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Summary

The German Bight is a shallow region of the North 8#dch isintensely explogd by human
activities and undgpositive temperature trends. A breschle investigation dhechanges in
thesurface chlorophyla (Chl-a) concentration related to the observed warnohgbove 1°C
since 1962 isital to understanding the primary production response in the German Bight. This
thesis investigatechanges in the German Bight primary production associated with increasing
temperature using Chl-a concentration aan indicator.The ecific objectivedo fulfil this

goal are to(1) define the influence afhe increasing temperatuseat various spatial and
temporal scales othe Chla concentration(2) investigate changes (@hl-a temporally and
spatially, (3) analyge Chl-a surface concentration fields to estimate the present sityatioin

(4) evaluate the use of machine learniiy.) algorithms to predidhe Chtatime series.

Chapter 1 provides a general introduction and overview of the importance of marine primary
production globally and in shallow sedisalso presentthe methodology for the study tife
primary production changes based on the literatargl the research gap and research

objectivesaredetaikd in this chapter

In Chapter 2, landemperatureand sea surface temperat&ST) areanalysed orvarious
spatial scales to investigate warming variabibiyanalysing temperature trends, anomalies,
seasonal shifts, and frequency distribution shifte SSTdata from the Helgolandoadstime
series (HRTS), a critical and detailed longerm in situ marine ecological time serigs,
analysed jointlywith the Sylt Roads, North Sea, Germany, Europe, North Atlantic, and
Northern Hemisphere surface temperatures. Temperatugeprgmary driver of species
diversity and distribution, manifesg on variousspatial and temporal scales depending on
population growth, life stages, cycles, and hakitAccordingly, this chaptempresens the
temperature changes on the appropriate dpatigoralscalesproviding a suitable foundation

for studies on the effects of warming on marine ecosystem fuirdiand biodiversity.

In Chapter 3, the analysis of spatial @htoncentrations obtained from remote sensing is
presented to investigate the trends and variability of surfaca @hthe German Bight from
January 1998 to December 2020. The results indicate high levels -@f @&dr the coast,
demonstrating a decreag gradient towards offshore waters. A significant kbeign positive

trend of Chia exists close to the Elbe river estuary and the-c@ast area under its freshwater



influence. In contrast, about 30% of the German Bight is characterized by a significant negative
trend. No significant trends are observed during spring blooms, but the distributionaf Chl
anomalies differs between the period from 1998 to 2009 and 0att 2020, predominantly
displaying a shift towards negative anomalies and decreased variability. FaenQideasonal
variability, defined by Empirical Orthogonal Functions, indicates that the first four modes
explain around 45% of the variability. Tfiest and second modes are related to theadhter

and intraannual variability, respectively, identified by the temporal principal components
spectral analyses. Linear trends betweenadmomalies, SST, and mixed layer depth (MLD)
anomalies are wé&aand described by opposite signals in offshore and coastal areas.
Temperature and Cla negatively correlate in offshore areas and positively correlate primarily
in coastal areas, whereas the MLD displays the opposite correlation signal. The monthly Chl
a concentration anomalies covaries 45% with the SST anomalies and 23% with the MLD

anomalies.

Chapter 4 employs the following three standard ML algorithms from the literature to predict
the Chla time series from the lofigrm HRTS dataset: the support vector machine regressor,
neural networks multilayer perceptron regressor, and random foresssegrThis chapter
evaluates and compares the results with the seasonal autoregressive integrated moving average,
a classical statistical method, and assesses the differences. Thdi@bkeries prediction

from each of the algorithms is compared, réwgathat the support vector machine regressor
slightly outperformed other models. The evaluation with a testing dataset and verification using
an independent validation dataset for -@htoncentrations indicate good generalisation
capability. As part of te ML preprocessing step, feature selection improved the models
significantly. In addition, this chapter demonstrates the importance of SST-apZédliction,

along with nutrients and past Chlvalues.

Chapter 5 present$ie general discussiorgonclusionsand future workof this PhD thesis

which gives a comprehensive analysis of chloroplyltariability, an indicator of primary
production changes, in the GermaigBt. The observed decrease in chjirgll-a serves as a

base for futureesearch efforts, together with the chloroptayiominant modes of variability
described in this thesis. The detailed description of temperature behaviour since 1962 in distinct
spatial scales will help researcben thedesign of experiments related to climate change and
warming considering real trends and variability. Moreovemovative machine learning
efforts were applied for the first time to the Helgoland Roads time series. Such investigations

are expected to contribute to primary praslut assessments in the Germag in future



and can bexpanedto thegreateNorth SeaTheyaugmenttudieson primary productivity

already done in other shelf and coastal seas.



Zusammenfassung

Die Deutsche Bucht ist eine flache Region Nerdsee, die durch menschliche Aktivitaten
intensiv genutzt wird und einem positiven Temperaturtrend unterliegt. Eine breit angelegte
Untersuchung der Veranderungen der Chloropétfdbnzentration (Chh) an der Oberflache

im Zusammenhang mit der beobadbie Erwarmung von utber 1°C seit 1962 ist fur das
Verstandnis der Reaktion der Primarproduktion in der Deutschen Bucht unerlasslich. In dieser
Arbeit werden Veranderungen der Primarproduktion in der Deutschen Bucht in Verbindung
mit steigenden Temperatur@mhand der Ché-Konzentration untersuchDie spezifischen

Ziele zur Erreichung dieses Vorhabens sind (1) die Bestimmung des Einflusses steigender
Temperaturen in verschiedenen raumlichen und zeitliSkatenauf die Chla-Konzentration,

(2) die Untersuchung zeitlicher und raumlicher Veranderungen des-Kbhzentration, (3)

die Analyse von Ché-Konzentrationsfeldern an der Oberflache zur Abschatzung der
gegenwartigen Situation und (4) die Bewertung des dEzes von Algorithmen des

maschinellen Lernen®IL) zur Vorhersage der Cla-Zeitreihen.

Kapitel 1 bietet eine allgemeine Einfiihrung und einen Uberblick Uber die Bedeutung der
marinen Primarproduktion weltweit und in flachen Meeren. AuRerdem wird die Methodik fir
die Untersuchung der Veranderungen der Primarproduktion auf der GrundlageedatuL. it
vorgestellt Dariber hinaus werdetie Forschungsliickend die Forschungsziele in diesem

Kapitel detailliert beschrieben.

In Kapitel 2 werden die Landtemperatur und tMeeresoberflachentemperatur (SST) auf
verschiedenemaumlichen Skalen analysiert, um die Variabilitdt der Erwarmung durch die
Analyse von Temperaturtrends, Anomalien, saisondkmschiebungen und Verschiebungen

der Haufigkeitsverteilung zu untersuchene BSFDaten aus der Helgoland Reedeitreihe
(HRTS), einer kritischen und detaillierten langfristigen marinen 06kologischesituin
Zeitreihe,werden gemeinsamit denOberflachentemperatein der SyltReede, dr Nordsee,
Deutschlands, Europas, des Nordatlantiks und der nordlichen Hemisptslysiert Die
Temperatur ist ein Hauptfaktor fir die Artenvielfalt urdrteilung, die sich auf verschiedenen
raumlichen und zeitlichen Skalen in Abhangigkeit von Populationswachstum, Lebensstadien,
Zyklen und Lebensraumen manifestieRementsprechend werden in diesem Kapitel die

Temperaturveranderungen auf den geeigneten rdumlichen und zeitlichen Skalen dargestellt,



was eine geeignete Grundlage fur Studien Uber die Auswirkungen der Erwérmung auf die

Funktionsweise der marinen Okosysteme und die biologische Vielfalt bietet.

In Kapitel 3 wird die Analyse der raumlichen &hKonzentrationen aus der Fernerkundung
vorgestellt, um die Trends und die Variabilitdt von OberflaeBbha in der Deutschen Bucht

von Januar 1998 bis Dezember 2020 zu untersuchen. Die Ergebnisse zéigeGhha
Konzentrationen in Kustennéhe und einen abnehmenden Gradienten in Richtung kustenferner
Gewasser. Ein signifikanter langfristiger positiver Trend vona&hesteht in der Néahe der
Elbmindung und dem kiistennahen Gebiet unter inrem StRwasserelnfl@Gsgensatz dazu

sind etwa 30 % der Deutschen Bucht durch einen signifikanten negativen Trend
gekennzeichnet. Wahrend der Fruhjahrsblite werden keine signifikanten Trends beobachtet,
aber die Verteilung der ClatAnomalien unterscheidet sich zwischemdgeitraum von 1998

bis 2009 und von 2010 bis 2020, wobei Uberwiegend eine Verschiebung zu negativen
Anomalien und eine geringere Variabilitdt zu beobachten ist. Die nicht saisonale Variabilitat
von Chla, definiert durch Empirische Orthogonale Funktiozergt, dass die ersten vier Modi

etwa 45 % der Variabilitat erklaren. Der erste und der zweite Modus stehen im Zusammenhang
mit der inter bzw. intrajdhrlichen Variabilitadt von Cha, die durch die zeitliche
HauptkomponenteSpektralanalyse ermittelt wde. Lineare Trends zwischen Gl
Anomalien, SST und Anomalien der Mischschichttiefe (MLD) sind schwach und werden in
kustennahen und kistenfernen Gebieten durch entgegengesetzte Signale beschrieben.
Temperatur und Ckh korrelieren in kistennahen Gebietaagativ und vor allem in
kustennahen Gebieten positiv, wahrend die MLD das entgegengesetzte Korrelationssignal
aufweist. Die monatlichen Anomalien der &hKonzentration kovariieren zu 45 % mit den
SSTAnomalien und zu 23 % mit den MLBnomalien.

In Kapitel 4 werden die folgenden drei Standitd-Algorithmen aus der Literatur verwendet,

um die Chla-Zeitreihen aus dem langfristigen HR-C&tensatz vorherzusagen: der Support
VectorMachineRegressor, der MultilaydPerceptrorRegressor fur neuronaletze und der
RandomForestRegressor. In diesem Kapitel werden die Ergebressduiertund mit dem
saisonalen autoregressiven integrierten gleitenden Durchschnitt, einer klassischen statistischen
Methode, verglichen und die Unterschiede bewertet. Diealditreihenvorhersage der
einzelnen Algorithmen wird verglichen, wobei sich zeigt, dass der Su@gpotbr-Machine
Regressor die anderen Modelle leicht Gbertrifft. Die Auswertung mit einem Testdatensatz und
die Uberprifung anhand eines unabhangigen \éalidgsdatensatzes fir Gdal

Konzentrationen zeigen eine gute Generalisierungsfahigkeit. Als Teil des ML

Vi



Vorverarbeitungsschritts verbesserte die Merkmalsauswahl die Modelle erheblich. Dartber
hinaus zeigt dieses Kapitel die Bedeutung der SST fur die@bkhersage, zusammen mit

Nahrstoffen und friiheren GhatWerten.

Kapitel 5 enthélt die allgemeine Diskussion, Schlussfolgerungen und kiinftige Arbeiten dieser
Doktorarbeit, die eine umfassende Analyse der ChlorohyHriabilitat, ein Indikator fur
Veranderungen der Primarproduktion, in der Deutschen Bucht liefert.bBebbachtete
Ruckgang von Chlorophylh dient zusammen mit den in dieser Arbeit beschriebenen
Chlorophylta-dominanten Variabilitatsmodi als Grundlage far kunftige
Forschungsanstrengungen. Die detaillierte Beschreibung des Temperaturverhaltens seit 1962
in verschiedenen raumlichen Mal3staben wird derschendenbei der Planung von
Experimenten im Zusammenhang mit dem Klimawandel und der Erwarmung helfen, wobei
reale Trends und Variabilitat berlcksichtigt werden. Dariber hinaus wurden erstmals
innovative Verfahren des maschinellen Lernens auf die Zeitreihen elgolend Reede
angewandtEs wird erwartet, dass solche Untersuchungen in Zukunft zur Bewertung der
Primarproduktion in der Deutschen Bucht beitragen werden und auf die gesamte Nordsee
ausgeweitet werden kdnnen. Sie erganzen die bereits in anderenr Soteifistenmeeren

durchgefuhrten Studien zur Primarproduktion.
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1 Chapter 1

This PhD thesis focuses on the marine primary production represented by chlerophyll
a (Chl a) concentrations in the German Bi gh
increasing temperature trends. Marine primary production is the synthesis of organic
substances by phytoplankton using inorganic compounds, such as nitrate, phosphate and silica.
The marine component accounts for an estimated half of the total global primary production,
although the marine biomass responsible for this production is smelter than the terrestrial
biomass component. Marine primary production forms the basis of marine ecosystems,
supports the food network, and is a crucial component of biogeochemical cycles and climate
regulation, playing a significant role in atmospheacbon dioxide (C@ Sabine et al., 2004;
Chavez et al., 2011; Mackenzie et al., 2005; Behrenfeld et al., 2006; Bauer et al., 2013; Sharples
et al., 2019). Historically, the Glal concentration has been used as a surrogate or indicator of
primary productn in consideration of the limitations regarding the differences in the amount
of carbon and number of pigments (Steele & Baird, 1961; Cullen, 1982; Hayward & Venrick,
1982; Gregg et al., 2003; Boyer et al., 2009).

The German Bight is subjected to changes in primary production due to ongoing climate
change, which is expected to result in a reduction in primary production affecting the complex
and intrinsic food network, biogeochemical cycles and conversion of iriorgamospheric
CQOqinto organic carbon (carbon fixation), which is essential for climate regulation (Groger et
al., 2013; Capuzzo et al., 2018). However, how temperature directly and indirectly affects
phytoplankton and their ability to fix carbon, growdaeproduce in these waters is still unclear.
Adequate assessment of the influence of temperature on primary production relies on using
long-term temporal and spatial data provided by diverse sources and with various types of
analyses (Platt et al., 199Fathyendranath et al., 2023).

In this thesis, the overall aim is to investigate the influence of temperature on the Chl
a concentration as a surrogate for primary production in the German Bight, using various data
sources and innovative tools to improve the analyses. Specificallfrsiham is to evaluate
various spatial scales, from global to local, of temperature changes and the possible effects on
the ecosystem. Changes in temperature, seasonal variability, shifts in temperature anomalies,
temperature trends, and the distributminextreme cold and warm temperatures have the

potential to alter marine ecosystems, from mass extinctions and species migration to shifts in
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phenological traits. This potential serves as the foundation for the second aim: to investigate
Chl-a surface trends and variability from 1998 to 2020 in the German Bight using remote
sensing data. The third aim, considering new artificial intelligenceoappes, is to employ

the Helgoland Roads time series (HRTS) to apply machine learning (ML) algorithms and
evaluate their capacity to predict and generalize thea@uancentration time series. The use

of ML algorithms, combined with a goaglality datasetindicates that ML is a great tool to

predict and analyse the role of predictors for-&inh the German Bight.

A general introduction to primary production, &hlthe HRTS, and ML is presented
to establish the motivation for this thesis and direct the main research questions. The three main
chapters, based on published articles and submitted manuscripts, presiesttiat comprise
the core of the thesis. The key findings and general discussion are presented along with an
outlook for future work at the end of the thesis.
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|l ntroducti on

Chapter 5 of thénternational Panel o@limate ChangelPCC) Special Report on the
Ocean and Cryosphere in a Changing Climate (Bindoff et al., 2019) emphasizes that oceans
have continuously warmemerthe last decades, in keeping with the clear multidecadal ocean
warming trends documented in the IPCC Fifth Assessment Report. The warmindpasend
beenfurther confirmedvia improved ocean temperature measurements over the past decades.
Due to the warmingf the oceanthe global primary production by marine phytoplankton is
expectedto reduce(Bopp et al., 2013; Cabré et ,aR015). Based on model simulation
differences between historical scenarios (198®9) and simulations for the end of the century
(2080 2099), this reductioncould be up to 30%, véreasother scenarios with mitigated
warming trendsiave indicate@d 2% decrease (Bopp et al., 2013; Cabré g@il5). Rgarding
the marine coastal ecosystems, the expected resptmseis reductiorover the 2% century
are habitat contraction, migration, and biodiversity and function&igg Anthropogenic

coastal activities limit natural ecosystem adaptation to climate hazards (Bindoff et al., 2019).

Althoughshelf coastal seampriseonly about 7% of the worfil ecean areaHigure
1), their contribution to global marine primary production is abodb 1030% (Bauer et al.,
2013 Figure2). Estimates of the annual primary production within shelf seaklwide are
about 11Gt C a (Jahnke, 2010), which compares with an oceanic total of between 45 and 60
Gt C a? (Longhurst et al., 1995; Behrenfeld et al., 200%)e total marine primary production
is abouthalf of the total global primary production (Field et al., 199Bys this estimation
accounts for about orguarter of the total primary production. The high biological production
of the shelf seas alsadicateghat these areas a@ssentiasources of fixed carbon (Mackenzie
et al., 2005; Bauer et al., 2013). Coastal seas ayaryrole in the growth of phytoplankton,
constitutng the primary production of the oceans (Sharples et al., 2019). Glolaly seas
provide more than 90% of fish production (Pauly et al., 2002).

Currently, coastal seas wondle are undergoingignificantecological changes driven
by humaninduced pressures, such as climate change, anthropogenic nutrient inputs,
overfishing, and the spread of invasive species (Halpern et al., @0@8net al., 2016).
Approximately 40% of the human population lives within 100 km of the sea, and the coastal
zones of continents host many industrial activities (Simpson & Sharples, 2012). In many cases,

the changes alteghe underlying ecological functions to such an extent that new states are

25



achieved and baselines are shifted (Lotze et al., 2006; DuaReg&udiede-Gioux, 2009;
Kemp et al., 2009%Ehrnsteret al., 2020). The German Bight, a shallow part of the North Sea,
has been under significantly increasing temperatimeseasinghigher than 1°C since 1962,
asindicatedthroughout this thesis and in the literature (Wiltshire & Manly, 2004; Wiltshire et
al., 2010; Amorim & Wiltshire et al., 2023).
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1.1 MARINE PRIMARY PRODUCTION

Primary production is the synthesis of simple organic compounds by bviyagnisms
using inorganic forms of carbon, storing energy within living organisms. Marine primary
production supports all life in the oceans, affecting global biogeochemical cycles and the
climate by promoting the absorption of €@m the atmosphere in surface waters and sinking
it into deeper waters (Sabine et, &@004; Behrenfeld et al2006; Chavez et al., 2011).
Phytoplankton conducts marine primary production via photosynthesis in all parts of the ocean
where there is sufficient light. Light is aam limiting factor of primary production in high
latitude regions and temperate seas (Harrison & Cota, 1991; Harrison et al., 2008). Almost all
ecosystems in the ocean are fuelled by organic carbon and energy, which were initially fixed
by photosynthesisThe sea surface layer contains the majority of primary production, with
organic carbon and energy transferred to deeper waters via such processes asipiarigle

and vertical migratiof organisms (Thornton, 2012).

Formally, photosynthesis is defined as the process in which light energy is captured and
stored by arautotrophicorganism, and the stored energy is used to drive cellular processes
(Blankenship, 2008). It can be expressed as an oxidegtuction reaction in the following

form:

2HO + €0l i gh#O)YO GH{ 6al kowski & Raven,(13007)

Equation 1 is a simplified summary of the overall photosynthesis reaction, which occurs in a
number of steps. As Clal is the primary pigment responsible for absorbing light for the
photosynthesis reaction, it is used as a proxy for the biomass of pimdimpland serves as a
surrogate in marine science for investigating marine primary production (Steele & Baird, 1961,
Cullen, 1982; Hayward & Venrick, 1982; Gregg et al., 2003; Boyer et al., 2009).

There are several techniques for measuring the concentratiorsiad chlorophyll in
seawater. These methods provide information relevant to that particulardrecation but
are limited when applied at the regional or ocean basin scale. Since 1978, our understanding of
the spatial and temporal distribution of phytoplankton biomass has been improved by the

measurement of ocean colour from satellite imagesellBat instruments provide
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measurements instantaneously over a large area, which is not possible with sampling platforms,
such as ships (Thornton, 2012).

High-performance liquid chromatography (HPLC) methods are used for the precise
measurement of Cla (Wiltshire, 2009), which enables the pigments to be separated using
chromatography. Therefore, pure pigments pass through a fluorescence or spectropbotometr
detector. Thus, HPLC can be used to estimate phytoplankton biomass in termsaof Chl
Another option for sampling CHd is fluorometers, using various wavelengths to quantify the
Chl-a content in watefbbe MoldaenkeGmbH, Kiel, Germany; Beutler et a002). The
combination ofin situ and remotesensing data is crucial for suitable quabtgntrolled
datasets, producing a vast amount of data to answer research questions concerning processes

across a range of temporal and spatial scales (Platt et al., 1997; Sathyendranath et al., 2023).

1.1.1 Chlorophylta Remote Sensing

As the primary pigment of phytoplankton, &hluses light as an energy source for
photosynthesis. To quantify marine primary production and characterize its variability across
spatial scales, frequent measurements with sufficient spatial coverage amanebesitu
measurements are essential to provide-tengn trends and changes, but they usually do not
address the spatial component of variability and changes. Remote sensing from satellites allows
for spatial and temporal coverage to investigate @mynproduction. The selective absorption
of specific wavelengths by Gal ( peaks at 8440 and a4690 nm)
guantify marine phytoplanktonic biomass through ocean coleur ¢ @.17).eMu |- dns or
(mugatellite) merged products i mproves the
Copernicus GlobCol our product wused vianr itohuiss t

sensor s: MODI S (Moder at e Resol ution | magi n
Resol uti on |l magi ng Specewomgt eMiddjee Fa @WidE 8 r )
VIT RS (Visible Infrared I maging Radi ometer

l nstrg@annksson GCopernieus GlpbCalolplio@des an additional daily
6cl-bueded c-hinterpolatpdnpyotiuct that minimizes missing d@aulquinet al.,
2019). A few previous studies have applied the use olaGbmote sensing in the North Sea
and German Bight, compared wiih situ data, to investigate interand intraannual
phytoplankton bloom dynamics and letegm trends in Ché (Petersen et al. 2008; Su et al.,
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2015;Alvera-Azcarateet al., 2021).

Figurel.l: Remotesensing image of thNorth Sea on March 25, 202ft) displayingthe

different colours during a phytoplankton bloom, &nght) a zoomeen area at the edge of the

German Bght. Composite images combidata acquired by the Moderate Resolution Imaging
Spectroradiometer (MODIS) instruments ofhe National Aeronautics and Space
Administration(NASA)6 s Terra and Aq uram NASA EaidthlObsereatory, Mo d i -
A Sea ofColor and Wind2020)

1.1.2 The Helgoland Roads Time Series

Time series are the sequential acquisition of data in time. When the series is long
enough and well resolved (proper time interval sampling), it allows the separation of short and
long-termcomponents, such as seasonal cycles, multidecadal shifts, artédonchanges in
variability and trends (Barton et al., 2003; Ghldava et al., 2017). The HRTS station
(54A11.3Nj N, 7A54.0Nj E) i sDihetti weug Bectiohled) i s| an
in the German BightNorth Sea. The Alfred Wegener Institute Helmholtz Centre for Polar and
Marine Research has conductedg-term monitoring of various parameters continuously at
Helgoland Roads (HR) on a daily basis since 1962 (g 1.2),&nd it is one of the most
extended marine datasets available (Wiltshil@i&selen 2004). Water samples are collected
from a depth of In and preserved for further analysis of @hlising fluorometry and HPLC

methods. The Chh time series, combining both methods, ranges from 2001 to 2020.
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CHAPTER 1- INTRODUCTION

Several studies have been conducted analysing the HRTS, focusing on nutrient
changes, carrying capacities, plankton phenology and dynamics, and overall changes and
system resilience (Wiltshire & Manly, 2004; Wiltshire et al., 2008; Wiltshire et al., 2010;
Wiltshire et al., 2015; Sarker & Wiltshire, 201Rraberget al., 2019; Scharfe & Wiltshire,
2019). All related studies collate as one of the-peslity longterm time series available.
Although Chta has been analysed as a complementary parameteréno$ohese studies, in
the past, no attention was focused on the changes and variability-afr€lated to warming
trends. For example, Wiltshire and Manly (2004) focused on-errg positive trends in the
sea surface temperature (SST), relating thesel$ to the delay or anticipation of spring algal
blooms using the phytoplankton abundance {targn series available in the HRTS. In contrast
to what is considered normal for temperate coastal systems, they observed delays in the spring
blooms instead adn earlier shift. However, due to the limited @htoncentration data at that

time, they could not include it in their analyses.

Figure 1.2: Sampling at the Helgoland Roads station (Aadssel framed by the black
rectangle) with the Diine Island in the background, and entering the harbour at Helgoland Island
on December 27, 2023. RV Aade, Alfred Wegener Institute.
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1.2 PRIMARY PRODUCTION AND TEMPERATURE

Several studies have analysed global changes in marine primary productivity related to
warming climates, mostlyinding decreasing trends (Gregg et al., 2003; Behrenfeld et al.,
2006; Gregg &Rousseaux2019).Various parameters, including nutrients, light availability,
and temperature, govern primary productigdiechanisms responsible for changes at a regional
scaleareassociated witlvarioushydrographical processes that lead to different productivity
regimeson a global scale (Falkowski et al., 1998;hBenfeld et al., 2006; Henson et al., 2010;
Steinacher et al., 2010; Chust et al. 2014). In the &owd midlatitude oceans and the North
Atlantic, a decrease ithe net primary production is characterized by reduced inputs of
macronutrients into the euphotic zomelated to enhanced stratification, combined with a
reduction in the mixed layer depWlLD) and slowed circulation production. In polar regions,
the alleviation of light and temperature as limiting factsrdikely to lead to increases in
primary production (Chust et al., 2014). Laigmale climate modes, such as the North Atlantic
Oscillation(NAO), act on the North Sea through regional climate effects, including increased
SST, strong westerly winds (Beaugrara®04; Alheit et al. 2005; Weijerman et,&005), and
an increased inflow of warm, salty water from the Atlantic Ocean (Edwards 20@L; Reid
et al, 2003; Beaugrand@004). In the German Bight, temperature i&ritical elementn the
ecosystem. Plankton dynamics are stronglygriced by temperature (FromenfirPlanque,

1996; Planqué& Fromentin, 1996; Dippner, 1997a; Kroncke et al., 1998; Beaugrand & Ibanez,
2004). Temperature can influence trophic interactions in several. Waygperatureletermines
the geographical distribution of many species (Beaugrand et al.,, 2002) and affects

physiological factorssuch as respiration and growth (Desmit et al., 2020).

The relative importance of the factors driving phytoplankton growth in shallow coastal
seas depends on water depth, prevailing currents, and riverine inputs to the system, all of which
are subject to temporal variation (Wiltshire et al., 2015). Due tckadadirect observation,
whether changes in nutrient levels and light availability in the German Bight, combined with
the recent marked temperature increase, have influenced primary production within the bight

is currently unclear (Wiltshire & Manly, 200€apuzzo et al., 2018; Desmit et al., 2020).

The German Bight is a part of the North Ssadtemperatures have increaoy 1.8°C
over the last 50 years. WiltshiasmdManly (2004)demonstratethat the average temperature
in the North Sea at Helgolamdseby 1.13°C from 1962 to 2002, which agseeith the
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warming trends measured in the English Channel (Hawkins ,e2@3), the North Sea
(Edwards et al2002), and the North Atlantic (Edwards et 2001). Following climate model
projections, stronger warming is expected to occur at and high latitudes (IPCC Special
Report on the Ocean and Cryosphere in a Changing CliBetdoff et al., 2019 Amorim
andWiltshire et al. (2023) updated the values describe@Viltshire and Manly (2004) and
computedhetrends from 1962 to 2020, reaching a 1.8°C iaseeat Helgoland.

Continental shelves and shelf seas are more productive regions than the open ocean
(Groger et al., 2013}hus it is critical to studythe long-term effectson primary production
related to warming trendBhytoplankton abundangcprimary productiorandthe atmospheric
CQO fixation and fish stocksre expected to be negatively affected by increasing warming
trends(Groger et al., 2013). These claims are supported by the fact that the functioning of the
ocean biological pump (Longhurst & Harrison, 1989)icllmediates the flux of carbon to the
interior of the ocean, is strongly linked to marine primary production. In addition, the central
principle that fishery yields are limited Itlye primary productionin the ecosyster{Pauly &
Christensen, 1995; Pikitch et al., 2004; Friedland et al., 2012) strengthens the hypothesis of the
negativeinfluenceof a primary production decreasalongwith the possibility that climate

changeeffectsare amplified at higher foedieb levelghanphytoplankton (Lotze et al2019).

1.3 MACHINE LEARNING IN ECOLOGICAL STUDIES

As a subfield of artificial intelligence, ML uses tedjures such abnear algebra and
matrix operationgo learn from data and make accurate predictions without being explicitly
programmed. Moreover, ML makes minimal assumptions about the input data and can be
effective even when the data represent complicated nonlinear interactions (Bzdok et al., 2018).
A common difference between classical statistics and ML is that the former provides the
theoretical foundation for understanding and interpreting datareas the latter provides the
tools for automatically learning from data and making predictions and deci$idks 2024).

Oceanography and ecol ogy are in thiener a

C

siamnd r-eennddantg colahegthi dm egtue may t magrdae naectr eorsss

produces a | ar gedvasemunlt ti it ¢i neetnasldendna | @ltt hough

heterogeneous formsabtste Tatddalaalwiyts o nhadtr s at i

be adapted Dur d e n e Modern ML ,algo2itbnis Wwith.high computational speeds and

fewer assumptions about the data, such as assumptions about the structure of the spatiotemporal

32



covariance and forms of relationships between variables, have great potential for modelling
highly nonlinear relationships between variables and for efficient estimation from sparse
observations compared to traditional statistical techniques (Gigliq 20aB).

Many complexities, including historical legacies, time lags, nonlinearity, interactions,
and feedback loops, which vary in time and space, of ecosystem datasets are challenged by the
need to understand and predict complex ecological processes and pateems.advances in
data collection technology, such as rermgasing and data network centres and archives, have
produced large, higresolution datasets spanning spatial and temporal extents that were, until
recently, undainable (Olden et al., 2008).

1.4 THE GERMAN BIGHT

The German Bight is a shallow marine area located in the southeastern part of the North
Sea F i g 13). &s hydrodynamics are dominated by tidal and wind forcing. In coastal areas
of the bay, the water column is continuously mixed by tidal and wave forcing, which act against
seasonal thermal and haline stratificatjdangty differences due to temperatwarad salinity,
supported by surface buoyancy induced by surface heat fluxes, riverine freshwater fluxes, and
tidal straining. In offshore and open areas, stratification occurs due to atmosusancheat
flux. However, the action of wind/tidal mixing and river runcgfjulates stratification in the
German Bight (Zhao et al., 2019). Considering these characteristics, the German Bight is
susceptible to changes due to climate in a number of processes concerning shallow, transitional,
and offshore areas (e.g. vertical mix, stratification, turbulence, and river runoff; see van
Leewen et al., 2015, for the different underlying physical conditions influencing

phytoplankton).
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Figurel.3: North Sea, German Bight and Helgoland Islalastratingthe study area and the
longtermHelgoland Road#ime seriefHRTS)location (red triangle). DE Germany; UK/
United Kingdom; NLi Netherlands; DG Dogger Bank; H Helgoland and D Dune Island.

According to Meyerjurgens et al. (2019), wind conditions have a significant influence
on surface currents and transport processes in the German Bight (Huthnance, 1991). The bulk
of North Atlantic water enters the German Bight through the English Charunéktl., 2016;
Meyerjurgens et al., 201% i g L.4). ®uring transport along the coast, these water masses
are inpuenced by riverine water runo , decre
1992). In the eastern part of the German Bight, close to the North Frisian coast, the combination
of riverine freshwater and saline water, transportedduthwesterlywinds into the German
Bight, leads to a frontal zone with a strong haline gradient (Becker et al., 19998 $kavs,
2001).
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1.5 KNOWLEDGE AND RESEARCH GAB

Considering that primary productivity in the oceans is changing in response to global
climate change, with 70% of the productivity decline occurring at high latitudes (Gregg et al.,
2003; Boyce et al., 2010), the effect of increasing SSTs is possiblyf dmeeraain drivers. In
the German Bight, the consequences of the current warming trend in primary production are
still unclear, with some studies demonstrating an increase in the past decades and others
observing a decrease in primary production (see Desmmal., 2015). Marine primary
production sustains the marine food web and is a crucial component of the biogeochemical
cycle in the German Bight; therefore, an understanding of tha @atiability and the role of
temperature is critical for prediction$ future scenarios.

Following the descriptions of marine primary production variability associated with increasing
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temperature at various spatial and temporal scales, the central hypothesis of this work is that
temperature affects distinct phytoplankton characteristics, such as growth, phenology, and
distribution, but so does the environment, by altering wind patgerdsfrequency, shifting
hydrodynamics, and controlling nutrient availability. The combination of temperature effects
on phytoplankton and environmental changes is expected to result in decreased primary
production.

The following questions are addressed in this thesis:

1. How do SSTs and land surface temperatures correlate from global to local scales? What
are the differences in trends and seasonal variability that could be implicated in various
responses by ecological systems related to teastal scales?

2. What are the current trends (from 1998 to 2020) and spatial variability of the surface
Chl a concentrations in the German Bight ?

3. How applicable are ML algorithms to the prediction of the-&laloncentration time
series acquired in the German Bight, and what are the best predictors defined by ML
analyses? Can ML predict and generalize the results to an independent dataset? Does
ML outperform classical statistics?

The core of the problem concerning the effects of warming on marine primary production
at the German Bight is that the lotgym variability and trends of Clal concentrations have
only been assessed from i) situ records that cover small areas and sometimes irregular
sampling intervals or from much larger spatial scales, such as the entire, heterogeneous North
Sea, and (ii) model simulations limited by the number of analysed years. In addition, (iii) they
have pmmarily focused on nutrients and light nability, with the temperature only
complementing these analyses. Thus, conclusions regarding multidecadal variability and direct
temperature effects have either been overlooked or are not yet resolved (Groger et al., 2013;
Wiltshire et al., 2015).
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1.6 OBJECTIVES

The gener al goal of this thesis is to in\
production associated wiChlac a mccerretarsa tnigo nt earsp ea
Specifically, this entails the following:

1 Analysing the Chh surface concentration fields to estimate the present
situation,
|l nvestigating tempor-al and spatial <cha
Defining the influence of increasing temperature at various spatial and temporal
scales on the CHd concentration, and

1 Evaluating the use of ML algorithms to predict @hiimes series.

1.6.1 Thesis Qitline

Thein situ data from theHRTS werecomplemented by the German Meteorological
Service (Deutsche Wetterdienst: DWD) data, reanalysis datasets from the Hadley Met Office
Hadley Centre fovariousglobal regions, and remegensingand reanalysis datasets from the
Copernicus Marine Service (CMS) for the German Bight tsz@aach these objectiveEhe
three main chapters detail the applied methodologies and results that fulfil the overall
objectives.

Chapter 2assessedifferent scales of temperature, from global to local, to agbesdirect
coupling between ocean and land interactions, exploring the trends and variability changes
using reanalysis and in situ dedad investigaing the behaviour of temperature at distinct
scales Next, Chapter 3 desdiesthe present state of superficiahl-a concentrationsThis
chapter discussemter- and intraannual variability using empirical orthogonal functions
(EOFs)and trendscompaing the Chl-acovariance with two physitéorcings SSTandMLD,

using remotesensing data from 1998 to 202Binally, Chapter 4employs modern and
innovative ML algorithms to predicChl-a concentrations using the highly resolved, good
quality HRTS. Thisstudyis the first to appWML algorithms to thédRTS.
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Abstract

A current critical issue in climate change studies is how temperature changes and shifts on
different spatial and temporal scales can affect organisms in terms of trends, variability and
frequency of extremes. In this paper, we analysed marine tempedatiareon different
temporal and spatial scales. We related the sea surface temperature data from the Helgoland
Roads Time Series, one of the most important and detailegddomgn situ marine ecological

time series, to the Sylt Roads, North Sea, Germanyope, North Atlantic and Northern
Hemisphere surface temperatures. All time series showed a distinct upwards shift in
temperature in the late 1980s, early 1990s, with positive trends in overall for the period between
1962 and 2019 ranging from 1 to 2 8@er 57 years. We quantified changes in temperature
variability by comparing the years before and after 1990, on bothtéwng and seasonal
scales. At Helgoland and Sylt, an increase in the number of warmer days in summer and a
decrease in extremely calidys in winter are the new characteristics of the temperature pattern
after 1990; higher than expected temperatures now also occur earlier during the year. For these
locations, we observed the highest trends overall, i.e. of around 0.3 °C/decade. Thedobser
bimodal shape of the probability density functions, characterized by winter and summer modes,

had become more heterogeneous, with the cold mode peak moving to higher values and the
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steepness to the peak increasing, which is a consequence of a decrease in extremely cold days.
North Atlantic Oscillation (NAO) and Multidecadal Oscillation (AMO) largEale phenomena

had no significant correlations or, for the NAO, were limited to tlteviseason at the regional

and local scales. The closest landmass (mainland Germany) temperature was highly correlated
with the North Sea sites. Taken together, our results suggest that marine pelagic ecosystems
and their species are subject to tempeeasihifts with similar patterns but with variations in
magnitude at the different scales. Temperature is one of the main drivers of species diversity
and distribution, and this manifests on different spatial and temporal scales depending on
population growh, life stages, cycles and habitat. Accordingly, we here present the temperature
changes on the appropriate spa@imporal scales, and thus provide the suitable and useful
fundament for studies on the effects of warming on marine ecosystem function and

biodiversity.
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2.1 INTRODUCTION

The future of human kind is closely linked to the sustainability of coastal and shelf seas
and their ecosystems. Global Ocean warming is fact and the effects of warming on marine
ecosystem services presents a threat todemng coastal sustainability apdpulation stability.

(IPCC, 2018; IPCC, 2019). Concomitantly, the vulnerability of human survival and livelihoods
on coastal and marine systems becomes ever clearer as clhatde problems such as sea
level rise, ocean acidification, loss of econaatlicimportant species, invasive species and the

Arace for spaceo for energy parks, mani fest

The trends from 1962 to 2019 in the whole Global Surface and Global Ocean
temperatures is, respectively, given as 0.97 and 0.71 °C/57 years (GISTEMP Team, 2022).
These values are based on the compilation of direct measurements at land and sea surface e.g.
from simple thermometers, Argo data, ship data and meteorological stations (Lenssen et al.,
2019). However, while largscale projections and especially mean trends values are helpful,
especially in the political sense, these alone are not particulafiy wehen considering direct
human and organism responses, food web change and ecosystem disruption issues. More
humans will live at, or close to, coasts and shelf seas and, as these populations are dependent
on marine ecosystem integrity and ecosystenices, detailed data and inforn@tion marine
warming, in apprpriate time and spatial scales, facilitating mitigation and protection strategies

on human and biological time scales are urgently required.

Marine ecosystems and organisms also react to shifts in environments on a variety of
time scales. The potential death, fitness, resilience and adaptation of species is dependent on
intensity, duration and frequencies of environmental shifts/ events. cRidatity and
understanding of temperaturelated organism health, fithess, and reactions such as heat
shock, depend on dense information of maximum temperatures, variability, frequency and

duration of periods characterized by specific temperatures (& Manly, 2004).

Detailed longterm data and accompanying statistical information are fundamental for
the development of highly flexible regional marine models (Andres@}., 2019; Baracchini
et al., 2020) needed for ecosystem predictability (e.g., for the estimation of warm water
entrainment, marine pathogen dispersal, fish deaths in anoxic zones or sea level rise) in a

warmer world. Regional management and reallstal decision taking require that these are
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operable on very small spatial scales, ranging from 0.5 km to 100 km, also requiring

verification and explanatory data on the appropriate scales.

Marine data from ship cruises exist since the 1800 s for some coastal and shelf seas,
and impressive largscale biological change data sets from the continuous plankton survey of
Sir Alister Hardy Foundation for erQQABRDS Sci e
CPR) are available. However, few continuous and dense time series (i.e., >20 years old) are
available for connection with ecological information and biology, even for simple abiotic
parameters such as temperature and salinity (Philippart 20@8; Wiltshire& Manly, 2004
Ostle et al., 2021 Indeed, dense continuous data from lggn ecological research (LTER)
sites are rarely available (Edwards et al., 2010). Without such data, exact changes in
environmental drivers are statisdilly difficult to define and the differentiation of change types
includingsec al | ed Aregime shiftso is often based

knowledge. Explanatory and predictive models are then difficult and less reliable.

The pressure is on to provide knowledge founded upon detailed real data on appropriate
spatial and time scales, in order to predict and understand organism and ecosystem reactions
and resilience. It is imperative to relate warming into evinced and gtaspHbcts and
consequences, on relevant biological scales. Otherwise, scenario discussions, predictions and

management strategies for shelf and coastal seas are difficult/impossible to carry out.

In this paper, we take the sea surface temperature (SST) in situ data from one of the
most important and detailed logrm marine ecological time series, the Helgoland Roads
Time Series (HR), and relate the data with its nearest neighbour SST timgtker#®4dt Roads
Time Series (SR). We incorporated to the in situ data spatially averaged SST anomalies time
series for the greater North Sea (NS), as well as: Northern Hemisphere (NH) Surface Air
Temperature anomalies (SAT), Europe SAT, Germany SAT, Natlntic (NA) SST
anomal i €9 UN40BOENt of | atitudes) and the Yellc
These are all spatially averaged and derived from HadCRUT4 and HadSST3 SAT and SST
anomalies products, available from the Hadley Meteorologicalr€¢éKennedy et al., 2011a,
2011b; Morice et al., 2012). The hierarchical and comparative statistical evaluation of all of
these time series relative to one another will allow us to relate marine ecosystem change to

temperature in terms of time and spadizales. The objectives are:
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1. to investigate the warming in the North Sea in terms of different geographical scales and

typical weather indices,

2. to document the different types of changes observed: trends, anomalies and variability
3. to differentiate seasonal shifts,

4. to evaluate anomalies and frequency distributions of temperature over time, and

5. to evaluate hot and cold spells and their variability.

2.2 MATERIALS AND METHODS

2.2.1 Data sets

The data sets were divided into itusand reanalysis productsigure 2.1 shows the
areas and sites of interest in this article. Not highlighted, but no less important, are the European
and German geographical areas, also analysed in terms of spatially averaged temperature

anomalies.
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North Atlantic (latitude belt 4060°), 3North Sea, 4rellow Sea. b) North Sea area and the

two in situ station$ Helgoland Roads (red square) and Sylt Roads (blue citéie}. United
Kingdom; NL- Netherlands; DE Germany and Dk Denmark. The colour background in a)
represents the HadSST3 averaged SST anomalies for the period 1962 to 2019. The temperature
anomalies for HadCRUT4 and HadSST3 data are relative to the pédi®d1 to 1990 and the

limits used for the seas were defined to be as close as possible to the ones defined by the Limits
of Oceans and Seas (IHO, 1953).

2.2.1.1 Helgoland Roads time series (HR)

The renowned Helgoland Roads time series was set up in 1961 with the aim to evaluate
change in the North Sea and its pelagic food webs over time. The evaluation scale available is
from days to decades. Since 1962, surface veatieples have been taken (before 9 a.m.) on
working days at the fAKabeltonneodo site (54A
Helgoland using a bucket. The data from these samples constitute one of the richest temporal
marine data sets availables.i a pelagic data comprising of salinity, Secchi disk depth, nutrient
analyses, phytoplankton and zooplankton analyses (Wiltshire 2004). The temperature at the sea

surface was measured to date using calibrated reversing thermometers (Thomas and Dorey,
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1967). The data is archived in PANGAEA (Data Publisher for Earth & Environmental

Science). See Wiltshire and Manly (2004) for details on the time series.

2.2.1.2 Sylt Roads time series (SR)

The Sylt Roads time series (55.03° N, 8.46° E) was set up in 1973 to augment Helgoland
Roads and German Bight transects with information from a shallow water location. Since 1973,
surface water samples have been collected twice a week (except in 1 andAP83 when
it was suspended), temperature was measured using reversing thermometers and water was
analysed for physicathemical and biological paramees. Data are archived in PANGAEA
(Rick et al., 2017a; Rick et al., 201 Rick et al.,2020a;Rick et al.,2020b;Rick et al.,2020c;

Rick et al.,2020d;Rick et al., 2Q@08. In order to extend the SR Sea Surface Temperature
(SST) time series to cover the same period as the HR series and to fill gaps, the SR data were
merged with an additional (until now unpublished) SST data set from a neighbouring station
located in List larbour (55.017° N, 8.44° EYhis data was provided by Landesbetrieb fir
Klstenschutz, Nationalpark und Meeresschutz Schileswigtein (LKN.SH, Husum,
Germany).The two stations are situated 1.93 km apart in theSgthg Bight.

The List harbour data set comprises daily water temperature taken from 1946 to 2003.
For the period of overlap (1973003) between the two series, the data were compared
statistically on a monthly basis applying a dousitked ttest. The overlapping dashowed no
significant differences (p values range 0.233) and their patterns were weihtched. The
harbour data, due to its sheltered position, was insignificantly warmer by an average of + 0.11
°C compared to the SR site. Details on the nebmgtasts are provided in Supplementary
Material Table2.12). Using this approach, we managed to assign monthly mean SST data to
all but three months (March 1999; April 1999; October 2000). These missing values were filled
in with HadISST SST (Rayner et al., 2003)nthly average values from the closest grid point
to the Sylt Roads position (https://www.metoffice.gov.uk/hadobs/hadisst/data/download.html,
downloaded on 20 Jul 2020). The resulting time series is depictadure2.2, highlighting

the differentdata sources.
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Figure2.2: Sylt Roads SST Time Seriésmerged from three data sources (solid black line).

SR (blue circle), Sylt harbour (orange triangle) and HadISST (black star).

2.2.1.3 HadCRUT4 and HadSST3 datasets

Land and Sea Surface Temperature anomalies (ST) and Sea Surface Temperature
anomalies (SST) were obtained from two products: HadCRUT4 (Morice et al., 2012) and
HadSST3 (Kennedy et al., 2011a, 2011b) respectively, provided by Met Office Hadley Centre
(https://www.metoffice.gov.uk/hadobs/, downloaded on 03/12/2020). Using these two
products we ensured consistency with atmospheric and sea surface temperature anomalies.
Surface temperature anomalies were spatially averaged for 4 regions: Northern Hemisphere

(NH ST), North Atlantic (limited by latitudes 40° and 60°N) (NA SST), North Sea (N§ SS
and Yellow Sea (YS SSTFigure2.1).
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2.2.1.4 European land surface air temperature anomalies

We considered the European land mass temperature connection and scale by using the
annual mean European Land Surface Air Temperature Anomalies, provided by the European
Environment Agency and downloaded from the website https://www.eea.europa-amdata
maps/figures/globakeft-andeuropeadand. As described in the source website, this is a
product compiled as the mean of the HadCRUT4, GISTemp v4, and NOAA Tempv5 data sets.
The anomalies for this dataset are relative to thenghestrial period 18501900.

2.2.1.5 German surface air temperature anomalies

The nearest landmass temperature data for both Helgoland and Sylt Roads are the
annual mean German Surface Air Temperatures, acquired by meteorological stations around
Germany. These were taken from the website of the German Weather Service (DWD,
https://www.dwd.de/EN/ourservices/zeitreihen/zeitreihen.html#buehneTop). The anomalies

for this dataset are relative to the 196291 period.

2.2.1.6 North Atlantic Oscillation index (NAO)

The North Atlantic Oscillation Index (NAO) is regularly used to explain variability in
temperature and LoAgerm Ecological Research (LTER) time series (Becker, 1996; Hurrell
et al., 2001; Poz¥azquez et al., 2001). According to the National Center tonoSpheric
Research (NCAR), the principal component (@yed NAO is the time series of the leading
Empirical Orthogonal Function (EOF) of Sea Level Pressure anomalies over the Atlantic
sector, 20°80°N, 90°W40°E, limited by the Icelandic Low and Azoidggh (NAO, 2022). In
this work, we use the RGased NAO monthly time series to match with the monthly SST time

series in frequency.
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2.2.1.7 Atlantic Multidecadal Oscillation (AMO)

The Atlantic Multidecadal Oscillation is defined as the spatial average SST anomalies
in the North Atlantic over B60°N (Trenbertt& Shea, 2006). The AMO time series is provided
by the NCAR Climate Data Guide and it was extracted from
https://climatedataguide.ucar.edu/climdega/atlantiemulti-decadaloscillationramo (AMO,
2021).

2.2.2 Statistical methods

We focused on statistical evaluations of the coastal and pelagietdongdata,
considering the period of study from 1962 to 2019, covering a time horizon of 58 years and
696 monthly observations. Statistical analysis was applied to the collection rbf ged
monthly surface temperature anomalies time series. Due to the averaging, no missing
observations were detected. The methods used were: trend analysis using linear regression;
Pearson crossorrelations (significance p > 0.05) of detrended timeesenariability and
seasonality estimated by calculating standard deviation and individual months average;
Probability Density Function estimated by Kernel Density Estimate and histograms to observe
distribution patterns and changes. All the statisticallym®s were per formed using the
MATLAB ® and Microsoft Excel software.

All data were used as anomaly time series, and for the two in situ stations (HR and SR),
absolute SST was also analysed. For the in situ SST data, the anomalies were calculated
removing the seasonal signal calculated as average of individual months 8@no1B991.

For yearly time series, the mean temperature from 1962 to 1991 wasaciglol from the
absolute temperature time series. Temperature anomalies were used instead of absolute
temperatures because one assumes toofigetr that the seasonal ogds a more or less
deterministic consequence of the varying zenith angle of the sun, and all differences from the

seasonal cycle (i.e. the anomalies) tell us something abouttiér@al dynamics of the system.

Trends were quantified by fitting linear models through linear regression. We carried
out crosscorrelation analyses to investigate the statistical Hr@ationships between the
temperature data from different geographical regions. We computed thecaradation of

the detrended time series, as the trends occurring in both time series always contributes to the
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crosscorrelation of two anomaly time series. Seasonal variability was calculated by the

standard deviation of specific month temperatures, from January to December.

2.3 RESULTS

The presentation of the results (and also the discussion) is structured as follows:

1 Trend and crossorrelation between local LoAberm Observations (LTO) and large
scale timeseries in: Northern Hemisphere Surface Temperature (NH ST), Europe SAT
(EU SAT), Germany SAT (DE SAT), North Atlantic SST (4088°N belt) (NA SST)
and the North SeSST (NS SST). Here the AMO is also considered.

Long-term changes in seasonality with focus on LTOs.
Comparison of seasonal variability between early (12890) and late (1992019)
years of the time series.

1 Means and trends for the abewventioned periods by seasons, comparing the degree

of changes in temperature anomalies related to early and late years.

2.3.1 Overall trends and Cros3orrelation

The data from the two loAggrm in situ stations at Helgoland Roads and Sylt Roads
lend themselves to simple linear calculations of trends based on yearly avegageZ.3).
The increase in sea surface temperature is clear for both stations. Although the sites are
hydrographically completely different, with Helgoland being offshore in the open wdter of
German Bight and Sylt being a shallow water coastal station in the Wadden Sea, the magnitude

of trends are almost the same for both sites.
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Figure 2.3: Yearly averages of temperature time series (solid red) and their linear trends
(dashed black), a) Helgoland Roads and b) Sylt Roads.

Because the HR and SR data are used widely for climate and ecological assessments, it
wasnecessary to evaluate these two local sites into the context of larger geographical regions
and especially in the context of the warming of the North Sea and the temperatures of the North
Atlantic. To achieve this, we used the temperature anomalies dat@ready described and
the comparative results are showrrigure2.4 andTable2.1. All the trends were significantly
positiveand the slopes were larger with decreasing geographical scale (i.e. spatial average) for
both surface air temperatures and sea surface temperatures

1 Trend of NH SAT < EU SAT < DE SAT (for the surface/surface air temperature);
1 Trend of NA SST < NS SST < HR/SR SST (for the sea surface temperature).
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Figure2.4: Anomaly time series (solid blue and solid red) and their linear trends (dashed black).
From the top: Northern Hemisphere ST (land + sea surface temperature), Europe SAT,
Germany SAT, North Atlantic SST (4026D°N belt), North Sea SST, Helgoland Roads SST

and Sylt Roads SST anomalies. Blue lines, except a), are based on surface air data and red lines

are based on sea surface data.
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Table 2.1: Trends in °C/period for the various time series with the associgt¢BeRrson)

coefficient.

Temperature Anomalies| Trend per 57 years| Trend per | R?
Time series decade

NH SAT 1.12 0.20 0.82
EU SAT 1.91 0.33 0.80
DE SAT 2.07 0.36 0.49
NA SST 1.12 0.20 0.67
NS SST 1.26 0.22 0.54
HR SST 1.86 0.33 0.47
SR SST 1.76 0.31 0.43

A crosscorrelation analysis was carrenut to investigate the statistical inter
relationships between the temperature data from different geographical regions. For this, the
crosscorrelation of the detrended time series was computed, as thecorosisition of two
anomaly time series alwayms a contribution from the trend occurring in both time series.
From Table 2.2, it is clear that thestrongest croseorrelations occurred between
Germany/Europe and Europe/NH, as was to be expected. The SST of the North Sea was
strongly correlated with the European and the German SAT and, to a lesser extent, with the
North Atlantic SSTand the Northern Hemisphere ST.

Helgoland Roads and Sylt Roads were strongly correlated with the German SAT and
to a smaller extent with the European SAT. The stations were highly correlated with each other
and also with the SST of the North Sea. This answers the question as to Wwhttlstties can
be considered representative with regard to temperature of the overall North Sea.
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Table 2.2: Crosscorrelations calculated from the detrended anomaly time series. All cross

correlation values are significant above 95% confidence level. AMO is added for comparative

purposes.
NH EU SAT | D SAT | NA40-60 | NS HR SR
SAT
NH SAT 1 0.43 0.10 0.55 0.30 0.26 0.09
EU SAT 0.43 1 0.77 0.30 0.73 0.75 0.71
DE SAT 0.10 0.77 1 0.06 0.67 0.83 0.87
NA 40-60 | 0.55 0.30 0.06 1 0.36 0.24 0.06
NS SST 0.30 0.73 0.67 0.36 1 0.86 0.72
HR SST 0.26 0.75 0.83 0.24 0.86 1 0.87
SR SST 0.09 0.71 0.87 0.06 0.72 0.87 1
AMO 0.48 0.14 -0.11 0.80 0.18 0.06 -0.11

Previous studies considered AMO to be related to e.g. rainfall patterns and fish stocks (Alheit
et al., 2014; FrajkdVilliams et al., 2017). We also considered the AMO data, and its
relationships are presented in the bottom line of the correlation matrikable 2.2.
Correlations of temperature anomalies with AMO were small, except, unsurprisingly, when
related with the NH ST and with the NA SST. The AMO and NA SST data sets overlap, partly
consisting of the same data. The correlation between HR SST anomalies ahMiQhsas

smaller than between HR SST anomalies and NA SST. This is because the tropical latitudes
below 40° N are not included in the latter. Thus, henceforth we concentrated on the NA SST
rather than the AMO in all future comparisons with the Northeranditt. All crosscorrelation

values inTable2.2 are significant as they are above the 95% confidence levels of uncorrelated

white noise.
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2.3.2 Seasonal patterns

The temperate climate zone is characterised by clear seasonality, which defines growth
periods both in terrestrial and marine systems. Having established thecametative
relationships between the data from small to lacpde areas, the next stepswa calculate
and understand the seasonal cycle and the anomalies. We concentrated on different time scales,
starting with seasonality of the in situ LTOs. Thus, we next focused on to understanding
variability of the two stations over the past 58 yearsly@he results based on the in situ
temperature measurements are presefiteel.sea surface temperature for the data sets were
evaluated and show large and variable seasonal evolution (See exarmigjera2.5). The
variability of the winter minimum displays a much stronger variability than the summer

maximum.
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Figure 2.5: Evolution of the seaurface temperature including seasonality as an example:
Helgoland Roads.

When the densities/frequencies of the temperature anomalies for all data sets are
resolved, two peaks manifest with bunches (=longer duration of SSTs) of cold temperatures
around the winter minimum and warm temperatures around the summer maxiguine (

2.6). These peaks represent the time just before and after the winter minimum and the summer
maximum. The density curves suggest that the cold peak around the winter is slightly larger
compared with that of the summer for both HR and SR. This reflectsghéyslonger winter

season compared to summer at these latitudes. The corresponding seasonal cycles of HR and
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SR are shown ifrigure2.7. A smaller curvature of the winter minimum values compared to
the summer maximum values is apparent. The winter season is clearly longer by approx. half
a month. The winter minimum temperatures at Sylt are colder and the summer temperatures
are warmer copared with Helgoland. This, also the difference in timing of the start of spring/
summer between the two sites, reflects the shallow water coastal site at Sylt, vs. the offshore

water site at Helgoland.
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Figure 2.6: Probability density function curves of sea surface temperatures at a) Helgoland
Roads and b) Sylt Roads calculated using Kernel Density Estimates. For a) and {axithe x

was limited to 2 °C because lower temperatures are an artefact of the PDF.
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Figure2.7: Seasonal cycles for the SST at HR (blue) and SR (orange) for the entire time series.
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Examination of the NA, NS, HR and SR SST anomalies, and as exemplified by HR and
SR inFigure2.8, indicated positive temperature trends for both summer and winter. The trends
for winter and summer were calculated and are presenfgble2.3 with their associated R
(Pearson) coefficient. The analyses revealed that whereas the summer trends are similar in all
regions, the winter trends are much larger for the two stations Helgoland Roads and Sylt Roads
(reduced cold continental influence in wintefable2.3). A trend of 0.3 °C/decade for both
seasons was registered for HR (FigRi@a). At the shallow water site SR (Fig@8b), the

summer warming trend was slightly less than for winter.
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Figure2.8: Temporal evolution and trend of the SST anomalies at a) Helgoland Roads and b)
Sylt Roads in summer mean (JeAvegust) (solid orange line) and summer linear trend (dashed
orange line), winter meafDecembeifFebruary) (solid blue line) and winter linear trend
(dashed blue line).

Table2.3: SST anomalies trends in °C/decade in summer and winter. The value in brackets is

the associated’RPearson) coefficient.

Region North Atlantic | North Sea Helgoland Sylt Roads
Roads

Summer 0.26 (0.66) 0.25 (0.40) 0.30 (0.44) 0.23 (0.22)

Winter 0.13 (0.44) 0.17 (0.27) 0.32 (0.26) 0.38 (0.18)
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2.3.3 Temperature variability in first and second half of Thee-Series

Having evaluated the seasonality, we next turn again to the analyses of the temperature
variability, described by the temperature anomalies time. Again, although we calculated these
for all data sets in Section 4.3.1, only the reduitsh NS, HR, SR and YS are depicted here as
12-month running meansFigure 2.9). We kept the jyaxis in the same scale for better

comparison.

The SST anomalies were mostly negative with a small trend until the late 1980s for NA
(not shown), NS, HR, and SR, and mostly positive with a larger positive trend thereafter. Figure
2.9a,b,c clearly shows this for NS, HR and SR and this is also aligned with similar evolution

found in the European and German surface air temperature anorfajiee2.4).

In order to check whether this was a phenomenon only related to the Northern Atlantic,
we searched for other shelf seas comparable with our focus region. The only comparable one,
considering latitude limits and bathymetry, was the Yellow Sea (YS) tiness@é/e found the
same pattern, which is depictedHigure2.9d below. The overall temperature trend for the YS
was calculated 0.16 °C/decade and 0.9 °C/57 years for the whole peria®0982with a
warming rate of 0.12 vs. 0.13 °C/decade in winter vs. summer months, respectively.
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Figure 2.9: Twelvemonth running mean SST anomalies (black curve). Blue, negative
anomalies and red, positive anomalies, respectively. a) NS, b) HR, ¢) SR and d) ¥®alt is

the dominant positive pattern after the end of 1980s.
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The interesting difference between first and second half indicated that an evaluation of
the time series in terms of early and recent (late) years separately was necessary. Thus, to avoid
bias due to visual interpretation, we simply divided the datasserie two halves, from 1962
to 1990 and from 1991 to 2019. We then applied analytical statistics for comparison of early
and late years. The anomalies showed distinct differences between these two periods, which

were then, examined in detail.

2.3.4 Long-Term changes in SST distributions

Starting with an analysis of the frequency of temperature distribution in the first and
second part of the time series, an increase in the occurrence of warmer temperatures during
winter was seen in all data setsFigure2.10, we show the temperature distribution by period
at HR and SR, showing the dislocation of the two lobes peaks (cold and warm modes)
representing winter and summer, towards higher temperatures. For both HR and SR, the first
half of the time series shows miggperfectly symmetric distribution$-{gure2.10a andFigure
2.10b, respectively), with peaks around the mean minimum and maximum. In the second half
of the time series, the two modes are still visible, but the cold mode is slightly larger than the
warm mode. This must be due to the change in the seasonal cycle: thenmsaum in the
second half is a little higher and the curvature is steeper, and the mean maximum is a little
lower and the curvature is flatter. Because of this change, more values occur around the cold

mode and less values around the warm mode, spretadhigherthanaverage values.
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Figure 2.10: Distribution of the sea surface temperature at a) Helgoland Roads &yt b)
Roads, in terms of probability density function, for the first (blue) and second (orange half of
the time series. The curves show the bimodality originated from seasonality and the shift when
comparing early and late years. For a) and b), thexis was limited to 2 °C because lower

temperatures are an artefact of the PDF.

The HR and SR temperature histograms are showigimre2.11 and it is possible to
observe that temperature distributions have shifted in the later years foktidtigoland the
distinctive biseasonal bimodal shape is still clear, but the peak intervals in winter and summer
increased by 1 °C, showing an increase in maximum temperature values. In the shallow inshore
waters around Sylt, the seasonal signal hawrbecmore homogeneous, as intermediate
temperature intervals became enhanced. The low temperature range peak increased also by 1
°C, with a decrease in the counts for the lowest temperature range. These observations underpin
the results on the observed letggm shifts in seasonality as presented in Section 3.2.
Consideration of the SST anomalies in the North Atlantic, North Sea, HR and SR showed that
the temperature density distribution clearly shifted to higher temperatures in the later years in

these aread-(gure2.12).
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CHAPTER 2:Amorim & Wiltshire et al. (2023)
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Figure2.11: Frequency of occurrence of temperatures at HR and SR. a) HR SST histogram for
the period 19621990 and b) HR SST 1992019. c) SR SST histogram for the period 1962
1990 and b) SR 1992019.The bins are defined asQ intervals, except for the edges. Note

the difference in temperature intervals for HR and SR.
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Figure2.12: Probability Density Function (PDF) of sea surface temperature anomalies in the
first (blue) and second (orange) half of the teeees for the a) NA, b) NS, ¢) HR and d) SR.
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2.3.5 Seasonal means and trends

It seems that the most pronounced difference between the first and the second half of
the time series occurs around the winter minimum and the summer maxkrgure@.10).
Thus, we examined the seasonal means and trends of the two sections of time series and the
analyses showed that actually all seasons are affected. This can beFsgerelh13to Figure
2.16 and in all the trend values Table2.4 (HR) andTable2.6 (SR).
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Figure2.13: Trends of the summer (dashed orange line) and winter sg@sshed blue line)

mean temperatures at HR for the first half (I9600) of the time series.
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Figure2.14: Trend of the summer (dashed orange line) and winter seasons (dashed blue line)

mean temperatures at HR during the second half {Z¥8D) of the time series.
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Figure2.15: Trends of the summer (dashed orange line) and winter seasons (dashed blue line)
mean temperatures at SR for the first half (196®0) of the time series.
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Figure2.16: Trend of the summer (dashed orange line) and winter seasons (dashed blue line)
mean temperatures at SR during the second half (2899) of the time series.

In bothHelgoland and Sylt Roads, the summer loeign trends increased after 1990
(Figure2.13to Figure2.16), and the intercepts increased by roughly 1 °C in both winter and
summer in the late years, indicating the increase in SST means for these localiabke 2
andTable2.5, the changes in the SST trends and means at Helgoland Roads and the difference
between the first and the second half of the time series are summarized for all SEasons.

associated RPearson) coefficient, is also providedTible2.6 andTable2.7, we summarize
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the same results for the Sylt Roads. It is clear fii@hle 2.5 and Table 2.7 that the mean
seasonal SST were significantly higher in late years compared to the early years, especially in
spring and summer (>1 °C) at HR and SR. However, when it comes to the fabt2(4
andTable2.6), these were steeper especially in autumn, compared to the summer period in the
late years.

Table2.4: Annual and seasonal trends of SST in °C/period at Helgoland Roads for the entire
period, the first and the second half of the time series for the different seasoralulein
brackets are the associatet{Rearson) coefficient, which indicates how much of the variance

is explained by the trend.

Season Annual
Spring Summer | Autumn Winter mean
Perio
0.405 0.307 0.265 0.335 0.335
19622019
(0.28) (0.45) (0.37) (0.29) (0.48)
0.372 -0.068 -0.006 0.423 0.243
19621990 (0.10)
(0.08) (0.01) (0.0001) [(0.12) '
0.293 0.291 0.541 0.407 0.361
1991-2019 (0.24)
(0.05) (0.16) (0.35) (0.15) '
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Table2.5: Mean annual and seasonal SST in °C at Helgoland Roads for the complete period
(A 19622019), the first half (B 1962019) and the second half (C 192019) of the time
series. The difference of the late data from the early daBj (€presented, asig significantly
positive for all seasons and the whole period.

Season Annual mean
Spring |Summer |Autumn |Winter
Period
A 19622019|6.35 15.32 13.63 5.31 10.29
B 19621990|5.73 14.82 13.25 4 .86 9.79
C 1991-2019(6.97 15.83 14.02 5.76 10.79
Difference:
cB 1.24 1.01 0.77 0.90 1.00

Table2.6: Annual and seasonal trends of SST in °C/period at Sylt Roads for the entire period,
the first and thesecond half of the time series in the different seasons. The value in brackets is
the associated®RPearson) coefficient, which indicates how much of the variance is explained
by the trend.

Season
Spring |Summer |Autumn |[Winter |Annual mean
Period
0.406 |0.228 0.202 0.393 0.307
19622019
(0.32) |(0.22) (0.16)  |(0.19) |(0.44)
0683 |0.098 -0.083 0.795 0.365
19621990
(0.28) |(0.01) (0.02)  |(0.19) |(0.23)
0.611 0.250 0.369
19912019 0.357 |0.240
(0.08) |(0.07) (0.27)  [(0.03) [(0.21)
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Table2.7: Mean annual and seasonal SST in °C at Sylt Roads complete period (20192
the first half (B 1962019) and the second half (C 198019) of the time series. The
difference of the late data from the early dateB(ds presented, as it is signifid@npositive
for all seasons and the whole period.

Season
Spring | Summer | Autumn | Winter Annual mean
Period
A 19622019 |7.56 |17.27 11.20 2.49 9.64
B 19621990 |7.03 |16.92 10.93 1.98 9.22
C 19912019 |8.10 |[17.63 11.46 2.99 10.05
Difference:
1.07 |0.71 0.53 1.01 0.83
C-B

2.3.6 Seasonal variability

In order toassess potential shifts in seasonal variability of temperature at the HR and
SR sites, we evaluated the seasonal variability of the standard deviation, i.e. we calculate the
standard deviation of all Januaries, Februaries, etc. for the total time seties early and

late halvesKigure2.17).
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Figure2.17: The seasonal variation of the standard deviation of the SSTs at a) Helgoland Roads
and b) Sylt Roads for the entire time series (grey) and for the first (blue) and second half

(orange).

The variability during the winter and spring months was found to be significantly larger
than during summer and autumn at both HR and SR. This is especially true for the early half
of the time series. In the second half of the time series, the large vantarility has become
smaller and the autumn variability has become larfjee. same pattern (depicted Figure
2.25 of the 4.4 Discussion) was found for the North Sea data. However, the data sets for the
North Atlantic showed a clear increase in temperature variability for all months since 1991.
The Northern Hemisphere and global data sets also show increases iilityainathe later

years for all months, but with a significantly smaller amplitude.

From Figure 2.17, it is clear that theseasonal variability of temperature is different
between the first and the second half of the time series. In order to assess how it changes with
time, we computed the standard deviation of all months within each year. With this calculation
of the seasoa&ariance, we obtained a measure of the strength of the seasonal amplitude. The
results for HR and SR are showrHigure2.18, and indicate a negative trend in the amplitude

of the seasonal cycle.

This means that the seasonal cycle became smaller in magnitude over time, also shown

in Table2.4to Table2.7. For Helgoland, the difference of the mean between the warm seasons
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(summer, autumn) and the cold seasons (winter, spring) is 8.74 °C in the first half of the time
series and 8.56 °C in the second half, i.e. a reduction of the seasonal cycle byTaBléC (

2.5), consistent with the trend indicatedRigure2.18a. At SR, the reduction of the seasonal
cycle between the first half and the second half of the time series is larger at Dab&2.(7).

Overall, it is clear that the seasonal variability and, concomitantly, the seasonal amplitude has
shifted considerably, becoming less in winter and more in autumn; manifesting especially as a
reduction of the definite seasonality, both at the open waigeat Helgoland and in the shallow
Wadden Sea site of Sylt.
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Figure2.18: The seasonal standard deviation (solid blue line) with tféashed red ling) a
measure of the seasonal amplitiidet a) Helgoland Roads and b) Sylt Roads, calculated per

year using monthly SST in situ datasets.

2.3.7 Assessment of temperature extremes

The determination of the shifts as the occurrence of low and high temperatures is very
important for the assessment of ecological conditions. Thus, the data evaluation relative to
maximum and minimum temperatures are presented here. The evaluatiomafrtber of
Acol do mont hs and Awar mo mont hs-oldsah®mwesdarge n mi n
change between the early and late years. Helgoland Roads, an exposed open water site, showed
minimum cold thresholds of mean monthly temperatures < 2 °C an@iC< Bhe maximum

warm thresholds at HR were mean monthly temperatures > 17 °C and >Ti&°Qumber of
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months with mean values above/below these thresholds is shéugune2.19. It can clearly

be seen that there has been a significant shift towards very many warm months with values
over 17 °C and 18 °C at Helgoland Roads since 1991. The very cold months (mean values
below < 2 °C and < 3 °C) have become significantly less comifioa.percentages of the

mean number of cold and warm months relative to the total number of months of the different
time periods are given ihable2.8. The percentage of months with mean temperatures below

3 °C has gone down from 6.6 % to 1.4% of the total months in the early/ late years, respectively.
At the same time, the percentage of months with mean temperatures above 17 °C has gone up
from 2.3 % b 12.4 % of the total months in the early/ late years, respectively. Sylt Roads, the
shallow water Wadden Sea site, showed minimum cold thresholds of mean monthly
temperatures <1 °C, <2 °C and < 3 °C. The SR maximum warm thresholds were mean monthly
temer atures > 17 UC and > 18 UC. The number o
thresholds is presentedhigure2.20for SR.It is obvious that there has been a significant shift
towards more warm months at Sylt since 1991 and the very cold months (mean values below
< 2 °C and < 3 °C) have become significantly less (for percentages of toféhlde2.9). For
example, the percentage of months with mean temperatures below 2 °C has gone from 16.6%
to 7.8% of the total months in the early/ late years, respectively. At the same time, the
percentage of months with mean temperatures above 17 °C has gone up by over 6% of the total
months in the early/ late years at Sylt Roads. It is interesting to notedkatdata clearly show

that the sites at Helgoland and Sylt, because of their different hydrographic situation (i.e. open
North Sea vs. shallow Wadden Sea), have different temperature extremes. Sylt water heats up
faster and cools down more. On the lang, it may be expected that this difference will

become even more pronounced.
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CHAPTER 2:Amorim & Wiltshire et al. (2023)
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Table 2.8: Percentages of the mean number of cold and warm months relative to the total

number of months of the late and early time periods at Helgoland Roads (HR).

HR % 19622019|19621990| 19912019
months <2°C |2.0 3.4 0.6
months <3°C [4.0 6.6 1.4
months >17°C|7.3 2.3 12.4
months >18°C|1.9 0.3 3.4

Table 2.9: Percentages of the mean number of cold and warm months relative to the total

number of months of the late aedrly time periods at Sylt Roads (SR).

SR % 19622019(19621990| 19912019
months <1°C |6.3 8.6 4.0
months <2°C |11.9 16.1 7.8
months <3°C |17.4 19.8 14.9
months >17°C|15.4 12.6 18.1
months>18°C |8.5 5.2 11.8

2.3.8 Relationship of the North Atlant©scillation (NAO) and temperature

Evaluation of how the NAO relates to temperature data in the Northern Hemisphere is
of importance and is often used in the ecological literature. The NAO only relates well to the
winter temperatureDecembet-ebruary) because the difference between the two pressure
systems that characterizes the NAO index are more pronounced during winter months (Rodwell
et al., 1999). From previous analyses of North Sea data (Wiltshire et al;, 20ttBann&
Wiltshire, 2013, it was clear that NAO index was also only useful for explaining variability in
the North Sea winter temperatures. After checking that indeed the temperature of the summer

months at HR and SR barely correlated with the NAO, we concentrated amtier months.
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The analysis of the Hurrell winter NAO index (December to February means) from the first

principle component (PC) as per web download, is depictEdyure2.21.

3 T T T T
y = 0.018x + (-0.5026) ——NAO winter
21 - = Linear
1 -
x
[0}
20
2t
=z
2k
3+
-4 1 1 I I 1
1960 1970 1980 1990 2000 2010 2020

Year

Figure2.21: First PC Winter mean NAO evolution over time (solid blue line) with linear trend

(dashed red line).

In the PC NAO, there is a positive trend toward positive NAO (more frequent westerly
winds and warmer temperatures in winter in Europe) (Trigo et al., 2882)n be seen from
the histograms ifrigure2.22, in the first half of the time series there are 7 years with strongly
negative values (&), and in the second half there are only 3 years with strongly negative
values (equivalent to a smaller number of cold wintefi$)e correlation analyses of
temperature with the NAO was highly significant for all the data sets except the North Atlantic

data set. This was the case for all years and both early and lateTyade2(10).
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CHAPTER 2:Amorim & Wiltshire et al. (2023)
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Figure 2.22: Frequency of occurrence of winter mean (beb) NAO index values for the
whole period(1962 2019, top), early (1962990, middle) and late (1982019, bottom)

years.
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Table 2.10: Significance of detrended SST anomalies and NAO correlation (Pearson) for
different regions and th&tations HR and SR showing all (198Q19), early (1962990) and

late (19912019) years. Winter mean considers December, January and February months. NA
- North Atlantic (40260° belt); NS- North Sea; HR Helgoland Roads and SFSylt Roads.

Period [ 19622019 19621 1990 19911 2019

NA |NS |HR |SR |NA |NS |HR |SR [NA |[NS [HR [SR

Winter

mean |-0.10/0.41 |0.54 |0.73 [-0.13|0.49 [0.57 |0.78 |0.05 |0.43 |0.54 [0.69

Signifi-

* * *%%x *
cance *k* *k% K%k *kk *kk *% *% * *kk

p_
values |0.478/0.001| 0.000/0.000(0.512/0.008| 0.001| 0.000j 0.788| 0.020( 0.002| 0.000

2.3.9 Summary of results

Table2.11: Overall summary of Results.

Trends: Summary
All areas Trends were significantly positive for all surface temperal
HR & SR anomalies data sets examined.

Correlation all areas | Of all, HR and SR showed highest warming trend of 0.3°C/deca
Correlations HR & All data sets were significantly correlated with each other.

SR HR and SR are most correlated with EU and GE temper
AMO anomalies time series.

HR & SR (early v§ AMO was found to be unsuited for comparisons and was replac
late years) NA SST.

Trends have increased significantly in late years.
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Table2.11: Overall summary of Results, Continued.

Seasonal Analyses:
HR & SR
Frequency
distributions

Comparison all areas

Winter vs Summer
HR

SR

Variability

HR & SR (early vs

late years)

Summary

Strong seasonal cycle, increased mean in late y@sasmer
temperatures earlier in time).

Bimodal frequency distribution of temperature (cold and w
modes) becoming more heterogeneous, with the cold mode
moving to higher values and becoming steeper.

Summer trends are similar, winter trends much larger for HR &
(lower thermal inertia compared to deeper and larger areas).
Winter peaks larger than summer for both HR & SR = slightly lot
winter season.

HR seasonal cycle reflects open water situation with modu
winter and summer temperatures.

SR seasonal cycle reflects shallow water situation, higher var
between winter and summer.

Variability of winter minima displays greater variability than {
summer maxima.

Late years: winter variability became smaller and autumn varia
became larger. For both sites, the seasonal standard deviation

seasonal amplitude) decreased with time.

Anomalies:

All areas

Comparison Yellow
Sea (YS)

NAO all areas excef
NA

Summary

SST anomalies had a strong positive trend after the 1980s.
separation of early and late years. Late years warmer.

Clear separation of early and late years. Late years warmer.
Winter NAO highly correlated with winter anomalies.

Temperature
Extremes:

HR & SR warmes]
months

HR & SR coldesi

months

Summary
Highly significant shift towards more warm months with mean va|
over 17°C.

Very cold months (means <2°C and <3°C) decreased frequency
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2.4 DISCUSSION

In this study, we have critically considered letegm temperature data sets on
increasing spatial scales: from local, regional, continental, oceanic to hemispheric, in order to
investigate the different trends, frequencies, variability and correlatioes wioving from
small to large temporal and spatial scales. We report on analyses carried out relating the sea
surface temperature (SST) data from the Helgoland Roads Time Series, one of the most
important and detailed loAgrm in situ marine ecologicahtie series, to the Sylt Roads, North
Sea, Germany, Europe, North Atlantic and Northern Hemisphere surface temperatures. The
following discussion of these findings is directed to the needs of biologists usintetomg
data of marine temperature in conjunatiwith considerations on effects of temperature shifts,
events, and variabilities on ecosystems, biodiversity, species adaptation, etc., over many

different temporal and spatial scales.

In studies on the effects of changing temperature in temperate marine environments,
such as the North Sea, one must consider shifts in ajtéongtrends over decades, abrupt
regime shiftlike and relationships with greater global ocean drivers (e.g.ODAMAO; b)
seasonality; c) shifts in max/min temperatures and frequencies, and d) changes in variability of
temperature, which need to be primarily considered in terms of changed biology and
ecosystems. Above, we analysed the overall temperature tremdsalaes, seasonal shifts,
variabilities and frequency distributions, frequency of occurrence of extremely hot and cold
temperatures and the relationship of the temperature measurements with the climate index

NAO. For completeness, we also considered théDANtex in the context of the time series.

The impacts of warmer ocean waters on marine organisms are one of the biggest
scientific topics of our time and have been subject of many studies over the past two decades
(Wiltshire & Manly, 2004 Lima & Wethey, 2012Gittings et al., 2018Jorda et al., 215,

Fellous et al., 2022). The need for scenario development and management strategies is pivotal
to Earth System sustainability. For this, dense {tmmgn data and an excellent understanding

of this data are required; otherwise, modelling of systedse@narios is impeded. However,

most studies on how global warming manifests with regard to marine organisms are laboratory
or, more rarely, in situ habitat observations during/after weather extremes. When it comes to
direct in situ causal linkage of teemature shifts in the ocean and lelegm shifts in
ecosystems, this has proven difficult simply because the relevartdongneasurements are

not available on the appropriate temporal and spatial scales, and those available are not
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temporally and spatially dense enough. Datasets based on LTER at one site can be considered
underrepresentative of a region and the only data sets, which are spatially available, are often
interpolative in terms of both space and time. Remote sensingvdttiaaround 40 years of
surface temperature measurements, is an efficient option to represent temporal and spatial
changes, but it is still constrained by biases in sensors and retrieval algorithms, in addition to
the lack of agreement between the praglud different satellite missions (Yang et al., 2013).
Reanalysis products give robust information combining different observations from multiple
sources, including remote sensing, and they are spatially complete, physically consistent and
bias adjustedee et al., 2014).

In this study, we place our findings, which are summaris@alinle2.11, in the marine
ecological context and deliberate these in terms of time and space, g@agaefundamental
role when linking drivers to ecosystem function, species distributions and biodiversity
(Margalef, 1958). When considering habitat and population resilience in the context of drivers
of change, such as temperature and particularly vdlased on observations, understanding
scale in terms of time and space is paramount. Without this, the evaluation of temperature to
ecosystem relationships, predictability and for example models of climate with biological
relationships are tenuous (Mackask, 1985; Addicott et al., 1987; Levin, 1992; Peter&on
Parker, 1998; Steele, 2004). With changes in scale, statistical relgt®aski correlations can
changeVariability, at lower scales, can show a lot of noise and at high spatial scales a lack of

detail.

Observations, which are made too far apart (in space or time), can result in one missing
essential ecosystem detail such as life cycle information or diel vertical migration patterns.
Observations, which are too close together (in space or time) migélymeflect a moment
of variability rather than being related to the big picture. Moreover, environmental and
ecosystem variables and especially different species with differing adaptations, drivers and
niches may not be intercomparable in terms of time gpatial scales. Mackas et al. (1985)
showed that in a ondimensional transect of the North Sea temperature, chlorophyll and
zooplankton had very different variabilities and thus, obviously were controlled by different
drivers. The complexity of interi@ing different species, which have widely different spatial
ranges and different patchiness, is well illustrated by Bertrand et al. (2014). The very basis of
organism succession, competition and cooccurrence in pelagic temperate environments is
based ondifferent scaling in time and space of organisms. Temperature related- match

mismatch phenomena (Cushing, 1990) between predators and their prey however, are founded
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up on the opposite situation, as the orgams are dependent on the exact timing of their prey.
Similarly, diurnal migration of for example zooplankton is also very dependent on timing
related to light and stable/ particular triggers on mesoscales. Qhyidbere is no one
overarching dimension in space or time, which is applicable to all ecosystem questions related
to temperature. For example, if scales in time and space in terms of temperature trends are too
large, one loses life cycle details (time¢)opatt erns rel ated to | ocal
considerations. If, on the other hand, one merely considers effects of temperature on
ecosystems and their components, e.g., using-grontor local observations of temperature

for future scenarigsthese may simply reflect smaitale variability of the system. To
paraphrase Levin (1992) dAdwe trade off the |
gain of predictabilityo.

To summarize, marine pelagic ecosystems and their species are subject to temperature
on different scales in time and space, with temperature being one of the main drivers of species
diversity and distribution. We have summarized the relationships of thegpiof marine
systems to temperature on different temporal and spatial sciligsire2.23, which underpins
this discussion.

Temperature in terms of —
temporal & spatial scales
with Marine Ecological Shifts < Global >

< Atlantic >

o

AN

Biogeographical Shifts
Long-term Acclimation
Evolution/Generation Time
Mass Extinction

Trends & Regime
Shifts

Anomalies
Frequency
Variability

| Multiple Decades |

| Habitats & Population Shifts |

Years

I Shift Succession, Competition, Phenology |

Temporal Scale

Seasons | Shift Succession, Competition, Species, Traits |

| Local Deaths, Succession, Competition |

| Days & Months |

Figure 2.23: Temporal and spatial scales of temperature in relation to marine biological

systems.
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Depending on the type of reaction and adaptation, and especially if these are required
to deal with daily variability (e.g. dagight temperatures) or lortgrm life cycle shifts and
biogeographical changes in habitat, such as movement of organismsetoveatelrs, the time
scales can range from days to decades. Organisms also react to temperature shifts on time scales
of generations, which can be anything upwards from days (e.g. phytoplankton and bacteria)
through years and decades (e.g. fish, crustape@®pigenetics or evolutionary processes
between generations (Cohen, 1967; Wilson and MacArthur,, B3&fkin, 1974; Marshall and
Burgess, 2015; Shama et al., 2016). The biological distribution of species both in terms of
latitude and height/ depth has, since the studies by HumBolBbnpland (1805), been
accepted to be related to global temperature gradients, and in marine phytoplankton it is not
different (Righetti et al., 2019). This is not only the case for terrestrial environments; marine
organisms and their habitats are alsoethelgnt on the temperature of their environment and
its variability. A fewexcellent studies have shown how life cycles of marine organisms are
shifted along biogeographical gradients (e.g., shore crabs and cod) (Perry et dhi2@#0Ez,

2011; Portner et al., 2017). The effects of in situ heat shock are well documented for corals and
effects of cold winters or sudden cold on exposed marine tidal flats are another example
(Buttger et al., 2011; Barcelo et al., 2016; Giménez eR@R]1; Hackerott et al., 2021). How
marine organisms react and adapt depend very much on tivagr éinvironment and whether

they can move away from stress. Thus, plankton and nekton or sessile benthic organisms will
react differently and with different tolerance and ldagn resilience (for review on this see
Harvey et al. (202)) dependent on their life cycles. The manner in which marine organisms
react to climate shifts and change is diverse. Most papers are interested in fish, however
organisms at the bottom of the food web, i.e., plankton, which are at one with the wasgrbodie

are affected diregly and cannot move well/ far in aquatic environments.
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2.4.1 Longterm trends and the role of Indices: Biogeographical shifts over multiple decades

and potential regime Shifts

In this study, all temperature trends were significantly positive, in agreement with the
global literature (IPCC, 2018; IPCC, 2019). The trends were larger with decreasing

geographical scale (i.e., spatial average) for both surface air temperatures andasza

temperaturesHigure2.24).
o ST/SAT
s Global
o Northern Hem. ST 0.197°C/decade
o
©
i Regional Europe SAT 0.334°C/decade
% Germany SAT 0.364°C/decade
t_’g Local
SST

o Global North Atlantic (40°-60° belt) SST
g 0.196°C/decade
2
@ | Regional North SeaSST  0.222°C/decade
o
2 Helg. Roads SST 0.327°C/decade
£ Local

Sylt Roads SST  0.309°C/decade

Figure 2.24: Results of trends and the direction of increase concerning the different spatial
scales for Surfac&éemperature/Surface Air Temperature anomalies (blue rectangle) and Sea

Surface Temperature anomalies (red rectangle).

When we examined the surface air temperature, it was clear that the strongest cross
correlations occur between Germany/Europe and Europe/NH, as was to be expected. In
congruence with the rise in global atmospheric temperatures, the oceans are warmilgg stead

In addition, as can be seen fréigure2.24, rise in temperature of the North Sea is considered
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especially high. It has repeatedly been shown that, based ottelonglata (Edwards et al.,
2010) and models (Pierce et al., 2006; Holt et al., 2012; Kjellstromet al., 2018), the North Sea
temperatures have been rising steadily in the last decades.

The SST of the North Sea is strongly correlated with the European and the German
SAT and, to a lesser extent, with the North Atlantic SST and the Northern Hemisphere SAT.
This shows that, like the data for the Dutch Wadden Sea, analysed by van Aake8, ithe0
two LTER sites in the German Bight are more driven by the terrestrial temperature regime than
by the Atlantic temperature regime. This can be expected for a shallow sea bounded by land.
It also explains why areas in the Southern North Sea are n@fiaster that the areas in the
Northern North Sea (Scottish coast) (see Holliday et al., 2008).

We found that the two stations, Helgoland Roads and Sylt Roads, are strongly
correlated with the German SAT and, to a lesser extent, with the European SAT. The stations
are highly correlated with each other and also with the SST of the North Sea. Tigssans
affirmatively the question as to whether both sites can be considered representative with regard

to temperature of the overall North Sea.

We showed that the NAO index only relates well to the winter temperatures (December
February) in both HR and Wadden Sea SR sites, due to the fact that the Icelandic low pressure
system is deeper during winter, showing strong gradient related to the Aighe@Rodwell
et al., 1999). Similar results have been found for the western Wadden Sea and Marsdiep area
by van Aken (2008), who also pointed out that, since 1982, the NAO does not show any
persistent trends. This was also seen here, and previoushiveilet al. (2010) showed that
the NAO index was also only useful in the winter months for explaining variability at
Helgoland Roads. In addition, we speculate that the Atlantic Multidecadal Oscillation (AMO),
used to explain biological phenomena in thetNd&Gea and Atlantic (Edwards et al., 2013
Alheit et al., 2013 would not be causal regarding biological shifts in the North Sea at regional
and local scales. The AMO, with its broad spatial distribution6(@N, 80°W0°), was
minimally useful for explaing any anomalies or variability in all of our temperature data.
Therefore, the driver of biological shifts would rather be the shifts in water masses. The North
Atl ant i6Bd UNJO WMt a was more representative fo
HR and SR time series. The AMO was considered to be an oscillatory index in the past,
however its validity is currently being questioned, based on recent literature by the original
authors (Mann et al., 2021).
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We have avoided discussion of-called regime shifts in ecosystem drivers
(temperature) here, because of the temporal tenuousness of such identifications in time series
of merely a few decades. However, other authors have identified temporal shi@<lB60s,
1980s and during the period 1996 to 2003 in the North Sea (Siegistn@uthrum, 2001
Edwards et al., 200Beaugrand et al2008;Beaugrand et al2014). Beaugrand et al. (2014)
suggests that these three shifts impacted 40% of the planktaasspetaxa considered in a
study of data of the CPR in the North Sea.

We highlight that in all ofthe temperature time series analysed for the Northern
Hemisphere, a distinct upwards shift in temperature trend can be seen in the late 1980s. One
explanation for this could be found in a decrease in cold spells and an increase in heat waves

due to blocking systems (Brunner et al., 2018).

Our comparisons of the temperature trends from local through to hemispheric scales,
showed comparable trends/ patterns over large spatial scales. We showed overall warming,
which is highest in the southern North Sea at HR. These trends will result in new
biogeographical gradients and redistribution of species, with cold adapted species moving
further north, as is currently being seen with for example cod (Drinkwater, 2005). This is where
it becomes important to link up with such spatial data sets as th@©FiRes, where indeed,
strong evidence of species shifts on large spatial scales have been found (Beaugrand, 2004;
Heath, 2005; Weijerman et al., 2005). However, data is exceedingly rare on species diversity
overall, and daily LTER data are nemistent.Therefore, we can only make the links through
statistical comparison of the drivers and shifts on different spatial scales and then add the

knowledge we have on organisms also via models.

2.4.2 Shifts in Seasonality: Local to regional shifts of Succession, competition and phenology

Overall, the daily variability has declined at HR and SR. Wiltshire et al. (2010) showed
that the number of growth days (defineddags with temperatures over@®’have increased
significantly at HR. This was also found in the present study for both HR and SR. When
subtracting the annual minimum from the annual maximum, we found a negative trend,
indicating that the difference between cold and warm days of thehgsabecome smaller,
meaning that the strong seasonality of our regions has weakened. siineegemperature

trend in the cold season (winter and spring) was also larger than the positive trend in the warm
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season (summer and autumn), i.e., again evidence that the seasonal cycle has become smaller
with time. Because the overall trend is a warming trend, with extension of warmth into the
cooler months, the growing period has become longer. This affects thg and succession

of particularly microalgae (phytoplankton) and their predators (zooplankton). Investigations of
seasonal shifts in temperature, in units of days, weeks, months and seasons are required to
understand how temperature drives marine ecasgstérowth rates, number of growth days,
phenology, ennichement of new species may then be related teelomghanges (Wiltshire

et al.,, 2010Beaugrand et al., 2014; Scharfe and Wiltshire, 2Ctfyers et al., 2020 The

complex nature of the wind, tide and current interactions at Helgoland and Sylt result in large
daily variability of water conditions, both at HR and SR. We had no means of comparing
marine daily data with other regions, because unfortunatelyghesrrently unavailable. It

would be nteresting to compare our results with dadan the Dutch Wadden Sea (vARen,

2008) and with the compilation of ddta the Baltic Sea (Mackenzie &chiedek, 2007) where

it seems that variability in the systems may have shifted considerably in the past 50 years. It is
often precisely this variability which results in growth triggers and controls (e.g. turbulence,
resuspension of sediments and nutriesycling) and which are associated with seasonal shifts
(Philippart et al., 2003yViltshire & Manly, 2004, Scharfe ad Wiltshire, 2019.

Wiltshire et al. (2015) have shown how the timing of the spring bloom of phytoplankton
at HR has shifted based on daily values and that this could be related to the continued
overwintering grazing of herbarous zooplanktonBased on these works, Sommend
Lengfellner (2008) carried out experiments in mesocosms with a modelling backdrop, to
demonstrate how temperature regulated the interaction of microzooplankton, zooplankton and
phytoplankton growth. Scharfe and Wiltshire (2019), in an analysis of kgpmankton
species, showed that the timing, in days, of late winter/early spring (e.g. Skeletonema spec.),
spring (e.g. Ditylum brightwellii) and early summer species (e.g. Rhizosolenia setigera) have
shifted forward in the last 50 years, also often emméonger periods of occurrence. However,
the timing of others, for example Odontella sinensis and Thalassionema nitzschioides, late
summer/ autumn species respectively, shifted towards central winter reflecting longer warm
periods in autumn, as showntime temperature analyses of this paper. The work by Scharfe
andWiltshire (2019) and some work by the CPR groups of SAHFOS (Hinder et al., 2012) have
shown that the reaction of species is specific to their ennichement time. Based mostly on
weekly data, Beaugrand et al. (2014), Greve et al. (2004) and Heath (2008 madence

that the phenology and succession of species of zooplankton (copepods) have shifted at HR
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and in the greater North Sea. As the timing of zooplankton and its life cycle stages are very
dependent on the available phytoplankton food, shifts in phytoplankton timing and species
composition can be detrimental to food web function, as proposed imdtesmismatch
hypothesis by Cushing (1990). As with the timing of land plants and the occurrence of
pollinating insects or pests (Solga et al., 2014) such timing relationships are often just as narrow

in marine systems; in the order of days or maximakyeks.

Whether or not shifts in phenology based on days and weeks are spatially
ubiquitous/transferable to wider areas across the northern latitudes depends on the species
ranges and the adaptability of organisms. Plants driven by photosynthesis adapt differentl
animals. The link to greater spatial areas is given when, as shown in this study, trends/ shifts
observed in detailed loAgrm data can be related to the same trends/ shifts at other spatial

scales.

2.4.3 Maximum and minimum Temperaturd®t and cold Spells: Physical and behavioural

adaptation; competition with neobiota; local species extinction

We found that there was a significant shift towards much more presence of very warm
mont hs with values over 17 UC and 18 UC at
(mean values below < 2 UC and < 3 ad$sdgiated av e
study (Gimenez et al., 2022), based on HR, showed that the frequency of marine heatwaves
has increased, especially after the 1990 and that the major heatwaves coincide with large
atmospheric European summer heatwaves or mild winter spellse Hfierent forms of data
analyses highlight the increasing prevalence of warm periods for the German Bight.

Maximum and minimum temperatures and the number of days with specific
temperatures are very important to the adaptation, (both on the short term and longer term over
generations) and survival of species in marine systems. Heat waves and their consaieratio
currently very important in the literature (Frolict§etaufkotter, 2018Ainsworth et al., 2020).

Marine heatwaves in particular have led to a number of changes in marine ecosystems, ranging
from mass mortality of foundations species to changdwifobd web (Ariartiz et al. 2018,
Hayashida et al. 2020). The latitudinal or climatic temperature regime which organisms are
acclimatised to will also make a big difference in how they react to heat (Boersma et al., 2016).

Minimum temperatures can rdgte the difference between survival and +somvival of
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indigenous vs. neobiota (Lenz et al., 2011). When it gets too warm, the thermal tolerance will
indicate species vulnerability to climate warming (Madeira et al., 2012). The majority of
species found in the German Bight, whether they are plankton, fistaceans or mammals

have very large ranges of occurrence and for example, many phytoplankton have been around

for millennia (see fossil records, Dale, 2001).

Based on this data for the increased number of months/days with maximum
temperatures plus the evinced trends for HR, SR, the North Sea and North Atlantic it is clear
t hat Awarm waters are the new nor mal ®wpe Speci
with warmer waters and many more days with much warmer maximum and minimum
temperatures. Brunner et al. (2018) have examined the cold spells and especially the increase
in warm spells in Europe and related these to blocking systems. They found th@®%vef
cold spells in southeastern Europe occur during blocking and that warm spells are correlated
with blocking mostly in northern Europe. They suggest that, in future, cold snaps are likely to
become even more important in these new warmer norm#iegseem to be associated to

each other.

However, marine organisms are not merely enniched between maximum and minimum
temperatures or the number of days making a heat wave or cold snap. The frequency with
which organisms are confronted by a specific temperature will be central to its aceliatiz
and range of occurrence (Boersma et al., 2016). Thus, it is incorrect to assume that species
adjustment to temperature has mostly to do with maximum and minimum temperatures of the
system where the organism is enniched. It is also not realistimpdysproject a line between
min and max temperatures and use this for experimental evaluations of temperature
acclimation. Unfortunately, due to the lack of frequency distribution analyses many studies,
which have been carried out on how organisms redemperature change, both on the short
and longterm, may be based on false assumptions on distributions of temperature in nature
(Portne, 2002; Thomas et al.,, 201Boyd et al, 2013). Instead, we should consider
experiments that manipulate realistic fmrature scales and levels of intensity, defined

accordingly to empirical temperature distributions.

Interestingly, the frequency distributions of temperature over the years have changed
substantially in the later years. At Helgoland and Sylt, the homogeneous bimodal shape,
besides the shift of the two distinct lobes peaks to higher temperature vaki#aitbaed in
the warm mode and got steeper in the cold mode. This indicates that more values occur around
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the cold mode and less so around the warm mode. Especially, autumn and winter months have

become warmer and the number of very hot days/ months has increased significantly.

Plots of the frequency distributions of the temperature anomalies for the North Atlantic,
North Sea and HR and SKigure 2.12) showed that the anomalous temperature density
distribution clearly shifted to higher temperatures in the later years in all spatial areas.
Interestingly, especially in the North Atlantic, the maximum and minimum values of the
anomalies have moved sigwedintly further apart, indicating that the variability of the
anomalies has become high€he shape of the distribution of the temperature anomalies has
also flattened considerably for the North Atlantic data, much more so than the other regions.
This may reflect the very large spatial area considered in the North Atlantic and the wide range
of temperatures, which have different shifts and because of the high spatial variability of

temperature evinced across the different latitudes.

2.4.4 Variability on the LongTerm: Physical and behavioural adaptation; local species

Extinction, shifts in growing season and biogeographical species distribution

The variability during the winter and spring months was found to be significantly larger
than during summer and autumn at both HR and SR, particularly for the early half of the time
series. In the later part of the time series, the large winter vaabddame smaller and the
variability of temperatureni the autumn becamarger Figure2.17 andFigure2.25e,f). The
same pattern, but slightly smaller in amplitude, was found for the North SeaFiaiee(
2.25d). The North Atlantic showed a significant increase in temperature variability for all
seasons since 199Figure 2.25c). In comparison, the Global and Northern Hemisphere

datasets show a smaller increase in variability in the later years for all meigiine2.25a,b).
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Figure2.25: The seasonal variation of the standard deviation of the SST spatdlbl scales
(from Global to local) for the first (blue) and second half (orange) of the time series. a) Global,
b) Northern Hemisphere; c) North Atlantic°460° d) North Sea; e) Helgoland and f) Sylt.
The yaxis scales are different for top and bottom rows, showing the increase in variability

from larger to smaller spatial scales.

Aquatic ecosystem variability can be considered a driver of species divimsgyit is
important to evaluate the magnitude of variability changes in climate change studies&Floder
Sommer , 1999; D6Odori co @bricset al., 2013)010dgked, Dor n
explanation of species diversity as a function of ecosystem variability is subject oftariong
discussion in the literature (e.g., Grime, 1973; Connell, 1978; Rob#&skinshall, 1986
Collins, 1990). Sarker et al. (2018) describe the 1980s as the period of high ecosystem
variability at the Helgoland Roads Time fesrstation, with a considerably less variable period
identified after the 1990s. They also showed that both diversity and species occurrence
probability declined with the increase of ecosystem variability. The occurrence of more species
was seen at low esystem variability without a loss of rare species already in the system. This
implies a high level of niche differentiation, reducing interspecies competition and lack of
exclusion and this directly increases species diversity. Indeed, increasing dpesss/ and
the coexistence of neo biota and indigenous species has been going on in the North Sea and
especially the German Bight for the past20years (Greve et al., 2004; Buschbau@utow,

2005; Wiltshire et al., 201(Reise et al., 2017). This reflects the ecosystem theory that the
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warming of a cold temperate sea will allow for more species. Beaugrand et al. (2008) also
showed that the 1980s overall were a period of high variability, whereas the 1990s were
identified with a low variability in the North Atlantic region. Conversi et(2010) observed
similar change in the late 1980s in letggm records of Mediterranean ecological and hydro

climate variables.

Temperature variability induced by shifts in larger weather patterns, including storm
patterns such as El Nino and Blocking Systems, can be translated to shifts in hydrography,
turbulence, stratification and, in coastal systems, freshwater input froms.risech shifts
affect e.g., primary productivity, fish distribution, spawning timing and species distribution of
planktonic organisms (Dippner, 199 Root et al., 2003Stenseth et al., 200Mackenzie and
Schiedek, 2007). Here, we also considered ttieator indices of large Northern Hemisphere
climate patterns, namely the NAO and the (in the meantime questionable) AMO (Mann et al.,
2021). These indices are often used in the literature to explain events and as links to organism
distribution e.g. fishbivalves and copepods (Dippner, 189Philippart et al., 2003; Reid et
al., 2003 Alheit et al., 2014). It is not logical to link the largeale climate indices such as
NAO to marine organisms directly, as these are not drivers in themselves. Rathlee, éffect
of the largescale weather patterns on hydrography and temperature, which can be drivers of
the pelagic distribution and species life cycles (van Aken, 2008). For example, it is not the
NAO that drives the shift of Calanus helgolandicus vala@us finmarchicus, but rather the
inflow of the Atlantic Ocean into the North Sea, which transports the Atlantic species C.
finmarchicus more or less into the North Sea. This inflow is related to-saaje weather
pattern fluctuations of which the NA® an indicator (Heath et al., 1999). This can also be
seen in the study on timing of spawning of Limecola (Macoma) baltica, by Philippart et al.
(2003) and van Aken (2008). Phillipart et al. (2003) postulated that this was related to the NAO
index, but lger it was found by van Akef2008)that it is not likely that the NAO is directly
related to spawning and it is certainly as an index, not the trigger. They consider therong
trend in temperature to be the reason for earlier triggering and notwated winds reflected

by the NAO pressure index.

Boersma et al (2016) have shown that it is also very important to understand the
frequency distributions of temperature which organisms are subjected to rather than max/ min
curves only. As the frequency distributions for temperature data and their awimale

shifted considerably over the past 20 years on all the special scales we examined, we can
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assume that especially animals, which have tight temperature adaptations, will have to move

or acclimate in all examined areas.

Animals will react differently to temperature changes than plants. Plants, including
marine phytoplankton and macroalgae, moving further north or indeed into cooler deeper
waters will also have to adjust their photosynthesis apparatus to deal withnditfghe
regimes (Falkowski, 1984; Jorda et al., 2020). The highly significant shifts in seasonality and
the associated very much warmer winters and autumns are much more visible at the Wadden
Sea (SR) and German Bight (HR) sites than in the North Atladtie to the higher heat
capacity larger and deeper water bodies, like the latter, present. Even in the North Sea, this is
not so pronounced. Such local to regional effects can result in shifts in the phenology, spawning
time and/or life cycles of bivalveend other species, and result in matokmatch food web
situations (Edwards and Richardson, 2004).

We have taken one of the densest data series in the world, the Helgoland Roads time
series, and we described the statistical and comparative analysis on different scales, from local
to hemispheric context, in order to make its data sensibly and accureadbble, especially
to biologists. With this, we also have demonstrated the usefulness eEpoioe temperature
time series in the North Sea and showed their representativeness to overall temperature time

series.
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2.5 CONCLUSIONs

Marine ecosystem function is governed by the sdajgendent nature of physical
processes. These are also reflected in both coupling and differences among processes occurring
in the ocean, the coastal zone and land, requiring reliable temperature dataesminents of
this data. Here, we provided a study on how temperature behaves on different spatial scales,
the magnitude of changes in trends and variability and the representability of local scales in
larger scales and vieeersa. From global to locakll temperature trends are positive,
corroborated by the significant positive correlations among the analysed areas and sites. For
the local and regional scales, the highest correlations observed between the sea sites and the
closest land mass is an import result. This allows us to understand the variability
mechanisms of temperature change in the North Sea. Thestzagephenomena such as AMO
and NAO which are often considered important do not necessarily have a significant influence
on regional anddcal scales. Evaluations and the observed changes in variability, seasonal as
well as interannual, cannot be ignored in temperature considerations, as they are part of the
significant changes occurring in temperature affecting ecological systems. Weeptowa
information as a basis for marine biological and ecological research, and especially for
considerations of responses in organisms and environments to temperature shifts and changes
on diverse scales. We thus provided the necessary informatiooréase the robustness of

predictability and assessments of future climate risk to biological systems.
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2.7 SUPPLEMENTARY MATERIAL

Table 2.122 Comparison of overlapping SST measurements at Sylt harbour and SR sites.
Monthly averages, differences witandard deviation (std) andvplues of monthly-test

comparisons.

Month Harbour| Harbour| SR SR Delta | std n p-

SST SST std| SST SST std Delta value
(°C)
(°C) (°C) (°C) (°C)
(°C)

January | 2.87 1.83 2.90 1.93 -0.03 0.76 111 0.92

February | 2.74 2.00 2.69 2.06 0.05 0.70 111 0.86

March 3.77 1.93 3.67 1.99 0.10 0.75 134 0.68

April 7.10 1.92 7.24 2.08 -0.14 1.06 121 0.58
May 12.18 | 2.10 12.15 | 1.99 0.03 1.03 105 0.93
June 15.83 |1.87 15.65 | 2.05 0.18 1.10 141 0.43
July 17.79 | 1.76 17.72 | 1.78 0.07 0.86 164 0.73

August 18.72 |2.03 18.74 | 1.86 -0.02 0.92 151 0.90

Septembel 15.08 | 1.86 14.84 | 2.03 0.24 0.98 130 0.32

October |10.79 |2.07 10.47 | 2.07 0.32 0.94 103 0.28

November| 6.48 1.95 6.19 2.04 0.29 0.90 143 0.22

December| 3.97 1.89 3.91 1.81 0.06 0.95 97 0.82
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Link from Chapter 2 to Chapter 3

After analysing the trends and variability of lalethperatur@and SST consideringhe
global and local spatial scales, the next stap toinvestigaé the current situationegarding
the Chl-aconcentration in the German Bight and quantify the covariability betweea axndi
SST, exploringthe possible direct and indirect effects of temperature on the observed negative
Chl-a trends. Considering that the properties of temperature are differergriousspatial
scales, the effects of temperature in ecological systems cover a range of consequences, from
biogeographical shifts and lofigrm acclimation to shoterm events of local depth and

competition.
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3 Chapter 3

Analyses of seaasurémade &hdovapihahb
of rGlpindate change, German Bight,6 I

Submitted to Ocean Sciencede Luca Lopes de Amorim, F., Balkoni, A., Sidorenko, V., and
Wiltshire, K. H.: Analyses of sea surface Chloroptaylirends and variability in a period of
rapid Climate change, German Bight, North Sea, EGUsphere [preprint],
https://doi.org/10.5194/egusplee2024311, 2024.

Abstract

Satellite remote sensing otean colour propertiedlows observation of the ocean with high
temporal and spatial coverage, facilitating the better assessment of changes in marine primary
production. Ocean productivity is often assessed using satellite derived chlo@phyll
concentrations, a commonly usguoxy for phytoplankton concentration. We used the
Copernicus GlobColour remote sensing @hsurface concentration, comparing with the
Helgoland Roads CH in situ data, to investigate seasonal and-seasonal variability,
temporal trends, changes in spring bloom-&hiagnitude and the relationship with sea surface
temperature (SST) and mixed layer depth (MLD) in the German Bight (GB) from 1998 to 2020.
Empirical Orthogonal Functions and Multi CovaiganAnalysis were employed, in order to
investigate dominant spatial and temporal patterns (modes) related to the main processes of
Chl-a variability and to extract the dominant structures that maximize the covariance between
Chl-a and SST|MLD fieldsHigh levels of Chla were found near the coast, showing a
decreasing gradient towards offshore waters. A significant-termy positive trend was
observed close to the Elbe estuary and adjacent area, while 30% of the GB was characterized
by a significant negate trend. No significant trends were observed during spring blooms, but
the distribution of Chla anomalies changed when periods from 1998 to 2009 and 2010 to 2020
were compared, mostly showing a shift towards negative anomalies and decrease in variability
The Chta nonseasonal variability showed that the first four modes explained around 45% with
the first and second modes related to inter and-artraial variability, respectively, observed

in the temporal principal components spectral analyses. Liregals between Clad anomalies
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and SST and MLD anomalies were weak and described by opposite signal in offshore and
coastal areas, with negative correlation betweeraCinid temperature in offshore areas and
positive in mostly coastal areas, while for MLD was the contrary. The mactitdyophylta
concentration anomalies covaried 45% with sea surface temperature anomalies and 23% with
mixed layer depth anomalies. This study demonstrated that the Copernicus Global Ocean
Colour chlorophyHa concentration product can assess mostly of kilni@wvn processes
connected to chlorophyd surface variability in the German Bight The monthly averages were
suitable to investigate loAgrm trends and variability for SST, but for MLD, higher frequency
should be used. The causes for the significanatinegtrends in most of the central German
Bight cannot be solely explained by the direct effect of warming. However, the rising water
temperature, combined with its indirect effects on other variables, can partially explain these
observed trends.
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3.1 INTRODUCTION

Lorgerm ocean productivity serves as a ¢cCr

direct ties to shifts in ecosystem functiona
et al, 2010; Stock et al, 2014dhel Masea®e, eanes
to both natur al variability and the increasi
Ger man Bight, a highly dynamic region of t he
over t he past Si Xty veawat ePr onauneead ghinf
stoichiometry are well reported (Raabe and W
et al . 2023) . I n parall el Sea Surface Tempe

(Amorim & Wil t)shiQheanegtesali.n, n2ubt2r3 ent concent.
on phytoplankton productivity and species co
Burson et al, 2016) . However, the role of in
|l ncreasing SST can affect phytoplankton b
physiology and ecosystem structure, and indi
a r e g iegample, iRcoeasing SST can enhance phytoplankton cell division rate (Hunter
Cevera et al2016. However, if the optimum temperature is exceeded, the growth rate and
primary production may decrease (Baker et al., 2016). Indirect effects include changes in
regional hydrographic conditions, as rising temperature can increase water column
stratificaton and reduce the Mixed Layer Depth (MLD), thereby affecting light and nutrient
availability to primary producersuynder st anding the drivers of
variability in coast al waters is cruci al for
of higher trophic | evel popul ations (Marrar.

of tahset aclo environment (European Environment .

Chl orapt¥hli s commonly used to estimate t
water column (Eisner et al., 2016; Huot et &
temporal -datanoentChé&ati on can be ian cohnael |ocern ghkeo
domains. While extensive time series data ca
approach | acks spati al resol ution. Satellite

comprehensi ve spati aablainndg ttehmep oaesaslsepsasdnveantta gogf ,0
variability. The detection of phytopl ankton
of chlorophyl I, which absor-bhsamandnfredaledt pa
el ectromagmeti c spectr

Surfaeae r@mote sensing products have | oniq
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https://aslopubs.onlinelibrary.wiley.com/doi/full/10.1002/lno.11351#lno11351-bib-0047

met hodol ogy in both coastal and open ocean e

2010; Féenpgddezet al ., 2022) . Il n open ocean
all ow for accurate determinatios,ot hecdahechto
ocean colour is complicated by the presence
maki ng t he raetcroinecveanlt raft i ©ml more compl ex in
2020). One | i rAdietraitvi-eodni I€ahtl ¢ &t elelstré ct s t he ac

entire system due to the absence of a vert.i
enables a spatially dynamic description of
Ger man Bighsj ngemobei ssles a good representat.
column, as the first optical dept h, ranging
( Do e &fFfiesrc her , 1994) . Turbul ent mi xi ng induc
redi stributes -sahrlforcceep hdyelplt htso (rZehaarng et al .,
Overal, r emot e sensing, despite the l i mi tati ons
phytoplankton biomass | fPalladtstsi®epacd and ,t i2Md
In this study, we investigated the leteym trends and variability of Chlorophyl

(Chl-a) in the German Bight, considering the rapid increase in SST in the region over the past
two decades. We retrieved the Copernicus GlobCatmenged Chla product, sanning from
January 1998 to December 2020, and compared it wasitunChla measurements. We also
examined the spatial and temporal covariability of-&Mh relation to SST and MLDOur
specific objectives were to understand the following:

0] The differences between-gitu and satellitelerived Chia.

(i) The seasonal variability of Gl

(i)  The longterm trends of Chké.

(iv)  The dominant modes of Ghlvariability.

(V) The relationship between Gh|] SST, and MLD in the region.
By addressing these points, we aim to provide an updated perspective-artr&mdls and
variability in the German BightH i g 81), as well as a comprehensive understanding about
its relationship with SST and MLD in the study area
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Figure3.1: Bathymetry of th&serman Bigh{GEBCO Bathymetric Compilation Group 2023,
2023. Dot-dashed, solid, and dashed grey lines are 10, 30, and 50 m isobaths respectively.
Areas with depths less than 5 m represented by white colour. Black star marks the location that
the Helgoland Roads time series have been collected. The acronym D6 2dgiger Bank;

DE to Germany; DK in Denmark; and NL to Netherlands.

3.2 DATA AND METHODS

3.2.1 Study Area

The German Bight is a coastal area in the seatitern North Sea bounded by the
Netherlands (NL), Germany (DE), and Denmark (DK)i( g 81). &he area defined in this
work ranges from 2:8.25°N and 5&%6°E. It extends from the Elbe estuary to the northwest
and passes the Dogger Bank (DB) and it has a maximum depth of abouf50 & 1). &
30 to 40 m deep funndike feature, defined by the deep Elbe valley, crosses the area in a
diagonal direction from southeast to northwest (Stanevetal.,Z0DMe hydr odynami cs
region are very complex due to the interacti

Atl antic water (which is inserted into the |
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and at mos p (Beckeratal.f1892;Kerimaplu et al., 2020).

The productivity in the German Bight is linked to its hydrographic conditions and
bathymetric features (Emeis et al. 2015; Capuzzo et al., 2018). In regions where the depth is
less than 20 m, the vertical concentration of-&Id largely homogenized throughout the year,
primarily due to the mixing effects of tidal currents and windwkleer, in areas where the
depth exceeds 20 m, the vertical @htoncentration exhibits significant variability in terms of
its extent, duration, and intensity (Schrum, 1997; Zhao et al, 2019). This variability is largely
attributed to stratification anddgeochemical processes, such as the slow decomposition rates
of organic matter (van Beusekom et al.,, 1999), which result in a distinct vertica Chl

distribution when compared to shallower regions (Zhao et al, 2019).

3.2.2 Chlorophylta Concentration Remote Sensing Data

In this study, we downloaded the Copernicus Marine Service (CMS) GlobColour. daily
interpolated cloudree surface Chh concentration product, ranging from January 1998 to
December 2020. This product was available for download at the time of acces®cto2ér
2021 from https://resources.marine.copernicus.euhder the product described as
OCEANCOLOUR_ATL_CHL_L4 REP_OBSERVATIONS 009 _Q98his Chla dataset
was produced using multiple sensors (msétnsor product), multiple Glal algorithms and a

daily spacetime interpolation scheme, with a 1 kspatial resolution (Garnesson et al, 2019).

3.2.3 Sea surface temperature, mixed layer depth and North Atlantic Oscillation (NAO)

Daily fields of sea surface temperature (SST) and mixed ldgpth (MLD) were
obtained from CMSHESA SST CCI and C3S reprocessed sea surface temperature analyses;
https://doi.org/10.48670/md&l0289, spanning from January 1998 to December 2020. The
SST dataset is gdpee maps of daily average SST at 0.05deg. horizontal grid resolution, using
satellite data from thAdvanced AlongTrack Scanning RadiometéhATSR), Sea and Land
Surface Temperature Radiometer (SLSTR) and the Advanced Very High Resolution
Radiometer (AVHRR) (Lavergne et al., 2019; Merchant et al., 2019; Good et al., 2020).
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Daily mixedl ayer depth data (a7 km horizont al |
as part of the AtlantiEuropean North West Shdlicean Physics Reanalysis product
(https://doi.org/10.48670/md@l0059. The MLD was defined as the depth where the density
increase compared to density at 3m depth corresponds to a temperature decrease of 0.2°C in
local surface conditions (Kara, 2000; PUM, 2021).

The NAO winter index data was obtained from the Climate Analysis Section, National
Center for Atmospheric Research (NCAR). It is calculated as the leading Empirical Orthogonal
Function of sea level pressure anomalies considering the gradient betweesiahéiddow
and Azores high (Hurrell et al., 2003). The winter NAO index is the mean of the index for the
December, January and February months.

3.2.4 In situ data

In-situ Chla concentrations, measured with a hggiiformance liquid chromatography
(HPLC) on a workdaily basis since 2004 at Helgoland Roads (see black dtagure3.1 for
the datasite) (Wiltshire et al., 2008), were used for the evaluation of the satellite derived
product. Helgoland Island is located in the German Bight approximately 60 km of the German
coast and since 1962, surface water samples have been collected at thent&galds site,
bet ween the Hel gol and and D¢ne | sl ands (54
representative for the whole water column due to the-mvedéd conditions (Wiltshire et al.,
2010). The Helgoland Island is in a transition zone in the GeBigdm, influenced by offshore

(higher salinity) and coastal waters (lower salinity) (Wiltshire et al., 2015).
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3.2.5 Data preprocessing

As we were interested in lortgrm trends and variability, Glal, SST and MLD daily
fields were monthly averaged, also avoiding problems with spatial missing data. We computed
monthly anomalies by subtracting the monthly means absolute values blynth®logical
averageswhich are the mean of monthly absolute values over the 1998 to 2020 period.

All spatial datasets were remapped to the grid of lowest spatial resollgible8.1) using the
bilinear method in the Climate Data Operators (CDO; Schulzweida. 2022). We excluded areas
with bathymetry shallower than 5 m to circumvent dynamics related to intertidal zones. For
analysis, coastal and offshore areas were defined as areésthigimetry above and below 30

m, respectively. The Dogger Bank was considered in the offshore region.

The Chla in situ data was monthly averaged and monthly anomalies were calculated.
We extracted the nearest grid point from the Helgoland Roads location in the remote sensing
gridded data (hereby referred to as HRsat) and used monthly anomalies for sompad
validation of the GlobColour Ckd dataset.

Table3.1: Description of spatial resolution and source of the parameters used in this study.

Variable | Spatial CMS Product ID
Resolution
Chl-a 1 km OCEANCOLOUR_ATL_CHL_L4 REP_OBSERVATIONS_009
098
SST 0.05° SST_GLO_SST_L4 REP_OBSERVATIONS_010_024
MLD 0.111° x | NWSHELF_MULTIYEAR_PHY_004_009
0.067°
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3.2.6 Evaluation of satellite derived Ghldata

We compared the HRsatonthly anomalies time series with timesitu (HPLC) Chla
monthly anomalies from the Helgoland Roads Time Series (HRTS) from 2004 to 2020. In this
case, only the matching days were used for the calculation of the monthly anomalies, in both
HRsat and HRTS. Our primary focus was on trends and morghbpbility to assess the degree
of coherence between the in situ and remote sensing datasets. For the evaluation of trends, we
applied the MantKendal trend test (Mann, 194&endall, 197%and we made use of a boxplot
for the variability assessment. The coefficient of correlation (r) and root mean squared error
(RMSE) were computed to evaluate the goodness of fit between in situ and remote sensing
data. Differences in distribution betwe€hl-a in situ and remote sensing were verified by the

two-sample KolmogoroasEmirnov test.

3.2.7 Statistical Methods

As a preanalysis, we calculated temporal mean and standard deviation (std) of-the Chl

a anomalies. Using the mean and std, we computed the coefficient of variation (CV), calculated

as0 w —— wp 1,7 % (Morel et al., 2010). Additionally, we examined linear trends in

Chl-a anomaly fields. The significance of the linear trends was determined usinesaléao

Wald test with t distribution. For more robust identification of significant positive agdtive

trends, we applied the Masitendall trend test to the CGlal anomalies. This was done on a
pixel-by-p i x e | basis wusing the Python ApyMannken
calculated the Probability Density Function to investigate thengds occurring in the

distribution of Chla anomalies.

We examined the relationship between the-&hhomaly fields with SST and MLD
anomalies applying linear correlations in the direct anomaly fields and in 1 time step lagged
Chl-ain relation to SST and MLD. For the analysis of dominant modes ed Gidility and
covariability with SST and MLD, we used Maximum Covariance Analysis (MCA), a statistical
technique that identifies prominent patterns of covariation (Bretherton et al. 1992) to maximize
the covariability of associated parameters. MCA was desdiga find patterns in two space
time data sets that explain the maximum fraction of the covariance between them. This can

provide insight into the physical processes leading to the spatial and temporal variations
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exhibited in the fields being analysed. Given the known significance of SST and MLD forcing

in inducing chlorophyll changes (de Mello et al., 2022), this technique is particularly suited for

our purpose. In essence, MCA extracts the singular vectors ofdegcovariance matrix of

two fields, in order of importance. These singular vectors, also referred as structures or modes

of variability, are extracted. When MCA was calculated using only one field, such as the Chl

a anomalies, we obtained the Empiri@athogonal Functions (EOFS), which represented the

leading modesof Cd variability. We wutilized the Pyttl
apply EOFS and MCA. For the EOFS analysis, we used the monthly climatologieal Chl
concentrations and the GaAhnomalies, normalized during the analysis. For the MCA, the Chl

a, SST and MLD anomalies were employed.

3.3 RESULTS

3.3.1 Evaluation of in situ HPLC and Remote Sendiigorophylta

Figure 3.2a illustrates the comparison of HRTS and HRsat&mlonthly anomalies
time series. Both time series showed significant negative trends, evaluated by the Mann
Kendall trend test. While satellite observations accurately reproduced theantranter
annual frequency, there was a discrepancy, with renensirgg tending to overestimate
chlorophyll at low concentration&igure3.2b). In fact, satellite products tend to overestimate
Chl-avalues when they are less than 1 m§(llvera-Azcarate et al., 2021). When comparing
thein situHRTS and HRsat anomalieSigure 3.2a), we found aorrelation coefficient (r) of
0.59 (pvalue<0.05) and root mean squared error (RMSE) of 1.09 ™Figure3.2b). These
values are in the range of values described in other works and considered acceptable for case
2 waters (Silva et al., 2021; Pramlall et al., 2023), in which the remote sensing product is
defined by other constituents besides chlorophyll, such asreolaissolved organic matter
and noralgal particles (Doerffe& Schiller, 2007).
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Figure3.2: Evaluation of GlobColour remote sensing surface&tdompared to in situ data
from Helgoland Roads. a) Comparison of in situ and remote sensirgydidmalies, with red
positive and blue negative anomalies. b) Scatter plot with linear correlation of the time series

showed in a). Correlation coefficieist0.59 and RMSE 1.09 mg>.

In the boxplot Figure3.3a), we observe that the in situ data has higher variability than
the remote sensing data in April and May, months characterized by the phytoplankton spring
bloom (Wiltshire et al., 2008). A rigorous assessment using thesample Kolmogorov
Smirnov testevealed no statistically significant differences between the anomaly distributions
(p-value=0.83;Figure 3.3b). The differences between situ and remote sensing data were
mitigated by using monthly mean anomalies. As a comparison, the evaluation using daily

matchup Chia anomalies time series were r=0.35 and RMSE=2.64 thg m
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Figure 3.3: a) Boxplots and b) distributions of remote sensing (orange) asiuir(blue)

monthly Chta anomalies.
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3.3.2 General findings:

The average of Ck (Figure 3.4a) showed that higher concentrations (> 2 m§ m
were generally found near the coast, in areas with bathymetries less than approximately 30 m.
This excludes the shallow region of Dogger BaRlg(re 3.1). Areas with higher standard
deviation (sd > 1 mg i) were also found in shallow areas, with a depth less than 30 m. The
increased variability in these shallow areas is primarily due to larger seasonal differences
comparedo the offshore waters (see Amorim and Wiltshire et al 2023 on temperature and
seasonal variability comparisons for shallow and offshore sites). The standard deviation
reflects the intepixel variability. Therefore, the coefficient of variation (CV) picded a
measure of the spatial heterogeneity within the study area (Morel et &), 28& CV showed
that 60% of the studied area is between 40 and 60%, a medium term between stable and large
fluctuations. Two areas with larger CVs are in the north, around the Dogger Bank and the
Danish coastal zone where there is a large bathymetriegtadnother area with high CV was
found in the southern shallow waters of the Dutch coast, which is influenced by the water
inflow from the English Channel. In the central region of the GB, we have identified significant
negative linear trends with valsieanging around fror0.01 t0-0.03 (mg n¥) per year. In
contrast, the soutbastern corner of the study area, which is influenced by fresh water runoff
from the river Elbe, exhibited positive significant linear trends (up to about 0.02 @hgan

year).
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Figure3.4: The a) temporal mean and b) standard deviatiochlarophylta concentrations

from January 1998 to December 2020. Solid and dashed red lines represent 1 anct,2 mg m
respectively, and the grey and black dashed lines are the 10 and 30 m isobaths. c) Coefficient
of variation, in percentage. d) Trends of @wnomalies (mg rper year). The shaded areas

are significant (pralues <0.05; twesidedWald test with t distribution

Since 1962 there has been a notable SST increase in the North Sea, a trend that persists
to the present (Amorim and Wiltshire et al., 2023). Specifically within the German Bight, the
mean SST anomaly trend, as estimated by the locally weighted scatsenplathing method
(LOWESS; Cheng et al., 2022) indicated an increase of 0.77°C from 1998 td-2)2@38.5).

This was further confirmed by the Maendall trend test, which showed a significant
positive trend (pralue<0.001). However, when it comes to the averaged MLD, no significant

trend was observed.
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Figure3.5: SST anomalies averaged for the whole German Bight (grey line) and trend from
1998 to 2020 calculated by LOWESS (black line).

3.3.3 SeasonaChlorophylta surface concentration

The monthly climatological meandg-iQure 3.6) were characterized by decreasing
concentrations from coast towards offshore areas. The months of April and May exhibited
elevated chlorophyll concentrations, a result that aligned with existing literature on the spring
blooms of diatoms (Wiltshir& Manly, 2004; Wiltshire et aP010; Neumann et al., 2021). A
slight increase was observed in August, indicative of the late summer/autumn bloom of

dinoflagellates (Yang et al., 2021).

104



Latitude (°)

9 3
Longitude (°)

Figure3.6: Monthly-averaged GlobColour Clal, from January 1998 to December 2020 (letters
on top right). The Chh monthly anomalies are calculated subtracting the moatldyaged
Chl-a from the absolute Clal data. It is possible to observe the w#rmual behaviour of Chl

a, with a positive gradient from open waters to coast, and the increaseanrCApril and

August.

Figure 3.7 illustrates the seasonal cycle of @htemote sensing, spatial averaged for
coastal and offshore areas, and HRTS in situ. Both coast and offshore were defined by a larger
Chl-a peak in April, describing the phytoplankton spring bloom. Higher variability was
observed in the coastal area, ansinaller peak, representing the late summer/autumn bloom,
wasobserved in August. Values &l 2 mg m® were observed from November to February.

The offshore area second peak was more perceptible compared to coastal areas, and it was
observed in September/October. The summeraGldcrease was more accentuated in relation

to the second peak in offshore ageharacterizing the period of lowest @hlbelow 1 mg m

3. The in situ HRTS acquired in the transitional zone of the German Bight, between cahstal an
offshore areas, aligned well with the spatial averages chCGhmote sensing, although the
spatial averaged Clal remote sensing was overestimated during winter months, and the second

bloom peak was delayed in offshore areas.

105



—— Chl-a coast
=== Chl-a offshore
—=- Chl-a HRTS

~.
~.
~

Chl-a (mg m~3)

-
-
-

-
o

Figure3.7: Seasonal cycle of Clal averaged for areas above the isobath of 30m (coast), areas

below 30m (offshore) and HRTS.

The Empirical Orthogonal Functions (EOFS) applied to the climatologicah @alues
in Figure 3.6 revealed a dominant seasonal variation. This variation was represented by the
first and second modes, which together explained 88% of the total variance in the annual cycle
of Chl-a in theregion EFigure3.8). For interpretationwe made use of the variability signals in
the spatial modes/structures (EOF) defined by the red and blue colours (positive and negative,
respectively) together with the signal of the associated principal component (PC). The first
spatial mode (EOF1) acanted for 53% of the annual CGalvariability, exhibiting a positive
signal across the entire German Bight. The first principal component (PC1) showed the two
bloom signals, the spring bloom, in April, and thedstienmer bloom, in September. Overall
model described the maximum positive &hlariability during the spring bloom and, to a
lesser extent, the late summer/autumn bloom (same signal in the spatial and PC temporal
pattern), in contrast with winter and summer months, described by negative iwgriabil
(opposite signals). The second spatial mode (EOF2) explained 35% of thevaiwbility,
dividing the GB in two regions based on the variability between cold and warm months. The
coastal/transition region was defined by maximum negative variabilitingl the winter
months and positive during summer months, accordintheosignals of EOF2 and PC2.
Opposite, the offshore region showed negative variability during summer and positive
variability during winter. This matched with the seasonal cycle ofaCtiown inFigure3.7,
which represented the minimum Calmonths in coastal areas during winter, but during

summer in the offshore region.
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Following EOFS mode 1 explained variability, we determined April and September as
the most contrasting months for explaining the positiveaQldriation in association with the
environmental and biological/ecological drivers, and winter and summer asegative

variability months.
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Figure 3.8: First and second EOF and PC modes of monthly climatological means-af Chl
Dashed thin line is the Clal spatially averaged at the study area. Ma&phl (green shaded)
and AugustSeptember (pink shaded).

3.3.4 Month of maximum Chlorophy& concentration

96% of the German Bight area here analysed had a maximum climatological
chlorophylta observed in March, April and May (20%,63% and 13%, respectively),
representing the main months of primary production, and mainly related to diatom blooms
(Wiltshire et a) 2008).

One interesting result for the remote sensing assessments was the month with maximum

chlorophyll concentration Higure 3.9). Around Helgoland Roads position, August was,
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according to the remote sensing data, the month with maximum chlorophyll. However, this is
not consistent with the HRTS HPLC dataset. This might be an influence of the suspended
matter dynamics (Fettweis et al., 2012) and/or the different pigmentatiomytoptankton
species. Considering the two blooms occurring in the area, the spring bloom is characterized
by dominant abundance of diatoms while the late summer/autumn bloom has also high
abundance of dinoflagellates, more prone to develop in stratifieodpeand with different
pigment compilations (Shang et al., 2014n Leeuwen et al2015. There is a defined
difference between the reflectance spectra of diatoms and dinoflagellates due to the distinct
amounts of pigment types in each species (Shang et al., 2014) and such enhanced chlorophy!l
a could be associated with cellular motility ahe ability to regulate position in the water
column, resulting in enhanced nearface aggregation of flagellated cells (Franks, 1992). The
Dogger Bank area waharacterized by an early maximum in March, whereby could be that
the shallower bathymetry allows the development of the spring bloom earlier due to light
availability and enough nutrients for the growth of phytoplankton (Moll, 1997; Los et al.,
2008).
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Figure3.9: Month (colour bar from January to December) with maximumadby pixel from
the monthly climatology means of CalFigure3.6; mg m3). April (light grey) isthe dominant

month.
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3.3.5 Chl-a distribution before and after 2009

We examined the Ckh anomalies spatial averages for the months of March, April and
May over the 1998020 period to visually identify any potential increase or decrease of Chl
a, assessing interannual variability in coastal and offshore d&fepsg3.10). As the Mann
Kendal trend test did not point any significant trends in the averaged @mbmalies, we
analysed the changes in &hanomalies distribution, splitting the time series based in the April
peak observed in 2008 for both coastal and offshoeas Figure 3.10). The peak in Cha
anomalies in 2008 was related with a positive peak of North Atlantic Oscillation index winter
mean (NAO) Figure3.10). In 2010, negative Ckd anomalies peak was observed in April and
May in the offshore area and,épastal area, in May, coinciding with an also negative peak of
NAO. After 2010, a positive NAO winter trend was observed. Considering these observations,

we defined two periods to analyse @héanomalies distribution: until 2009 and after 2009.
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Figure3.10: Spatial averages of Ghlanomalies in coastal waters (a) and offshore (b) for the
months March, April and May. The NAO index winter mean (December, January, February)

is the black thin line.

We calculated the Probability Density Function of the two periods to investigate the
changes occurring in the distribution of €hhnomaliesKigure3.11). For the coastal area,
March showed a shift from slightly normal to a bimodal distribution, with a small negative bias
related to the mean. The bimodal distribution was still dominated by Gabative anomaly

values but with a lower second peak in pesivalues, indicating years with positive &hl
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anomalies. The offshore area distribution described an increase in variance and increase of
positive anomaly values. These results could be the response of earlier spring blooms in the
period 20162020 compared to the years before. April showed the higlaeisince change,
decreasing from the first period (199809) to the second period (202020). The decrease
in positive anomaly values was evident and it can be considered as part of the negative trend
observed in the German Bight, together with the ghiflay, moving completely from positive

to negative anomalie§igure3.11).
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Figure 3.11. Probability Density Function estimated from 19889 (blue) and 2012020
(orange) for the Ckh anomalies in March, April and May in the coastal and offshore areas of

the German Bight.
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3.3.6 Chlorophylta Overall Trends

Figure3.12 shows the trends of Glal anomalies in the GB. Masitendall trend test
showed that Ckhh anomalies significantly decreased in 31% of the analysed area (p49.05).
the coastal area, mostly defined in the sadbtern corner of the study area, we found
significant positive trends, covering 4% of the analysed area. In this region, there are available
nutrients because of continued river input. Even with the twhmadacteristic waters due to the
river plumes influence, light availability is not a limitant (Fichez et al., 1992; Kerimoglu et al.
2017).

Latitude (°)

Longitude (°)
decreasing dec. no sig. inc. no sig. increasing

Figure3.12 Trend significance of Chla anomaliesomputed with MamKendal trend test.
Pixels with pvalues <0.05 are considered significant. dec. no sig.= decreasing not significant,

inc.no sig. = increasing not significant.

Most of the central German Bight showed significantly negative trends. Associating the
observed overall trends with the observed distribution changes, Anaodiwiltshire et al
(2023) examined the winter mean NAO index and computed a positive Alsndthe period
after 2010 is characterized by long phases of a positive NAO irfgwrée 3.10, thin black

line). Naturally, the positive NAO phase is associated with strong and frequent westerly (W)
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and southwesterly (SW) winds during winter and spring. In addition, also localized cyclonic
systems over the British Isles can generate such winds (see Rubinetti et al., 2023). As expected,
there is a positive trend within thes2dentury in a frequency of V8W winds (Rubinetti et al.,

2023). Due to the Ekman transport, SW and W winds suppress the spreading of coastal waters
from the south of the German Bight, offshore, and intensify cowtdekwise winddriven
circulation in theGerman Bight (Schrum, 89; Chegini et al., 2020). In addition, NAO in its
positive phase characterizes strong Atlantic wdnglen inflow through the English Chanel,
increasing mean temperatures in the North Sea (Pingree). 2005e spatial SST average
(Figure3.13), we can see a tongue with North Atlantic water temperature characteristics, i.e.
warmer than the charactersiGerman Bight surface watefhis means that negative and
positive trends in Chh offshore and coast, respectively, can partly be explained by the wind
pattern and in particular by increasing frequency e8W winds during winter and spring,

which leads to limited offshore spreading of rich nutrient coastal waters, and increases the

warm Atlantic water inflow into the North Sea.
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Figure3.13: Sea Surface Temperature time averaged for the study area. The red line marks the
11.1 °C isotherm.
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3.3.7 Dominant modes of negeasonaChlorophylta Variability

EOFS analysis was applied to examine the {@mm nonrseasonal variability in more
detail. Recent studies have used this type of analysis on chlorophyll remote sensing and model
simulation spatial data to detect the influence of environmental/oceanaymphbesses on
phytoplankton biomass time/space variability (Daefv&chrum, 2017; Alver#\zcérate et al,
2021). Results of our EOFS analyses showed that the first four modes accounted for 45% of
Chl-a nonseasonal variability in the study ar@&e perent variance explained by each mode
was 19.02% (mode 1), 11.79% (mode 2), 8.36% (mode 3) and 5.54% (md&ilgude.3.14
shows the spatial patterns for the EOFS moddswihich are associated with dominant leng
term nonseasonal features, since seasonal frequency cycles have been removed by the
climatological monthly means subtraction procedure. The normalized amplituelesdines
(principal component, PC) corresponding to the spatial patterns (EOF) and the monthly means
are shown inFigure 3.15a-d andFigure 3.16e-h, respectively. The PCs represent the time
evolution of all pixels in the corresponding mode spatial pattern. If a pixel in the spatial pattern
and its associated temporal amplitude have the same sign, it means a positive chlorophyll
deviation for thapixel at that time, in relation to the zero value in the spatial map. Conversely,
when pixels in the spatial pattern and associated temporal amplitude show opposite signs, it
means a negative deviation from zero. Therefore, pixels that show similar siyaalaes in
the spatial patterrF{gure3.14) have similar behaviour in time and represent coherent features
(Garcia & Garcia., 2008).

In terms of the spatial variability of CGll, we show that there were distinct spatial and
temporal variability in the German Bight concerning the modesoébility. EOF1 showed
the same signal for the whole German Bight i.e. a decreasing variability from coast to offshore
regions and, as indicate by the PC1, it is mostly related with interannual variability during
spring blooms and positive peaks after the late suhanteimn bloom. EOF2 split the area into
offshore (northwest region) and transitionadistal waters from southwest to northeast. EOF3
was characterized by a positive signal in the southwest region, possibly related with the English
Channel inflow, bringing warmer waters to the German Bight. EOF4 can probably be related
to stratification fora relatively long time mediated by the wind forcing and river forcing
associated with Elbe and Weser fresh water discharges (Chegini et al., 2020). It is important to
point that the modes or structures of variability contain information about the véyiabiie
dataset that is not necessarily related directly to physical features. The interpretation of the
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EOFS modes just aims to relate the data modes with physics (Olita et al., 2011). The temporal
amplitudes associated with the spatial patterns are also object of physical interpretation. To
facilitate the interpretation of the PCs, we applied the spectedysis information Kigure

3.15i-1).

Figure3.14: First four Chta anomalies EOF and PC modes. In EOF fields, black solid line is
the 0 amplitude contour and black dashed lines are the isobaths of 30m. The amplitude values
shown are all maxormalized. Explained variability percentage for each modelepeted

inside parenthesis.
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