns, captures snapshots of post-bloom situations that are
associated to bloom events that happened outside of the HAUSGARTEN region.

For a more in-depth and comprehensive analysis and evaluation of spatial and
temporal variability of phytoplankton standing stocks in the heterogeneous hydro-
graphic subregions of the Fram Strait, I employed a machine learning clustering
method on remote sensing data in Chapter 4. This approach extends the cluster-
ing technique described briefly in Chapter 2 and can provide a basis for comparisons
of the degree of variability in phytoplankton standing stocks between the simulation
results of Chapter 3 and large-scale remote sensing datasets. In contrast to resolv-
ing two regions, the warm Atlantic- and the cold Arctic-influenced sectors, I resolve
a third sector that encompasses the front region with intermediate sea surface tem-
peratures. The hydrographic sectorisation reveals differences in the phenology of
chlorophyll-a concentrations within the subregions, with earlier onset of blooms in
May in the Arctic region, in late June in the Atlantic region, and mixed signals
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in the front region. While chlorophyll-a variability was particularly high at times
when its concentrations were high in all clusters, i.e. during bloom peaks, the
intrinsic, concentration-normalised variability was significantly higher in the cold
cluster where large variations in sea ice dynamics are observed, compared to the
other clusters.

In conclusion, the distinction of water masses in the Fram Strait, realised by
SST-based clustering in Chapters 2 and 4 and Lagrangian modelling in Chapter
3, revealed significant differences in the seasonal phenology of plankton standing
stocks, community composition, productivity, and export rates. These differences
are partly driven by differences in the characteristics of the respective water masses
and the different environmental conditions they have been subject to.

5.2 Critical aspects on the comparability of com-
munity size structure representations

cold front warm
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Figure 5.1: Average proportions of protist phytoplankton size classes in in-situ obser-
vations, model results, and remote sensing observations. Shown here is the relation of
microplankton (20–200 µm) to the sum of pico- (0.2–2 µm) and nanoplankton (2–20 µm)
biomass (carbon or chlorophyll).

A major advantage of continuous size spectra of the protist plankton community
is that size spectra may resolve details of the community size structure that are
not always recognisable when the size data are classified into discrete size bins.
Furthermore, without the need to impose assumptions on size bins, continuous size
spectra derived from data of various origins can be quantitatively compared by
applying distance metrics. Additionally, continuous size spectra are well suited for
quantitative assessments of size-based model results, as done in Chapter 3. For
this, size-binned model results are simply interpolated to the discretization points
used to describe the continuous plankton spectra based on observations, regardless
of how many size bins the model resolves. This way, model results and observations
of various size resolutions, binned or continuous, can be quantitatively compared
by applying a distance metric such as the Integrated Quadratic Distance (IQD).
While the size spectra derived in Chapter 2 were obtained using a Kernel Density
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Estimator with Gaussian kernels, the application of Kernel Density Estimation has
been further improved during the period of this thesis with the diffusion-based
Kernel Density Estimator by Pelz et al. (2023), which highlights the potential for
future research work.

However, as the derivation of continuous size spectra of high resolution requires
considerable time effort and expertise for the microscopic analyses, such valuable
data is rarely available. Therefore, one research focus has been the derivation of
plankton size information from remote sensing observations (e.g. Xi et al., 2021).
Although remote sensing data products typically have a much higher temporal
resolution than the time intervals between in-situ sampling campaigns, obtaining
information about the size structure of the plankton community from remote sens-
ing is associated with large uncertainties. Therefore, some useful product could be
the ratio of large (micro-, 20–200 µm) to small (nano- and pico-, 0.2–20 µm) phyto-
plankton biomass, which can be directly compared with counterpart ratios derived
from observed or simulated size spectra, as shown in Fig. 5.1. Here, the in-situ data
(blue) describe the ratio of large by small phytoplankton biomass, derived from the
integration of biomass size spectra. Since various conversions from biovolume to
carbon biomass are common in the literature (see Sect. 5.3.2), the two individual
lines shown per each period denote ratios derived from size spectra of Chapter 2
that assume a steep and a more moderate carbon to biovolume relationship, respec-
tively. The resulting ratios can differ significantly, especially when abundance is
high on either side of the size spectrum, which is the case in the spectrum from the
cold Arctic waters in autumn, for example. Despite the clear shift from smaller to
larger plankton from summer to autumn in both Arctic and Atlantic water masses
documented by the size spectra shown in Chapter 2, in the large/small plankton
biomass ratio, this shift is only visible in the Arctic water and even appears reversed
in the Atlantic water.

Furthermore, the variable selected as a biomass proxy appears important when
comparing large/small plankton biomass ratios, as shown with the model results
(red lines) that are available for carbon (solid line) and chlorophyll (dashed line)
biomass, even though the units of biomass become eliminated in the fraction. Espe-
cially in the post-bloom phase, differences become large and are caused by the vari-
able stoichiometry assumed in the model. Although the model and in-situ spectra
show some good agreement in Chapter 3, the large/small biomass ratio representa-
tions do not align. Large/small chlorophyll-biomass ratios estimated from remote
sensing (following the procedure described in Chapter 4, but using the size-binned
PFT data product by CMEMS and ACRI (2023)) reveals large temporal variability
in all three water masses in the daily ratios (thin green line), even when smoothed
with a moving average function (thicker line). Generally, the ratios but also their
variability are largest in the Arctic, intermediate in the front, and smallest in the
Atlantic water masses, with no apparent trend over the growth period.

5.3 Open questions and perspectives

5.3.1 Microscopy

The size spectra presented in Chapter 2 were compiled based on microscopy ob-
servations from water samples collected in-situ. The data comprises size measure-
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Figure 5.2: Comparison of C-biomass estimation methods, conversion factors, and total
POC concentrations between different taxonomists.

ments of cell length and width, and identifications to the lowest possible taxonomic
level (species, genus, or higher) for each individual cell that settled in a sedimenta-
tion chamber, thus the collection is labour-intensive and requires great expertise in
plankton taxonomy. A common problem is the human factor when it comes to cat-
egorising species based on their morphological characteristics, especially since the
characteristics may overlap between species. The outcome of microscopic measure-
ments can be highly subjective with respect to the observer. For example, trained
experts reach only around 43 % consensus between different people in dinoflagellate
identifications, and 67–83 % self-consistency (Culverhouse et al., 2003).

As shown in Fig. 5.2, large differences arise based on the biomass estimation
method (using the raw counts and size measurements versus integration of size spec-
tra), the scaling relationship used to convert biovolume to carbon biomass (discussed
in the following subsection), and, strikingly, the individual observer performing the
microscopy. The data used for the analyses in Chapter 2 were collected by two stu-
dent helpers (SH). Samples collected during the cruises MSM77, PS107, and PS114
were processed by SH1, and show large variation in total estimated biomass, which
differs significantly by estimation methods and scaling relationships. Furthermore,
the estimated biomass consistently exceeds HPLC measurements of particulate or-
ganic carbon (POC), although biomass should only be a fraction of the total POC.
In contrast, samples processed by SH2 (all PS99 samples) show significantly lower
estimates of biomass, with less variation and values smaller than the total POC.

By deriving confidence intervals of the size spectra through a bootstrapping ap-
proach, we attempted to explicitly take into account error sources related to the size
measurements and cell counts. These explicit uncertainty considerations are obvi-
ously insufficient, as they do not account for differences between observers. However,
the variability introduced by the subjectivity can be substantial, as Fig. 5.2 illus-
trates. Further research on how to include this kind of uncertainty into the size
spectra confidence intervals and how to include the resulting confidence intervals
into model evaluation metrics is warranted.
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5.3.2 Abundance-to-biomass conversions
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Figure 5.3: Comparison of cell volume:C biomass using different scaling relationships
(left) and the resulting biomass size spectra (right), here shown for the S1 phytoplankton
spectrum (summer, Atlantic waters) for the steep scaling relationship after Montagnes
et al. (1994), an intermediate scaling after Marañón et al. (2013), and a more moderate
scaling after Strathmann (1967).

Standing stocks of plankton are commonly expressed in units of carbon or ni-
trogen concentrations and represent a fundamental parameter in biogeochemical
budgets and models. Plankton biomass can be estimated from microscopic mea-
surements of abundances per cell type (species, genus, or higher taxonomic levels)
and by applying constant but specific conversion factors (e.g. Smetacek, 1975).
Alternatively, more sophisticated methods involve determining cellular volumes of
plankton through microscopy and subsequently converting them to biomass using
biomass-to-volume ratios. Here, uncertainty is introduced from the conversion of
size-abundance spectra to biomass spectra. Cell volume (derived from size mea-
surements and geometrical considerations) can be converted to carbon (or nitro-
gen) biomass using allometric scaling relationships. Various scaling relationships
have been proposed in the literature, differing in their slopes and intercepts, as
summarised in Tab. 5.1.

Depending on the C:volume scaling relationship, the carbon content per cell
differs, especially in the small and large ends of the plankton size range, as illus-
trated in Fig. 5.3 (left). Applying such relationships to size-abundance spectra thus
leads to different estimates of biomass per size class and total biomass. In Fig. 5.3
(right), the S1 phytoplankton size-abundance spectrum presented in Chapter 2 is
converted to biomass using the steep C:vol scaling after Montagnes et al. (1994),
an intermediate scaling after Marañón et al. (2013), and the moderate scaling after
Strathmann (1967), showing similar biomass estimates in the nanoplankton size
range, but considerable deviations in the pico and micro size ranges. Consequently,
estimates of total biomass differ significantly, between 571, 499, and 420 µg CL−1

depending on the scaling relationship applied (steep, intermediate, and moderate
scalings, respectively).

This uncertainty affects data-model comparisons of the plankton size structure.
In Chapter 3, we applied the Integrated Quadratic Distance (IQD) metric to com-
pare simulated and observed plankton biovolume spectra. Here, the model output,
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Table 5.1: Biomass-to-volume (C:volume) scaling relationships for carbon. Moal et al.
(1987), Verity et al. (1992), Montagnes et al. (1994), and Menden-Deuer and Lessard
(2000) also report N:vol relationships (not shown here).

C:vol Reference Comments

log10C[pg] = 0.76log10V − 0.29
⇒ C[pg cell−1] = 1

100.29V
0.76 = 0.513V 0.76

Mullin et al.
(1966)

Cultures of mixed plank-
ton, incl. diatoms

log C[pg] = −0.314 + 0.712logV
⇒ C[pg cell−1] = 1

100.314V
0.712 = 0.485V 0.712

Strathmann
(1967)

Diatoms, cultures of se-
lected species

ln C[pg cell−1] = 0.829lnV − 0.927
⇒ C[pg cell−1] = e−0.927V 0.829

Moal et al.
(1987)

Batch culture of 11 species,
incl. diatoms

log C[pg] = −0.363 + 0.863logV
⇒ C[pg cell−1] = 1

100.363V
0.863 = 0.434V 0.863

Verity et al.
(1992)

Cultures of unialgal,
non-diatomaceous marine
plankton

C [pg cell]−1
= 0.109V 0.991 Montagnes

et al. (1994)
Cultured species, incl. di-
atoms

C [pg cell]−1
= 0.288V 0.811 Menden-Deuer

and Lessard
(2000)

only diatoms

C [pg cell]−1
= 0.216V 0.939 Menden-Deuer

and Lessard
(2000)

only non-diatoms

C [pg cell]−1
= 10−0.69V 0.88 = 0.2042V 0.88 Marañón et al.

(2013)
monocultures of 22 phyto-
plankton species

which is given in carbon biomass per size class, is first converted to abundance per
size class and then biovolume per size class. In our model, we assume the inter-
mediate carbon cell quota of Marañón et al. (2013) for this conversion. Further
research is needed on how much differences in the assumed C:volume scaling re-
lationships affect model representations of the community size structure, and how
such uncertainty could be included in the evaluation metrics.

5.3.3 Grazing relationships

In Chapter 2, we identified specific size ranges (3–4, 8–10, 25–40, and 70–100 µm
ESD) that deviate from the typical log-linear relationship of abundance and size.
The presence of these deviations in both phytoplankton and zooplankton spectra
reveals omnivory and size ranges of elevated abundance indicate ‘loopholes’ or niches
of either reduced grazing pressure, or enhanced growth conditions, or both.

A substantial finding is that other, independently observed, size-spectra (Schar-
tau et al., 2010) display similar patterns as those identified in this thesis, as shown
in Fig. 5.4. In this comparison of size spectra of the plankton (phyto- and zooplank-
ton combined) community observed in the Fram Strait and size spectra compiled
from data collected during iron fertilisation experiments, similar patterns of positive
(green background) and negative (grey background) deviations from the log-linear
relationship of size and abundance are apparent. Although these specific size ranges
do not show perfect agreement in both datasets, their overlap is striking, indicating
the underlying mechanisms may be universal. Most interestingly, the gap observed
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in the 3–4 and 4–5 µm range is clearly expressed in both observations. Likewise,
although not very pronounced, a step-like depression is visible in the size range
between 8 and 10 µm in these spectra. Furthermore, a critical size range seems
to be around 30–50 µm, where a clear trough can be identified in the Fram Strait
spectrum. It is this particular size range above which a substantial increase in
abundance was observed in the spectra of the iron-fertilized patch.

Our model in Chapter 3 assumes a static optimum predator-prey size ratio of
δopt = 10, meaning that predators reach optimal grazing rates when their prey is
10 times smaller, with decreased grazing for smaller and larger prey. However, the
grazing preferences differ between plankton taxa, for example, dinoflagellates show
optima at predator-prey size ratios of 1:1 and ciliates around 8:1 (Hansen et al.,
1994). An important improvement in the modelling approach may be achieved by
considering these size ranges of preferential grazing and ‘loopholes’ of reduced graz-
ing pressure or physiologically better growth conditions for the phytoplankton. It
may be worth testing different allometric relationships in combination with specific
grazing kernels to clarify the details that emerge from the observed plankton size
spectra.

Figure 5.4: Comparison of plankton size spectra in the Fram Strait (Chapter 2, phyto-
and zooplankton) to size spectra of plankton during IronEx II iron fertilisation exper-
iments (Schartau et al., 2010). Figure kindly provided by Markus Schartau (personal
communication).
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A.1 Resolution of composite and combined size
spectra of phyto- and protozooplankton

Composite size spectra of maximum resolution can be constructed when individual
size spectra of every taxonomic group are added up, i.e. j represents all taxonomic
groups present in the dataset. All taxon-specific KDEs can be assembled to a
composite size spectrum, for example of all phytoplankton or zooplankton taxa:

KDEcomposite
phy/zoo (s) =

Mphy/zoo∑
j=1

KDEj(s, hj) (A.1)

Here, the bandwidth parameter hj is taxon-specific. The variability in size is
typically smaller within taxa than in combined phytoplankton and microzooplank-
ton subsets, which results in a smaller degree of smoothing (see equation 5), and
thus a higher resolution in composite spectra, as compared to combined spectra.

The composite size spectra (Fig. A.1, left panels) therefore exhibit details with

A B C D E F G

A B C D E F G

A B C D E F G

A B C D E F G

composite combined

autotroph
heterotroph

1 2 5 10 20 50 100 200 1 2 5 10 20 50 100 200

1 × 100

1 × 101

1 × 102

1 × 103

1 × 104

1 × 105

1 × 106

1 × 107

1 × 100

1 × 101

1 × 102

1 × 103

1 × 104

1 × 105

1 × 106

1 × 107

Cell size (equivalent spherical diameter, ESD) [µm]

C
el

l c
on

c. 
si

ze
−

de
ns

ity
  c
el

ls 
L

−
1  lo

g 1
0 E

S
D

1µ
m

 −
1 

autotroph

heterotroph

Figure A.1: Composite (left) and combined (right) size spectra for autotrophic (upper)
and heterotrophic (lower) microplankton.
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the highest possible resolution of the communities’ size structure. The high level
of detail in the composite size spectra turned out to be associated with consider-
able uncertainties, with many narrow peaks, in particular for ESD > 20 µm. The
abundance of cells of ESD < 20 µm seemed less variable among taxa. The high-
est abundance in phytoplankton appeared in the proximity of 5 µm and also around
ESD = 7 µm. These were mainly diatoms and prymnesiophytes. Likewise, the high-
est abundance of heterotrophs fell into the same size range. It is noteworthy that
the distinct peaks around ESD = 5 µm and ESD = 7 µm were also apparent in the
spectra of heterotrophic cells, but with an additional distinct peak in the proximity
of 10–11 µm. Furthermore, heterotrophic dinoflagellates lead to an additional peak
at ESD = 200µm.

Considering the confidence limits, it appeared difficult to unambiguously inter-
pret ecological details of the composite size spectra. We found major characteristics
of the composite size spectra to be well and consistently captured by the combined
size spectra (Fig. A.1, right panels). Similar to the composite size spectra, au-
totrophic and heterotrophic combined spectra overlapped between ESD ≈ 20 µm
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Figure A.2: Composite size spectra for summer (A) and autumn (B). Species-specific
size spectra were summed to autotrophic and heterotrophic spectra and averaged across
samples; Combined size spectra for summer (C) and autumn (D), derived from a combined
data-set of all available data. Shaded areas mark the confidence interval (KDE(s)±1.96×
SE(s)).
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and ESD ≈ 50 µm. In size ranges ESD > 50 µm, where cell abundance decreased
significantly, combined and composite size spectra differed. The largest phytoplank-
ton in the composite spectrum was larger than ESD = 200µm, while the combined
spectrum approximated 1 cell L−1 s−1 at ESD ≈ 180µm. Furthermore, a symmet-
rical peak was centred around 110µm in the combined spectrum and corresponded
an trough in the composite spectrum, where in turn a peak followed around ESD
≈ 140µm. Heterotrophic cells covered approximately the same size range in the
composite and combined spectra.

Analogously, the analysis of composite seasonally separated size spectra (Fig.A.2A
and B) gave no clear advantage over the combined spectra (Fig. A.2 C and D).
Many details in the composite size spectra are subject to considerable uncertainty,
which complicates the identification and interpretation of general trends, if com-
pared to patterns derived with the combined spectra. For instance, the comparison
between summer (left panels of Fig. A.2) and autumn spectra (right panels) illus-
trates that the combined size spectra show only a few peaks and troughs, but total
cell concentration are still in accordance with the composite spectra. Important and
predominant features, e.g. the depression around 4 µm, the step-like drop around
30 µm, and the trough in summer and the peak in autumn of the autotrophic size
spectra at 90 µm, remain well expressed in the combined size spectra, which also
confirms the consistency and robustness of our approach.
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A.2 Supplementary Tables and Figures

Table A.1: Dates and locations of sample collections. SST cluster denotes whether a
sample was classified as Atlantic (warm) or Polar (cold). PS99.1–PS114 were summer
cruises, MSM77 was an autumn cruise. Event labels refer to the Pangaea database.

Cruise Event label HG Station Depth [m] Date Latitude Longitude SST cluster

PS99.2 PS99/041-6 S-3 28 2016-06-25 78°36’28.08"N 5°2’48.48"E warm
PS99.2 PS99/042-11 HG-4 28.4 2016-06-27 79°3’54.72"N 4°10’22.08"E cold
PS99.2 PS99/048-11 EG-4 23.7 2016-06-30 78°48’57.6"N 2°43’43.68"W cold
PS99.2 PS99/048-11 EG-4 9.7 2016-06-30 78°48’57.6"N 2°43’43.68"W cold
PS99.2 PS99/051-2 EG-1 13.4 2016-07-02 78°59’26.88"N 5°24’33.48"W cold
PS99.2 PS99/053-2 N-5 19 2016-07-03 79°55’16.32"N 3°3’43.2"E cold
PS99.2 PS99/054-1 N-3 10 2016-07-04 79°35’12.12"N 5°10’12"E warm
PS99.2 PS99/055-1 N-4 21.8 2016-07-05 79°44’29.4"N 4°30’12.6"E cold
PS99.2 PS99/065-2 SV-1 18 2016-07-09 79°1’34.68"N 11°5’33"E warm
PS99.2 PS99/066-2 HG-1 17.2 2016-07-09 79°8’21.12"N 6°5’18.6"E warm
PS107 PS107_2-13 S-3 35 2017-07-26 78°36’31.291"N 5°3’16.33"E cold
PS107 PS107_2-13 S-3 10 2017-07-26 78°36’31.291"N 5°3’16.33"E cold
PS107 PS107_6-8 HG-4 10 2017-07-28 79°3’54.288"N 4°10’5.196"E cold
PS107 PS107_7-1 HG-5 10 2017-07-28 79°3’11.844"N 3°44’58.812"E cold
PS107 PS107_8-1 HG-6 10 2017-07-29 79°2’46.432"N 3°36’33.077"E cold
PS107 PS107_10-4 FS 1 20 2017-07-29 78°58’36.588"N 2°29’39.48"E cold
PS107 PS107_10-4 FS 1 10 2017-07-29 78°58’36.588"N 2°29’39.48"E cold
PS107 PS107_12-3 FS 2 30 2017-07-30 78°56’41.316"N 2°42’6.12"E cold
PS107 PS107_12-3 FS 2 10 2017-07-30 78°56’41.316"N 2°42’6.12"E cold
PS107 PS107_14-1 FS 3 30 2017-07-30 78°55’37.308"N 2°51’0.972"E cold
PS107 PS107_14-1 FS 3 10 2017-07-30 78°55’37.308"N 2°51’0.972"E cold
PS107 PS107_18-3 FS 5 25 2017-07-31 78°59’9.168"N 2°45’20.808"E cold
PS107 PS107_18-3 FS 5 10 2017-07-31 78°59’9.168"N 2°45’20.808"E cold
PS107 PS107_19-1 HG-7 10 2017-07-31 79°3’33.66"N 3°28’55.056"E cold
PS107 PS107_22-6 EG-4 22 2017-08-03 78°49’7.716"N 2°43’0.912"W cold
PS107 PS107_22-6 EG-4 10 2017-08-03 78°49’7.716"N 2°43’0.912"W cold
PS107 PS107_29-1 EG-1 35 2017-08-05 78°59’41.568"N 5°28’24.636"W cold
PS107 PS107_33-6 N-4 25 2017-08-08 79°43’37.884"N 4°30’10.512"E cold
PS107 PS107_33-6 N-4 10 2017-08-08 79°43’37.884"N 4°30’10.512"E cold
PS107 PS107_34-5 N-5 40 2017-08-09 80°0’1.188"N 2°56’24.828"E cold
PS107 PS107_34-5 N-5 20 2017-08-09 80°0’1.188"N 2°56’24.828"E cold
PS107 PS107_43-1 HG-1 20 2017-08-12 79°9’9.9"N 6°6’54.864"E warm
PS107 PS107_43-1 HG-1 10 2017-08-12 79°9’9.9"N 6°6’54.864"E warm
PS107 PS107_48-1 SV-1 35 2017-08-14 79°1’45.3"N 11°6’6.084"E warm
PS114 PS114_4-1 HG-4 10 2018-07-16 79°1’24.96"N 4°20’0.6"E warm
PS114 PS114_4-1 HG-4 34.5 2018-07-16 79°1’24.96"N 4°20’0.6"E warm
PS114 PS114_9-1 S-3 10.1 2018-07-17 78°36’24.12"N 5°2’28.68"E warm
PS114 PS114_9-1 S-3 29.8 2018-07-17 78°36’24.12"N 5°2’28.68"E warm
PS114 PS114_31-1 N-5 20.4 2018-07-22 79°56’42.36"N 3°11’55.32"E cold
PS114 PS114_31-1 N-5 10.5 2018-07-22 79°56’42.36"N 3°11’55.32"E cold
PS114 PS114_32-2 N-4 42.8 2018-07-22 79°44’22.2"N 4°31’32.52"E cold
PS114 PS114_32-2 N-4 10.1 2018-07-22 79°44’22.2"N 4°31’32.52"E cold
PS114 PS114_36-2 0°-N 29.6 2018-07-24 80°51’18.72"N 0°8’24.72"W cold
PS114 PS114_36-2 0°-N 10 2018-07-24 80°51’18.72"N 0°8’24.72"W cold
PS114 PS114_40-3 0°- S 11.7 2018-07-25 80°9’33.12"N 0°8’19.32"E cold
PS114 PS114_43-4 EG-4 24.5 2018-07-26 78°49’3.36"N 2°46’9.12"W cold
PS114 PS114_43-4 EG-4 4.7 2018-07-26 78°49’3.36"N 2°46’9.12"W cold
PS114 PS114_46-8 EG-1 15.4 2018-07-27 79°0’44.64"N 5°17’6.36"W cold
MSM77 MSM77_3-1 S-3 7 2018-09-16 78°36’59.292"N 5°4’4.836"E warm
MSM77 MSM77_3-1 S-3 24 2018-09-16 78°36’59.292"N 5°4’4.836"E warm
MSM77 MSM77_4-3 HG-4 7 2018-09-17 79°3’33.08"N 4°12’0.752"E warm
MSM77 MSM77_4-3 HG-4 27 2018-09-17 79°3’33.08"N 4°12’0.752"E warm
MSM77 MSM77_6-1 HG-6 13 2018-09-18 79°3’36.09"N 3°34’56.669"E warm
MSM77 MSM77_13-1 HG-1 14 2018-09-20 79°8’0.139"N 6°5’32.773"E warm
MSM77 MSM77_13-1 HG-1 22 2018-09-20 79°8’0.139"N 6°5’32.773"E warm
MSM77 MSM77_24-1 SV-1 17 2018-09-24 79°1’42.312"N 11°5’10.295"E warm
MSM77 MSM77_52-1 N-5 5 2018-10-03 79°56’17.7"N 3°10’59.941"E cold
MSM77 MSM77_52-1 N-5 31 2018-10-03 79°56’17.7"N 3°10’59.941"E cold
MSM77 MSM77_53-3 N-4 32 2018-10-04 79°44’11.062"N 4°29’6.58"E warm
MSM77 MSM77_54-1 N-3 34 2018-10-04 79°36’13.82"N 5°10’22.264"E warm
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Figure A.3: Mean total cell and biovolume concentration for each identifiable group.
Individual samples were grouped by season and SST region distinguishing the bloom sce-
narios S1–S4. Numbers represent the relative shares of the averaged total cell concentration
and biovolume concentration as percentages. Respective total abundance and biovolumina
are listed in Table 4.
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B.1 Model equations

B.1.1 Cell quotas and limiting terms

Nitrogen and chlorophyll quotas are modelled as ratios with carbon:

Qi,j =
Bi,j

BC,j

(B.2)

Nitrogen quota may lie between Qmin
N,j and Qmax

N,j . These parameters correlate posi-
tively, which hinders optimisation. Therefore s̃max

N,j was defined and optimised along
with Qmin

N,j :

s̃max
N,j =

Qmax
N,j

Qmax
N,j −Qmin

N,j

−→ Qmax
N,j =

Qmin
N,j

1− 1/s̃max
N,j

(B.3)

Nutrient limitation is a linear function of nitrogen quota:

γN,j =
QN,j −Qmin

N,j

Qmax
N,j −Qmin

N,j

(B.4)

Nutrient uptake regulation term:

Qstat
N,j = 1−

(
QN,j −Qmin

N,j

Qmax
N,j −Qmin

N,j

)h

(B.5)

Temperature regulation term:

γT = eA(T−T ref) (B.6)

B.1.2 Nutrient uptake rate

Michaelis-Menten function, with quota and temperature limiting terms:

VN,j =
vmax
j αjN

αjN + vmax
j

Qstat
N,j γT (B.7)

for all phytoplankton. For zooplankton, uptake rates are set to Vi,jz = 0.

B.1.3 Photosynthesis

carbon specific light saturated photosynthetic rate:

P sat
j = Pmax

j γTγN,j (B.8)

photosynthetic rate:
Pj = P sat

j ∗ γL,j (B.9)
where γL,j is a light limitation term:

a =
apQChl,j

P sat
j

(B.10)

κ = κSW + κP ∗
∫ z+1

0

∑
j

BChl,jdz (B.11)

γL,j = 1− Ei [−a ∗ Iz]− Ei [−a ∗ Iz+1]

κ ∗∆z
(B.12)
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where κSW = 0.04 m−1 is the seawater attenuation coefficient (Lorenzen, 1972) and
κP = 0.0149 is the chlorophyll attenuation coefficient (Krause-Jensen and Sand-
Jensen, 1998).
Carbon-specific production rate:

VC,j = Pj − ξVN,j (B.13)

Chlorophyll production rate:
VChl,j = ρjVN,j (B.14)

with
ρj = θ

Pj

apQChl,jI
(B.15)

B.1.4 Predation

Grazing rate:

GC,jz ,j = γTG
max
jz

FC,jz

kG + FC,jz

Φjz ,j(1− eΛFC,jz ) (B.16)

where γTG
max
jz denotes the maximum grazing rate, FC,jz

kG+FC,jz
prey saturation, Φjz ,j

prey switching, (1− eΛFC,jz ) prey refuge.

kG is not estimated directly and the fraction of Gmax
a and the grazing ‘clearance’

rate.:
kG =

Gmax
a

aG
(B.17)

Prey saturation is a Michaelis-Menten function of total prey carbon available to
each predator:

FC,jz =
∑
j

ϕjz ,jBC,j (B.18)

Prey availability (availability of each prey size class j to each predator size class jz)
ϕjz ,j is modelled as a function of predator-prey size ratios δjz ,j:

ϕjz ,j = exp

[
−
(

ln
(
δjz ,j
δopt

))2

/(2σ2)

]
(B.19)

Prey switching prevents overgrazing on single size classes when other prey is more
abundant (targets most abundant size class):

Φjz ,j =
(ϕjz ,jBC,j)

2∑
j(ϕjz ,jBC,j)2

(B.20)

Grazing rates of Chl and N are the product of carbon grazing rate and cell quota:

Gi,jz ,j = Qi,jGC,jz ,j (B.21)

Assimilation efficiency is down regulated when predator cell quotas approach their
limits:

λC,jz = λmaxγN,j (B.22)
λN,jz = λmaxQstat

N,jz (B.23)
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B.1.5 Background mortality

Size dependent mortality rate:

mj = mmin + (ma −mmin)Volmb
j (B.24)

mmin prevents mj approaching zero as volume increases.

background mortality = (mj +m2Bi,j)Bi,j (B.25)

B.1.6 Organic matter (detritus)

Sources of detrital organic matter are messy feeding and mortality. Cellular OM is
transferred into DOM and POM upon cell death, and the proportions of POM and
DOM are defined as βj,k.

βj,DOM =
b1

1 + e(x−b3)
+

b1b2
1 + e(b3−1)

(B.26)

βj,POM =1− βj,DOM ⇒
∑
k

βj,k = 1 (B.27)

with x = log10(Vol).
Sources of organic matter are the sum of mortality and messy feeding:

SM
i,k =

∑
j

βj,k(mj +m2Bi,j)Bi,j (B.28)

+
∑
jz

BC,jz

∑
j

βj,k(1− λi,jz)Gi,jz ,j

(1 − λi,jz)Gi,jz ,j are predator-specific rates of OM production through messy
feeding.
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B.2 Additional figures

Figure B.1: Fit of simulated plankton biovolume size spectra (during sampling time
frame) to observations Lampe et al. (2021). Biovolume densities are derived from abun-
dance spectra (cell concentration density ∗ cell size) and serve as an indicator for biomass.
Simulation results were extracted for the ship-sampling period ± 7 d and averaged over the
upper 46 m. The lines represent the mean cell concentration densities (over trajectories)
of phyto- and zooplankton respectively. Shaded areas indicate the mean± standard error.
The smoother, curved graphs represent the observed plankton spectra, the stepped graphs
represent the (size binned) simulations.
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Figure B.2: Integrated zooplankton biomass per size class over time. C-biomass was
integrated to 100 m depth and averaged by trajectory origin. Zooplankton size classes are
represented by brown colours, and their respective sum equals total zooplankton biomass.

Figure B.3: Carbon export (sinking and diffusion of particulate organic carbon, including
plankton and detrital matter) at 100 m depth along model trajectories. Each dot represents
a export flux value of a given trajectory at a given day.
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Figure B.4: Export efficiency of carbon (blue) and nitrogen (orange) for the upper
100 m. Opaque lines represent values for single trajectories, solid lines the trajectory-
mean. We excluded all pe-values when the integrated daily production fell below 66.25
mmolCm−2 d−1. In situ sampling was conducted during the periods highlighted in grey.

Figure B.5: Variability in the simulated (blue and orange) and observed (black) concen-
trations of DIN, Chlorophyll a, and total POC (phy + zoo + detritus) during the sampling
campaigns (summer: 16–27 July 2018, upper panels; autumn: 16 Sept–4 Oct 2018, lower
panels). The graphs represent the probability density distributions, as estimated with
diffKDE.
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Figure B.6: Total POC export (left) and standing stocks of total POC over depth (right)
for the reference solution (red) and for a simulation with increased detritus sinking speed
(yellow).

Figure B.7: Total Chl-a standing stocks (left) and depth-averaged simulated and remote
sensing Chl-a (right) for the reference solution (upper) and for a simulation with increased
initial slope for the PI-curve (aP ).
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B.3 Additional tables

Table B.1: Root Mean Squared Deviation (RMSD), coefficient of variation (CV) and
integrated quadratic distance (IQD) during sampling periods (mean over time, depth, tra-
jectories). RMSDs are in the unit of their respective variable (DIN and PON: mmolNm−3,
Chl-a: mgChlm−3, POC: mmolCm−3), CV and IQD are unit-less. In situ data refer to
observational data collected in the Fram Strait (see Sect. 3.2.1 ). Climatological data data
were extracted from WOA18 data along the model trajectories for each day with a 20 km
radius, then averaged over trajectories and months.

Variable Summer/ Summer/ Autumn/ Autumn/
Arctic Atlantic Arctic Atlantic

In situ data
(Fram Strait, HAUSGARTEN)
DIN RMSD 3.4333 5.5814
DIN CV 0.5997 1.0478
Chl-a RMSD 1.5262 1.3254 0.4874 0.3084
Chl-a CV 2.7819 0.8062 2.5122 0.8131
POC RMSD 7.0679 20.4758 1.4249 4.793
POC CV 0.7397 0.7849 0.4270 0.7514
PON RMSD 0.8731 1.8388
PON CV 0.8272 0.6660
Phy IQD (·103) 13.4770 17.1693 3.3889 20.3677
Zoo IQD (·103) 2.5540 2.8015 3.0895 18.9774

Climatological data
(along mean trajectories)
DIN RMSD 2.1350 2.3497 2.0409 1.2592
DIN CV 0.2451 0.2335 0.2150 0.1255
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