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Short Abstract
‘Discernment of phytoplankton
groups from optical properties,’

The Barents Sea is a highly seasonal and productive shelf ecosystem, representing a gateway
between the Atlantic and Arctic Oceans. Anthropogenic climate change is causing rapid
changes in temperature, ocean chemistry, water column structure and sea-ice persistence.
Sea-ice extents are declining twice as fast in the Barents Sea as other Arctic regions, estab-
lishing a mandate to investigate the impact of these environmental changes on productivity
in the Seasonal Ice Zone. This is the remit of Arctic PRIZE (PRoductivity in the Seasonal
Ice ZonE), and this thesis was conducted under the auspices of work package 3, studying
phytoplankton compositional and phenological variability.

Remote-sensing is a key means by which ocean ecosystems are monitored and there have
been recent efforts in the literature to employ ocean-colour to recognise different assemblages
of phytoplankton. It is routine practice in the remote-sensing literature to distinguish func-
tional assemblages from cell-counts and then seek bio-optical signatures to be targeted in
remotely-sensed imagery. The analysis herein suggests that switching between different data
types in this way introduces a translation error that undermines remote-detection efforts.
We therefore recommend that functional assemblages are defined and identified directly
from their bio-optical properties.

Thereafter, a scheme of bio-optical functional types is defined, based on Barents Sea
phytoplankton communities, and a bio-optical algorithm is developed with the aim of re-
trieving this structure in remotely-sensed ocean-colour. This algorithm is applied to study
community compositional change, facilitating the integration of previous in-situ studies to-
wards a more complete understanding of incipient ecosystem change.

In addition, the ascendancy of temperate-mode autumnal phytoplankton blooms is in-
vestigated and relationships to evolving environmental conditions are explored, producing
strong evidence that Atlantic inflow currents regulate the intensity of autumnal blooms in
the Barents Sea.

In sum, growing Atlantic influence in the Barents Sea is found both to cause community
compositional changes and concomitant phenological shifts that may change Barents Sea
ecosystem function.
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Long Abstract
‘Discernment of phytoplankton
groups from optical properties,’

Marine Arctic ecosystems are among the most rapidly changing of Earth’s biological com-
munities, owing to disproportionately rapid warming of high northern latitudes. Arctic
ecosystems must contend with a variety of ancillary environmental changes in addition to
rising temperatures. Anthropogenic warming is causing changes to Meridional Overturning
Circulation, changing patterns of sea-ice persistence and broad shifts in prevailing physical
and chemical conditions.

The majority of marine Arctic primary production is hosted on rich shelf systems, where
relatively high nutrient provision and perennial spring sunlight coincide to produce suitable
conditions for massive phytoplankton blooms. Of these shelf systems, the Barents Sea of-
ten hosts more marine primary production than any other Arctic shelf in a given year.
The Barents Sea is a region typified by strong spatial gradients and temporal variability
in hydrographic conditions. Its close proximity to intense Atlantic inflows render this shelf
particularly sensitive to any changes to Global Ocean circulation. The Barents Sea is hence
an area of utmost interest for the study of changing Arctic marine ecosystem function in the
face of anthropogenic climate change — especially given the ecosystem services it provides
as a fishery of great economic importance.

Yet, there is no single position in the scientific literature anticipating how this produc-
tive shelf ecosystem will change. Some researchers expect that a longer growing season
and reduced sea-ice cover — hence greater illumination — will foster increased primary pro-
ductivity, boosting sustenance to higher trophic levels. However, this view is not shared
universally, because declining stocks of nutrients in the Nordic Seas may result in a shift
towards recycling in the microbial loop rather than further new production.

The character of primary production and its likelihood to be exported depends on phy-
toplankton community composition and phenology, hence Arctic PRIZE (PRoductivity
in the Seasonal Ice ZonE) has devoted a work-package to understanding the succession of
phytoplankton assemblages and their dynamics in the Seasonal Ice Zone of the Barents Sea,
with a view to improving understanding of this community’s baseline phenological and com-
positional variance. This should inform appraisals of the response of Arctic phytoplankton
to evolving climatological conditions and the significance of this change for higher trophic
levels and overall ecosystem function.

My Doctorate has concentrated on investigation of Phytoplankton Functional Types
and the influence of methodological choice on their detection; development of bio-optical
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algorithms for the discrimination of Phytoplankton Functional Types; and remote-sensing
studies of secular change in the predominance and distribution of Phytoplankton Functional
Types in the Barents Sea and shifts in their phenology.

My study of phytoplankton functional variety brings together measures of taxon-indicative
pigments, cell-counts, flow-cytometry and bio-optical properties, exploring the extent to
which an environmental dataset of hydrographic properties and nutrient availability con-
strains this variance. Multivariate statistics are applied to reveal functional assemblages.
My analysis finds cell-counts and flow cytometry reveal a larger number of significant en-
vironmental relationships than any other community compositional dataset. This results
from a succession of highly-abundant diatom species with distinct environmental niches.
These different diatom species are, however, similar in their optical properties and pigment
complements. Functional assemblages based on cell-count datasets may therefore prove
difficult to detect as targets in remotely-sensed ocean-colour. By contrast, I discover a
distinctive clustering of phytoplankton samples in bio-optical properties: diatoms, Phaeo-
cystis colonies, nanophytoplankton and dinoflagellates. This form of variation corresponds
closely to the concepts laid out by Margalef’s mandala — a succession of phytoplankton
functional assemblages proposed to covary with declining ocean turbulence following the
onset of stratification. I find there may exist a realistic capacity to reliably detect these
functional assemblages in remotely-sensed ocean-colour, as they possess distinct bio-optical
signatures.

Therefore, I recommend that researchers take care to consider that functional structure
may vary depending on the dataset type that is used to describe the phytoplankton. Fur-
thermore, when mixed types of dataset are employed in validation, there is likely to be a
‘translation bias’. This bias may be avoided by prioritising schemes of functional variety
defined directly from bio-optical properties.

Having developed a scheme of bio-optically-informed Phytoplankton Functional Types I
explore the feasibility of their detection in remotely-sensed ocean-colour, constructing a
database of concomitant level-3 ocean-colour measurements of MODIS-Aqua with in-situ
samples. I found it necessary to identify and remove ocean-colour data influenced strongly
by either coccolithophore blooms, suspended sediment or dissolved humic substances in
river-plumes, because these sources of variance dominated the dataset structure. It also
proved necessary to remove the variance in ocean-colour attributable to varying concen-
trations of phytoplankton, which far exceeded the variation in ocean-colour attributable to
differences in the composition of phytoplankton communities.

After these sources of variation were removed I was left with a database of residua, that
could hypothetically be attributed to differences in phytoplankton community composition.
From this database I built a Linear Discriminant Analysis and was able to show that phy-
toplankton groups with high pigment packaging, such as diatoms or Phaeocystis, could be
reliably distinguished from nanophytoplankton. Cross-validation demonstrated that, when
compared with other existing approaches, this Linear Discriminant Analysis performed
favourably within the Barents Sea. I then applied an existing experimental algorithm, orig-
inally designed to retrieve signal of chlorophyll-c3 absorption from in-situ radiometry, and
found convincing evidence that diatoms could be distinguished from Phaeocystis colonies,
which are rich in chlorophyll-c3. I thus assembled a bio-optical algorithm to distinguish
salient Phytoplankton Functional Types in the Barents Sea from remotely-sensed ocean-
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colour.

I applied the ocean-colour algorithm to categorise Barents Sea functional types, synthe-
sising a synoptic-scale record of the predominance and geographic distribution of these
types in the Barents Sea during July, between 2002 and 2018. I chose the month of July
because reports of increasing remotely-sensed primary production in the Barents Sea often
cite a lengthened growing season and enhanced mid-summer productivity.

I was able to reproduce findings that reported an ongoing redistribution of coccol-
ithophores further North-east in Atlantic inflow currents, and extended these by also finding
a North-western redistribution in the West Spitsbergen Current, which had been predicted
by previous studies. No significant change to the geographic distribution of diatom or
colonial Phaeocystis blooms was found. However, inter-annual variation in Phaeocystis pre-
dominance was found and recapitulated the pattern reported by sporadic in-situ studies.
In addition to this, the synoptic and temporally continuous nature of the ocean-colour data
set allowed me to show that there has been a significant base-line increase in the dominance
of Phaeocystis, in agreement with some predictions.

As Phaeocystis is routinely associated with low export production in contrast to diatoms,
and higher regeneration of nutrients within the microbial loop, this finding has implications
for how we envisage changing ecosystem structure and overall function in the Barents Sea.

Finally, I employed OC-CCI ocean-colour datasets and reanalysis products of Sea Sur-
face Temperature, current velocities and wind fields, to investigate the relationship between
energetic winds and the ascendancy of autumnal phytoplankton blooms in the Barents Sea.

Existing studies indicate that high winds should precipitate autumnal blooms by en-
gendering vertical mixing that brings deeply sequestered nutrients to the surface ocean. It
has been suggested that decreased sea-ice extents and a more energetic atmosphere have re-
sulted in increasing autumnal blooms in the Arctic. This mode of change is of great interest
because it recapitulates temperate modes of autumnal primary production, and therefore
investigating autumnal blooms will improve understanding of phenological change in the
Arctic in response to anthropogenic perturbation.

Contrary to expectations, I did not find a clear positive relationship between high winds
and autumnal bloom intensity in the Barents Sea. Instead, the speed of Atlantic inflow
underpins variability in autumnal bloom intensity. This finding emphasises the unique
hydrographic set-up of the Barents Sea and the role of ascendant Atlantic influences in
incipient phenological change.
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Abbreviations

Abbreviation | Expansion Definition

AlIC Akaike Information Criterion Statistical representation of model pre-
diction error employed in model selec-
tion.

Qe3 Chlorophyll-c3 absorption Absorption attributable to phytoplank-
ton pigment Chlorophyll-c3 [m™!]

aph () Wavelength-dependent (A) phyto- | Absorption spectrum attributable to

plankton (ph) absorption (a) absorption by phytoplankton [m™!]

a;h()\) Chlorophyll-specific absorption Absorption spectrum attributable to
absorption by phytoplankton at spec-
ified [chi-a]. [m%2mg~! chl-a]

AUC Area Under Curve Diagnostic capability statistic derived
from ROC curve (see ROC)

by Particulate backscattering Portion of light scattered-back by sus-
pended particles such as phytoplankton
cells. [m~!]

CDOM Coloured Dissolved Organic Matter A complex mix of many organic chemi-
cal species, such as decaying matter or
humic substances, that absorb strongly
at blue wavelengths.

CGF Component Gaussian Function Gaussian curves derived from spectral
deconstruction of complex function.

[chl-a] Chlorophyll-a concentration [mg m~?]

CTD Conductivity Temperature Depth | Sampling device to perform hydro-

rosette graphic profiling and collect seawater.

DMS dimethyl-sulphide An aerosol species produced by some
phytoplankton species, that plays a key
role nucleating cloud formation.

f-ratio Ratio of primary production supported

(di-

by inorganic nitrogen sources.
mensionless)
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GLS

Generalised Least Squares

Procedure for performing linear regres-
sions.

HNAN Heterotrophic Nanoflagellates
HPLC High Performance Liquid Chro- | An analytical method here used to mea-
matography sure concentrations of taxon-indicative
phytoplankton pigments.

Lab-OC4L Labrador-Sea diatom algorithm Algorithm for inference of [chi-a]

diatom from ocean-colour, assuming diatom-
dominated water column.

Lab-OC4L Labrador-Sea prymnesiophyte Algorithm  for inference of [chi-

prymn algorithm al] from ocean-colour,  assuming
prymnesiophyte-dominated
water column.

LDA Linear Discriminant Analysis Statistical approach to find linear
combinations of variables that divide
classes.

MODIS Moderate Resolution Imaging Spec- | Remote-sensing satellite system.

troradiometer

0C-CClI Ocean Colour Climate Change Initia- | Merged remote-sensing ocean-colour

tive product.

Epar Irradiance (F) from Photosyntheti- | Spectrally-adjusted measure of en-

cally Active Radiation (400-700nm) | ergy available to drive photosynthesis.
[Wm™?]

PCA Principal Component Analysis Statistical procedure to explore vari-
ance structure of datasets.

PET Phytoplankton Functional Type An assemblage of phytoplankton de-
fined by a common shared function in
ecosystem or biogeochemical cycling.

PNAN Phototrophic Nanoflagellates

PPC Photoprotective carotenoid A family of carotenoid pigments em-
ployed to shield photosystems from in-
tense light. [mgm™3]

PSU Practical Salinity Units Mass proportion of seawater occupied
by salts. (dimensionless)

o7 Potential density anomaly Density of fluid parcel if brought to sur-
face pressure adiabatically, compared
with surface value. [kg m~3]

RDA Redundancy Analysis Statistical method to perform regres-

sions between multiple dependent and
independent variables.
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ROC

Receiver Operator Characteristics

Statistical convention to represent diag-
nostic capability of a binary classifier.

R, Remote-sensing reflectance Ratio of water-leaving to down-welling
irradiance perceived at the top of the
atmosphere. (dimensionless)

Rysm Magnitude-normalised wavelength-specific R,s values nor-

remote-sensing reflectance malised to sum of R,; at all wave-
lengths. (dimensionless)

Rf;(f,j{p ) Expected spectral shape R, spectral shape expected (e) under
assumption of diatom (d) or prymne-
siophyte (p)-dominated water columns,
respectively. (dimensionless)

Rspe Residual spectral shape The residual (Re) difference between
measured and expected R,; spectral
shape. (dimensionless)

SeaWiF'S Sea-viewing Wide Field of view Sen- | Remote-sensing satellite system.

sor

SCM Sub-surface Chlorophyll Maximum [chl-a] concentrations at depth exceed-
ing surface values.

SST Sea Surface Temperature [°C] when absolute values are stated,

and presented in Kelvin in mathemat-
ical analyses.
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Chapter 1

Introduction

1.1 The Barents Sea and its context in an evolving Arctic
hydrography

1.1.1 Plain Language Summary

The Barents Sea is a transitional region, representing the gateway between the interior
Arctic Ocean and the North-east Atlantic.

Climatological and hydrographic conditions in the Barents Sea are dominated by the influ-
ence of water-masses from these adjacent regions; the South-western Barents Sea does not
experience seasonal ice cover, and the physical structure of the water column is determined
by temperature, while the North-east experiences recurrent growth of a thin seasonal ice
cover and water column structure is dominated by vertical changes in salinity.

This physical regime means that overall stratification on the Barents shelf is weak, com-
pared to the rest of the Arctic. This means that nutrient-rich Atlantic waters, which enter
the shelf in the South-west, and which are generally overlain by fresher water-masses, are
readily mixed up to the surface over winter. As a consequence, when ice-melt and sunshine

induce physical stratification in spring, phytoplankton are supplied with plentiful light and



nutrients; supporting transient blooms. These blooms are so rich that they place the Bar-
ents Sea among the most productive shelf seas of the Arctic Ocean, as well as being a
productive sea by global standards.

Environmental conditions in the Barents Sea may vary considerably from year to year, re-
sulting in different assemblages of phytoplankton or different intensities of phytoplankton
blooms between years; some assemblages rely on sea-ice, while others prefer open-ocean,
for example. Some phytoplankton species may require specific nutrients, be preferentially
eaten by different consumers or sink at different rates. The style of phytoplankton primary
production therefore has significant consequences for the way the Barents Sea ecosystem
functions, but understanding of these relationships is incomplete.

The hydrography of the Barents Sea is rapidly evolving in response to climate change. There
is increasing Atlantic influence and waning sea-ice formation, which may result in overall
changes to the types of phytoplankton assemblage that predominate, amounts of primary
production that are supported and its transfer through the Barents Sea food-web.

There is therefore a mandate to increase knowledge of baseline variability in Barents Sea
phytoplankton assemblages and its relationship to environmental change, so that wider
change to the Barents Sea ecosystem can be better anticipated. This will require the in-
tegration of in-situ sampling campaigns and synoptic-scale remote-sensing to monitor the

occurrence of different phytoplankton assemblages in the Barents Sea.

1.1.2 Gross hydrography

The Arctic Ocean is a Mediterranean-type sea typified by extensive shallows on the conti-
nental shelves of North America and Eurasia, which enclose deep central basins (Carmack
and Wassmann 2006) (Figure 1.1).

The entire region functions as a double estuary, wherein waters from the North Atlantic

and Pacific enter over the shelves and are freshened by continental run-off and sea-ice melt
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Figure 1.1: Arctic Ocean Circulation, with higher resolution in the Barents Sea. Red
arrows represent warm saline inflows, orange represents the Norwegian Coastal Current,
purple represents modified Barents Sea Water, blue represents Arctic water-masses and
cyan represents fresh water contributed from continental run-off from Siberian and North
American rivers. Bathymetry is represented at 4 km? resolution, constructed by querying
the ETOPO1 bathymetric database, hosted by NOAA, with the R marmap package (Pante
and Simon-Bouhet 2013). The major circulation patterns of the Arctic Ocean were re-
produced from Bjork et al. 2018. Circulation currents of the Barents Sea reproduced and
simplified with reference to Grgsvik et al. 2018. Regional boundaries reproduced from Lewis
et al. 2020.

in summer; and lose buoyancy through brine-rejection and radiative cooling in winter (Car-

mack 2007). This confluence of water-masses and complex physical processes results in the



Arctic Ocean hosting a diverse array of environments, sometimes separated by intense spa-
tial gradients in conditions. The Barents Sea, placed at the juncture between the interior
Eurasian shelves, central Arctic Ocean and Norwegian Sea, is one such transitional region.
The Barents Sea functions as the gateway for inflowing Atlantic Water delivery to the Arc-
tic. Wind patterns and variability in the Barents Sea control the volume and route of warm,
saline Atlantic Water admitted into the Arctic Ocean (Lien et al. 2013), establishing the

Barents Sea as a region of great interest in the regulation of Arctic hydrography.

The comparatively high salinity of inflowing Atlantic Waters (>34.8%0Vage et al. 2016)
results in their subduction beneath a ‘polar-lid’ of Arctic-derived water-masses and sea-ice

melt (see Figure 1.2).

South North
Ice

Figure 1.2: Cartoon meridional section of water-mass distribution over the Barents Shelf.
AW: Atlantic Water, ArW: Arctic Water, BW: Barents Water, MW: Melt Water, DW:
Deep Water. 1 Transient double diffusive convection and salt-fingering can engender vertical
mixing in spring. 2 Ephemeral retrograde flow of Atlantic Waters following shelf-break. 3
Episodic Deep Water formation in autumn and winter.

This results in a salinity-stratified water-column dominating over the Northern Barents



Sea and much of the interior Arctic Ocean (Schauer et al. 2002) (see Figure 7.3). High-
latitude seas that are stratified by salinity are known as 3! oceans, in opposition to the
thermally-stratified a? oceans (Carmack 2007). Inflowing Atlantic Water is modified by
mixing with Arctic Waters and radiative cooling to form Barents Water, which exits the
shelf into the Kara Sea and continues in an anticyclonic circulation across the Eurasian shelf
seas, eventually even bringing Atlantic influence to the Canada Basin (Rudels et al. 1994).
The delivery of Atlantic Water and its subduction underneath surface Arctic Waters is
crucial to the hydrographic and ecosystem set-up of the Barents Sea because Atlantic Water
is replete in macronutrients® essential to support primary production* (Oziel et al. 2016;
Slagstad and Stgle-Hansen 1991).

The Barents Sea’s unique situation as a transitional shelf sea underpins its capacity to
support high levels of primary production. While the Barents Sea is located entirely North
of the Arctic circle, its proximal position to warm Atlantic inflows (Figure 1.1) brings a
moderating influence. As a result, the Barents Sea represents a high-latitude boundary
between a and [ type ocean, (Carmack 2007) with temperature-stratified waters pervad-
ing the Southern and western portions of the shelf and salinity-stratified waters dominant
in the far North (see Figure 7.2). While, in the central Arctic strong haline stratification
inhibits the supply of exogenous nutrients to the surface, the relatively shallow bathymetry
of the Barents Sea (averaging only 230m) and its weaker stratification mean that deep
nutrient-replete water-masses can be resupplied to the surface layer more easily. Typically,
surface waters are recharged with nutrients as a result of winter mixing that penetrates to
hundreds of metres when the seasonal thermocline® is relaxed over the polar night (Loeng

1991) (see Figure 7.4). High salinity (>34.8%0, Vage et al. (2016)), combined with low

1. Where S refers to the density-dependence on salinity.

2. Where « refers to the thermal expansion coefficient.

3. Nutrients that are usually present at micromolar concentrations.

4. ‘Primary production’ refers to the synthesis of organic molecules, such as phytoplankton tissues, from
COo.

5. An abrupt change in temperature with depth, separating the surface and interior ocean.



amounts of fresh riverine input®, low autumnal ice-cover 7, and the relaxation of physical
stratification in winter, result in the extensive densification of Barents Water and the for-
mation of Deep Waters. This deep dense water forms a cyclonic overflow exiting South out
of the Nordic Seas. This deep return flow combines with other sources of Deep Water, com-
pleting the Atlantic Meridional Overturning Circulation (AMOC) (Buckley and Marshall
2016). Hence, to a first order, the Barents is a highly-seasonal epeiric Arctic Sea with a
South-west North-east gradient in hydrographic conditions resulting from the confluence of
Atlantic and Arctic-derived water-masses, constituting an important component in broader
meridional patterns of ocean circulation. The unique hydrographic conditions that the
Barents Sea experiences, as a result of its physical situation, result in comparatively high
nutrient availability, which results in high primary production. Changes to the the physical
and hydrographic set-up of the Barents Sea are therefore of paramount interest because of
their capacity to cause cascades in physical conditions through the rest of the Arctic and
because of the potential changes to Arctic primary production that might occur as a result

of an altered Barents Sea.

1.1.3 Intricate environmental heterogeneity
Spatial variability

An intricate pattern of recirculations is super-imposed on the gross hydrography of the Bar-
ents Sea. These currents are steered by bathymetric features (Figure 1.1) and their effects
can result in latitudinally-reversed gradients in temperature, antithetical to the broader
patterns of hydrography across the shelf. For example, the West Spitsbergen Current — the
pre-eminent source of salt and heat into the central Arctic (Mosby 1962; Schlichtholz and

Houssais 1999) — separates from its parent, the North Atlantic Drift, before following the

6. Total Arctic run-off totals ~ 0.1 Sv, and is linearly proportional to catchment area. The Barents Sea
is surrounded by relatively little land, resulting in only minor run-off (Prowse and Flegg 2000).
7. Facilitating high levels of fresh sea-ice formation in North-eastern polynas (Martin and Cavalieri 1989).



edge of the Norwegian shelf through the Fram Strait (Lien et al. 2013). The West Spitsber-
gen Current then branches into a series of smaller currents, flowing North over the Yermak
Plateau on into the Nansen Basin, East towards the Svalbard Archipelago, or deviating
South-west in an Atlantic return flow (see Figure 1.3 and Figure 7.2).

As a consequence of recirculating ocean currents, the North-western coast of Spitsbergen
is almost permanently ice-free, whilst Sgrkapp — the Southern most point of the Svalbard
Archipelago — may experience perennial sea-ice cover and the ice-edge historically extended
as far South as Bjgrngya (Shapiro et al. 2003). In general, longitudinal gradients are stronger
than latitudinal variation in Sea Surface Temperature across the Svalbard Archipelago.

Spatial changes in hydrographic conditions can be sharp at the juncture of Atlantic
and Arctic water-masses. Bathymetry, again, plays an important role in this aspect of the
Barents Sea’s hydrographic regime. Topographic features, such as the Spitsbergen Bank,
act to constrain the position of the Polar Front that forms between Atlantic and Arctic
water-masses (Oziel et al. 2016). Shallow topographic features and frontal hydrographic
regions also interact to create regions of enhanced vertical upwelling of deeper waters by

prompting diapycnal® mixing over rough bathymetry (Wassmann et al. 1999).

8. To occur across potential density gradients.
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Figure 1.3: Map of the hydrographic set-up of the Barents Sea: Bj— Bjgrngya, BSO— Bar-
ents Sea Opening, BSW— Barents Sea Water, NCC— Norwegian Coastal Current, NwAFC—
Norwegian-Atlantic Frontal Current, NwASC— Norwegian-Atlantic Slope Current, WSC—
West Spitsbergen Current. Red currents represent warm, saline Atlantic-derived inflows.
Blue currents represent colder, fresher Arctic-derived Waters. The Polar Front, represented
by a black line, divides these water-masses. The Norwegian Coastal Current (orange) car-
ries a signal of riverine input. The mixing of Atlantic and Arctic-derived water-masses, and
the alteration of Atlantic Waters through radiative cooling and the contribution of Melt
Waters, results in the genesis of Barents Sea Waters (purple) which flow on into the Kara
Sea and down-stream Eurasian shelf.



Temporal variability

In addition to intense seasonality and geographic shifts in conditions, hydrography in the
Barents Sea has a significant component of temporal variability. On short time-scales,
water-mass exchange across sharp spatial gradients in hydrography can be achieved by ed-
dies (Porter et al. 2020) or by episodic mixing caused by double-diffusive processes and
salt-fingering® in the Marginal Ice Zone!® (May and Kelley 2001; Sundfjord et al. 2007).
On an inter-annual time-scale the Atlantic inflow’s strength, and the routes it takes onto
the Barents Shelf, respond to variation in the state of the North Atlantic and the Atlantic
Multidecadal Oscillations (Lien et al. 2013; Oziel et al. 2016). Indeed, anthropogenic ra-
dionuclide pollution in North-west Europe is an effective tracer of Atlantic inflow to the
Arctic circulation. Measurements and modelling studies of radionuclide distribution con-
verge to show that shifts in the state of the Arctic Oscillation!! drive changes in the Nordic
Seas, which propagate Eastwards over the Eurasian Basin. These cascading changes ulti-
mately affect circulation structure in the whole Arctic (Karcher et al. 2012).

Studies of historical sea-ice records demonstrate that maximum annual sea-ice extent
has greater variability close to Atlantic inflows (Shapiro et al. 2003), likely reflecting the
variability of the heat and salt fluxes associated with these features. The proximal position
of the Barents Sea to the warm Atlantic inflow, which flows onto the shelf through the
Barents Sea Opening between Northern Norway and Bjgrngya, means that the Barents Sea
hydrography is particularly sensitive to changes in Atlantic inflow, compared with other

Arctic shelves.

9. A process of turbulent mixing that may occur across the halocline in the Marginal Ice Zone.
10. The region peripheral to and influenced by the sea-ice edge.
11. An annular mode of sea level pressure anomalies surrounding the Northern polar region.



1.1.4 Atlantification

Bathymetry acts to stabilise the position of hydrographic features in the Barents Sea, such
as the Polar Front, on inter-annual time scales. However, anthropogenic changes to the
global climate system have doubled the volume of Atlantic-derived waters in the Barents
Sea over recent decades — a process known as ‘Atlantification’. This substantial change is
forcing the poleward retreat of the Polar Front (Francis and Hunter 2007). The migration
of hydrographic fronts is causing rapid changes to the physical properties of the water-
column across the Barents Sea. The increased admission of warm Atlantic-derived waters
is undermining the persistence of sea-ice. Sea-ice itself controls water-column stratification,
by encouraging the formation of fresh Melt Water lenses. A reduction in the persistence of
sea-ice has therefore undermined the capacity of the Barents Sea to form stratified water-
columns permissive to ice formation in the first place — resulting in a positive reinforcement.
Indeed, the Polar Front has recently started delimiting the maximum extent of Barents sea-
ice (Barton et al. 2020). In the coming decades, the evolution a positive feedback loop
between reduced sea-ice survival, particularly multi-year ice, and haline stratification may
undermine sea-ice formation, even in the Northern Barents Sea (Polyakov et al. 2017). Thus,
the hydrographic set-up of the Barents Sea is uniquely sensitive to anthropogenic climate
change, and faces the possibility of a rapid future reorganisation. Changes in the Barents
Sea may herald future shifts that will propagate across the entire Eurasian Basin. The
heightened sensitivity of the hydrography of the Barents Sea to climate change therefore
makes it a model system to investigate the anticipated effects of future climate change
more broadly over the Arctic shelves of Eurasia and perhaps the Arctic system as a whole.
The possibility of rapid future change means that research documenting baseline ecosystem
properties and incipient change now has special value as a reference point to place future

observations in context.

10



1.2 Phytoplankton of the Barents Sea

and the wider ecosystem

The complex hydrography of the Barents Sea establishes physical conditions that permit

high levels of primary production; up to 200 gCm=2yr—!

, contributing between a quarter
and half of the total Arctic shelf sea primary production (Carmack et al. 2006; Sakshaug
2004). Putting this value in a pan-Arctic context, it becomes evident that this degree of
primary production is comparatively high; exceeded unambiguously only in the Chukchi
Sea (Figure 1.4).

Arctic primary production can be placed in a global context, by comparison with es-
timates derived from global annually-integrated estimates of primary production, derived
from ocean-colour (Figure 1.5).

The astute reader will note that there is a marked discrepancy between Arctic primary
production values reported by Carmack et al. (2006) and Behrenfeld and Falkowski (1997),
and that the Arctic region is generally typified by the absence of ocean-colour observations
in Figure 1.5. The exact reasons for the difficulty quantifying marine Arctic primary produc-
tion from remotely-sensed ocean colour will be discussed in more detail through this thesis.
Suffice to say, the persistent presence of sea-ice and cloud cover at high latitudes limit ob-
servational capacities of remote-sensors in this region, and that global primary production
algorithms routinely contain parameterisations that may not describe Arctic Seas well. For
example, the retrieval of [chl-a] from remotely-sensed ocean-colour is often optimised for
lower latitudes (O’Reilly et al. 1998). Primary production algorithms, furthermore, often
use ancillary data such as SST to inform estimates of phytoplankton physiology (with an
Arrhenius dependency on temperature often assumed), which may describe phytoplankton
well at the global scale, but which fail to adequately represent the specific physiologi-

cal adaptations of polar phytoplankton species, that are most productive at the coldest
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Figure 1.4: Map of representative values of annual primary production (gCm=2yr—1!)
from across the Arctic, taken from Carmack et al. 2006. It is evident that the Arctic
shelf seas support greater primary production than the central basin, and that inflow
shelves in particular are characterised by greater primary production. Reprinted from Progress
in Oceanography, 71 (2-4), Carmack et al., “Climate variability and physical forcing of the food webs
and the carbon budget on panarctic shelves” 145-181., Copyright (2006), with permission from Elsevier.
https://doi.org/10.1016 /j.pocean.2006.10.005

12
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Figure 1.5: Map of estimated annual primary production (gCm~=2yr~!) from across
the globe, produced by Behrenfeld and Falkowski (1997), using the Coastal Zone
Colour Scanner instrument to collect ocean colour, and estimating primary production
through Behrenfeld et al.’s Vertically Generalised Production Model. Reprinted from Lim-
nology and Oceanography, 42 (1), Behrenfeld & Falkowski., “Photosynthetic rates derived from satellite-
based chlorophyll concentration” 1-20., Copyright (1997), with permission from John Wiley and Sons.
https://doi.org/10.4319/10.1997.42.1.0001

point of the year (Berge et al. 2020). Despite these deficiencies, iterations of the Vertically
Generalised Production Model continue to be used with modern remote-sensing platforms
(Behrenfeld et al. 2006; Brown et al. 2014) to inform assessments of global marine primary
production and phytoplankton dynamics. The unique challenges of using remote-sensors to
adequately represent ecosystem dynamics and contributions to biogeochemical cycles will

be a recurrent subject of this thesis, but for now, let us return to our discussion of Barents

13



Sea marine primary production.

Intense phytoplankon blooms typically occur in the Barents Sea in spring, when the
alleviation of nutrient limitation, evolving as a consequence of deep winter mixing (Olsen
et al. 2002), acts in unison with the stabilisation of the water-column by surface heating
and sea-ice melt to create a shallow nutrient-replete surface mixed layer, ideal for photoau-
totrophy!? (see Figures 7.7 and 7.8). High primary production, in conjunction with physical
processes and biological mechanisms that mediate transport of organic matter beneath the
surface mixed layer, results in intense carbon export (Andreassen and Wassmann 1998).
Indeed, the Barents Sea exhibits some of the highest biological carbon pump efficiencies'
in the Global Ocean (Buesseler et al. 2020), and supports significant economically impor-
tant fisheries (Drinkwater 2006). Rapid Arctic climate change, and the effect it may have
on ecosystem function in the Barents Sea, is therefore of great concern. There is a mandate
to study the intersection of physical and ecosystem processes in order to better understand

how biogeochemical contributions and ecosystems services of this region are liable to change

over coming decades.

1.2.1 Pelagic modes of production

Melting sea-ice has an important role in bloom initiation in the Barents Sea. The release
of fresh water, and resulting haline stratification, leads to a rapid stabilisation of the water
column compared to the open-ocean. The recession of sea-ice therefore results in ‘ice-edge’
blooms (Wassmann et al. 1999), which are often dominated by opportunistic fast-growing

diatom genera, such as Chaetoceros, Thalassiosira and Fragilariopsis, reaching [chl-a] in

12. Photosynthesis of biomolecules from inorganic carbon.
13. A measure of the capacity for biological processes to fix and export atmospheric carbon below the
surface mixed layer.
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excess of 10mgm~—3 (Bamstedt et al. 1991). An illustrative figure of abundant Barents

plankton species is provided in Figure 1.6.
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Figure 1.6: Illustrations of abundant plankton species in the Barents Sea and indications
of functional associations. Colonial (*), calcifying (Ca), mixotrophic (M), kleptoplastid (K),
heterotrophic (H), centric diatom (c), pennate diatom (p), sympagic (Sym), pelagic (Pel),
DMS-producer (DMS). Colours indicate trophic status; green and blue (photoautotrophy),
purple (mixotrophy), red (heterotrophy). Illustrations produced by Andrew Orkney, based
on optical microscopy training with Elaine Mitchell at the Scottish Association for Marine
Science. The abundance of species such as Emiliania huxleyi, Phaeocystis pouchetii, Dino-
bryon balticum and species of Chaetoceros, Thalassiosira and Fragilariopsis is supported by
Sakshaug et al. (2009), pages 167-208. The specific dinoflagellate species illustrated here
were conspicuous in the optical microscopy, but Dinophysis acuta is attested as an abundant
species in Rat’kova and Wassmann (2002).
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Diatom-dominated ice-edge blooms are, however, not the only possible scenario; intense
blooms of Phaeocystis pouchetii have been reported developing under the sea-ice North of
Svalbard (Assmy et al. 2017; Pavlov et al. 2017; Kauko et al. 2019). Additionally, blooms
of pelagic diatoms, originating in the open ocean, may be advected underneath the sea-ice
(Johnsen et al. 2018).

Half of the annual primary production in the Barents Sea can occur in these short-lived
pulses of production that may only persist less than a month before nutrient stocks in the
surface mixed layer are depleted. Despite their short duration, the intense biological activity
they host places the Barents Sea among the most productive seas on Earth (Wassmann et
al. 1999; Carmack and Wassmann 2006). Standing stocks of phytoplankton on the Arctic
shelves reach such concentrations that they colour the ocean surface — and centennial scale
quantitative records of ocean-colour (Wernand and Woerd 2010) show that the Barents Sea
has historically been the greenest open sea of all (Wernand et al. 2013).

By contrast, the warmer Atlantic-influenced waters South of the Seasonal Ice Zone'?,
where sea-ice melt cannot induce rapid stratification, begin to bloom later. This is because
sufficient time must pass for a thermal gradient in the water-column to become established
and the Mixed Layer Depth to shoal above the euphotic depth!® (see Figure 1.7 assemblage
4).

14. The region which may experience seasonal sea-ice cover.
15. The depth at which Photosynthetically Active Radiation declines to 1% of the surface value.
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These waters tend to be dominated by smaller prymnesiophyte species such as EFmiliania
huzleyi and Phaeocystis pouchetii (Figure 1.6). While blooms South of the ice-edge do
not tend to reach such high biomass concentrations, Atlantic-influenced phytoplankton
communities are widely argued in the literature to attain higher cumulative levels of net!'6

7 over an annual time scale. This is believed to

primary production and new production!
result from their more protracted occurrence and the deeper vertical mixing of the sea in
these more Southern locations, which makes accessible a greater portion of the deep nutrient
inventory (Drinkwater 2006; Wassmann et al. 2010; Degen et al. 2016).

Atlantic-influenced waters of the Barents Sea may even exhibit a smaller secondary
autumnal bloom in September as thermal stratification is relaxed and a deepening mixed
layer provides a second charge of nutrients to surface waters — a mechanism of bloom
formation more associated with temperate waters (Ardyna et al. 2014; Dong et al. 2020).
A cartoon of the general progression of phytoplankton blooms over the productive season
in the Barents Sea is illustrated in Figure 1.7.

As blooms exhaust available nutrients, mixotrophic'® or heterotrophic'® taxa such as
ciliates and dinoflagellates, or specialist diatom species such as Pseudo-nitzschia, become
more dominant (Wassmann et al. 2006a) (see Figure 1.6 and Figure 7.8). While meridional
differences in phytoplankton community composition are to some extent determined by dis-
tinct ecological preferences among some highly abundant phytoplankton species (Wassmann
et al. 2006a; Rat’kova and Wassmann 2002), the advection of source populations also plays a

critical role in determining the community composition of ensuing blooms (Syvertsen 1991;

Boetius et al. 2013; Johnsen et al. 2018; Oziel et al. 2020).

16. The difference between energy fixed by primary production and that used by respiration.

17. The fraction of production supported by newly supplied nutrients, as opposed to recycled forms of
nutrients.

18. Organisms that are capable of both auto- and heterotrophy.

19. Organisms that rely on organic carbon for sustenance.
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High levels of inter-annual variability in climatology and the delivery of different water-
masses and nutrient stocks onto the shelf (Rey 2012; Hatin et al. 2017) are associated
with inter-annual variability in primary production in the Barents Sea — on the order of
20% (Carmack and Wassmann 2006). Concomitant with this variability in ocean produc-
tivity, the relative dominance of diatom and prymnesiophyte genera are also subject to
a high degree of spatio-temporal variation (Reigstad et al. 2002). This is a consequence
of both changing environmental conditions favouring the growth of different species — and
fluctuations in the contributions of different inflowing water-masses, which deliver different
phytoplankton stocks. Typically, the composition of phytoplankton blooms in the spring
tends to be more homogeneous across the shelf (Degerlund and Eilertsen 2010), and spatial
gradients in composition become more pronounced as blooms mature into summer??.

As the season progresses to high and late summer, blooms of the calcite-producing
coccolithophore Emiliania huzxleyi can emerge in the Atlantic-derived water-masses of the
Southern Barents Sea (Smyth et al. 2004; Hovland et al. 2013), exploiting warm (>6°C),
well-stratified and oligotrophic?! waters (Downes et al. 2020). Such coccolithophore ‘whit-
ings’ have historically occurred well South of the Seasonal Ice Zone, but have begun to
disperse further onto the Eurasian shelves in strengthening Atlantic inflow currents (Oziel
et al. 2016; Oziel et al. 2017; Neukermans et al. 2018; Oziel et al. 2020; Orkney et
al. 2020). The presence of Emiliania huzleyi has been indicated in August as far north as
Atlantic-derived waters around the Svalbard Archipelago by the taxon-indicative pigment
gyroxanthin-diester (Pettersen et al. 2011). In addition, Pettersen et al. (2011) routinely
detected the prasinophyte-indicative pigments prasinoxanthin and chlorophyll-b (Pettersen
et al. 2011), supporting earlier reports of abundant Micromonas pusilla picophytoplankton
in the Nordic Seas (Lovejoy et al. 2007). This clearly indicates that the phytoplankton

diversity, and potentially functional variety and significance, of the Barents Sea extends

20. See meridional gradient in community composition evident in July 2018; (Downes et al. 2020).
21. Conditions of nutrient scarcity.
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beyond nano- and microplankton. It must be expressed, however, that forms such as EFmil-
tania huzley: and Micromonas pusilla are united with diatoms and Phaeocystis in all being
eukaryotes.

Blooms of Emiliania huzxleyi rarely occur North of the Polar Front, even when condi-
tions there are suitable, because hydrographic fronts impose barriers to their distribution to
these areas (Oziel et al. 2020). Coccolithophore fossils, preserved in Pleistocene sediments
of the central Arctic Ocean (Backman et al. 2009) do reveal that coccolithophores have ex-
panded into ice-influenced environments in previous interglacials. The periodic occurrence
of coccolithophore whitings is significant because of their contributions to the benthic flux
of calcite and production of the climatologically important gas species dimethyl-sulphide
(DMS) (Gali et al. 2019). Coccolithophore production of calcite also liberates carbon diox-
ide to the water-column and hence potentially modulates the dissolution of atmospheric

carbon into the surface ocean (Shutler et al. 2013).

1.2.2 Sympagic modes of production and ‘hidden’ blooms

In addition to pelagic modes of production, there are ‘hidden’ forms of production in the
Barents Sea that are not routinely quantified because they are not observable at the ocean
surface or occur in inaccessible environments. Such clandestine forms of production include
phytoplankton blooms occurring in or underneath sea-ice, or in deep ‘Sub-surface Chloro-
phyll Maxima’ (SCMs) that become especially pronounced in the summer season (see Fig-
ure 7.8). Downes et al. (2020) noted the widespread occurrence of productive SCMs, in the
Arctic-derived water-masses of the Barents Sea, in July 2018. Remote-sensing approaches,
such as the observation of ocean-colour, can only observe water-column properties within 1
optical depth?? of the ocean surface. The thickness of the optical depth can decline below

1-2m in productive settings (Johnsen et al. 2018), meaning that remote-sensing approaches

22. A measure proxying the depth interval over which incident light is attenuated, conventionally defined
at the depth from which >90% of the upwelling surface radiance originates (Gordon and McCluney 1975)
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can only be reliably applied in ice-free contexts, where phytoplankton biomass is concen-
trated near the ocean surface. There is hence a hidden world of phytoplankton activity,
beyond observation by remote-sensors.

Ice-algal production is largely achieved by specialist shade-adapted colonial diatoms liv-
ing directly on the ice subsurface or forming languid spaghetti-like colonies that dangle into
the water-column beneath. These include the pennate Nitzschia frigida, which tends to
form colonies of millimetre thickness under first-year ice (see Figure 1.8), and the centric
diatom Melosira arctica that can form metre-long filaments — typically under multi-year ice

(Syvertsen 1991; Boetius et al. 2013).

,‘fﬁ

Figure 1.8: Left: Photograph of collapsed sympagic algae filaments on over-turned
ice, RRS James Clark Ross, summer 2017, JR16006. Right: Photograph of sympagic
algae colonies revealed as the wake of the RRS James Clark Ross disrupts the sea-ice
field in summer 2018, cruise JR17006. The dark colouration likely reflects densely packaged
concentrations of pigment, including diatom-indicative pigments such as fucoxanthin, which
confer an orange appearance.

While we might imagine that shaded conditions should depress photoautotrophy, fixture
to the ice subsurface ensures sympagic®® communities are not mixed beneath the euphotic

depth. In addition, a pan-Arctic conveyor belt that imports ice from the Siberian Shelf

23. Ice-associated.
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— where it is enriched by terrigenous input (Krumpen et al. 2019) can mean that sea-ice
contains its own pool of nutrients. These nutrients are gradually released as the ice melts,
which makes sea-ice a lucrative environmental niche.

As a consequence of the unique environmental conditions associated with ice, sympagic
algae can begin growing as early as February, before the onset of physical stratification
in the water-column (Syvertsen 1991). Such ice-algae assemblages possess distinct 6'3C
and 6'°N signatures and unique fatty acid species. The chemical signatures of benthic?*
sediments or animal tissues can therefore be analysed to estimate contributions from sym-
pagic algae. The stable isotopic compositions of key copepod (Calanus glacialis and C.
hyperboreus — Figure 1.6) and amphipod species, that play important roles transferring
production to higher trophic levels (Vernet et al. 2017), indicate substantial sustenance is
derived from ice-algae (Kohlbach et al. 2016). Standard §'4C uptake incubations in sym-
pagic and pelagic settings in the Northern Barents Sea indicate 16-22% of total primary
production is ice-associated (Hegseth 1998). Kauko et al. (2018) showed that there is a suc-
cession, independent of environmental forcing, from young ice-algal communities dominated
by ciliates and dinoflagellates, towards mature communities dominated by pennate diatoms.
Importantly, the establishment of mature communities was fostered by adjacent areas of
older sea-ice seeding new territory in first-year ice (Kauko et al. 2018), potentially because
multi-year ice acts as a repository for seeding ice-algal populations (Olsen et al. 2017).
The capacity for mature sympagic communities to develop may therefore be fundamentally
altered as older sea-ice becomes less prevalent (Kwok 2018) and conveyor-like circulations
that re-distribute such ice less efficacious (Krumpen et al. 2019).

As the sea-ice melts, ice-algal colonies may be liberated into the water-column and act
either as seeding populations for pelagic blooms, or sink directly to the benthos (see Figure

1.7 early spring assemblage 1) (Syvertsen 1991; Boetius et al. 2013). Ice-algal assemblages

24. Ecosystems at the sea bottom.
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hence play a role ‘inoculating’ ice-edge blooms and therefore, while they are rarely observed
without ice-breaking vessels, ice-algal blooms are inescapably convolved with pelagic modes
of production.

It is evident from the discussion thus far that some sympagic diatom species live dou-
ble lives, practising both sessile and planktic ecologies. Sessile modes are reminiscient of
their heterokont sisters, the brown-algae, some of which develop differentiated multicellu-
lar tissues. Pluricellularity is widespread among eukaryotic phytoplankton of the Arctic
shelf seas, occurring not only in diatoms but also the heterokont golden alga Dinobryon
(Hansen et al. 1990) and even in haptophytes such as Phaeocystis species. Indeed, there
may be a differentiation between vegetative and sexual tissues in Phaeocystis (Peperzak
et al. 2000a). Both of these phytoplankton genera occur routinely in fresher, ice-associated
settings (Degerlund and Eilertsen 2010). Colony formation in Phaeocystis pouchetii, medi-
ated by the secretion of gelatinous extracellular polymers, can result in the flocculation of
cells into rapidly-sinking aggregates that result in mass-sedimentation and export of organic
matter beneath the mixed layer (Wassmann et al. 1990).

An additional layer of complexity is super-imposed by interspecific interactions, such as
the nucleation of Phaeocystis colonies around senescent diatom frustules (Weisse et al. 1986),
or the colonisation of existing Phaeocystis colonies by specialist pennate diatoms (Sazhin
et al. 2007). These processes, and the secretion of toxic compounds — such as the clima-
tologically relevant aerosol species DMS — may act to modulate the efficacy with which
Phaeocystis blooms are metabolised by heterotrophs or exported beneath the mixed layer.

As nutrients are depleted in the well-stratified surface waters of the Marginal Ice Zone,
phytoplankton blooms are unable to continue producing new biomass and are forced to de-
scend towards the nutricline®® (Kristiansen and Farbrot 1991; Cullen 2015), forming SCMs.

The significance of production in the SCM as a source of sustenance for the wider ecosys-

25. A rapid increase in nutrient stocks with depth.
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tem and as a means to sequester atmospheric carbon has proven contentious. Some authors
have argued that SCM phytoplankton communities are routinely moribund, representing
phytoplankton ‘graveyards’ responsible for only a fraction (< 1%) of total net primary pro-
duction (Arrigo et al. 2011), while others have suggested that their contributions may be
significant (Hill et al. 2013). A recent study indicated that when SCMs occur as narrow
horizons within the euphotic zone that they may receive sufficient illumination to support

equal production to surface blooms (Bouman et al. 2020).

1.2.3 Trophic cascades: energy transfer through the Barents Sea ecosys-

tem

80% of harvestable production in the Barents Sea is transferred through secondary produc-
tion in bathypelagic and benthic communities (Wassmann et al. 2006a), with the remainder
largely grazed by copepod species. Processes that transfer pelagic and sympagic produc-
tion to the benthos (pelagic-benthic coupling) are therefore of paramount importance to
the efficient function of the Barents Sea ecosystem. They determine the transfer of energy
to higher trophic levels and sequestration of carbon in shelf sediments.

On the shelf a large proportion of benthic respiration, as indicated by oxygen consump-
tion, is mediated by epifaunal?® megabenthic animals (> 1cm length) such as abundant
brittle stars — particularly in rocky areas, while trough or shelf-break environment respi-
ration is dominated by smaller infaunal?” animals such as polychaete worms. Sedimentary
respiration is mostly achieved by microbial communities (Piepenburg et al. 1995). Up to
75% of oxygen consumption in the benthic community can be attributed to epifauna in
shallow settings (Renaud et al. 2008), and a majority of sinking carbon and pigments fu-
elling secondary production are inferred to be diatoms and copepod faecal pellets.

Paradoxically, spatial gradients in pelagic primary production in the Barents Sea are

26. To live above the sediment-water interface.
27. To live below the sediment-water interface.
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anti-correlated with gradients in benthic secondary production (Jgrgensen et al. 2014; Degen
et al. 2016). Enhanced trawling pressure in the South-west Barents Sea might be impli-
cated, because it removes benthic biomass. However, estimated net primary production
in the Northern Barents Sea is routinely lower than the measured benthic production and
therefore trawling alone is not a full explanation (Degen et al. 2016). Degen et al. (2016) also
reported a positive relationship between trawling and benthic production, possibly caused
by the removal of larger, older and less productive benthic organisms in trawls, dismissing
trawling as an explanation for antithetical gradients in surface and benthic production.
Spatial variation of the f-ratio®®, and efficacy of pelagic-benthic coupling, offer poten-
tial resolutions; a smaller amount of net primary production might support greater benthic
production if it is transferred very efficiently to the benthos, while a region with high net
primary production may contribute relatively little sustenance to higher trophic levels if a
large fraction of net primary production is supported by regenerated nutrients being recycled
in the microbial loop. Clandestine forms of production, such as under-ice or SCM blooms,
may need to be invoked to fully explain scenarios in which benthic production exceeds
estimated surface primary production. If these hidden forms of production occur preferen-
tially in Northern waters regarded as less productive, they offer a simple explanation for
increasing secondary benthic production with latitude. Alternatively, the mass-advection of
pelagic organisms (Eriksen et al. 2017) might redistribute food to less productive regions,
meaning that local pelagic and benthic forms of production may not be in direct equilib-
rium. The possible explanations for reversed gradients in detectable pelagic and benthic
production may therefore include a complex network of interacting physical and biological
processes — which confounds the task of inferring their potential response to anthropogenic

climate change. I hence consider each category here in turn and contrive a scheme of their

28. A measure of the utilisation of inorganic compared to total nitrogen sources — representing the ratio of
new to total (new and regenerated) production. Conventionally, nitrate is taken to proxy inorganic sources
and ammonium to proxy organic sources.
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interactions.

Physical causes for enhanced Northern export

Degen et al. 2016 suggest that ice-edge upwelling could justify higher new production in
the Marginal Ice Zone and that other ice-edge physical processes might be instrumental
in the vertical export of carbon to depth. Indeed, transient occurrence of salt-fingering in
this environment may penetrate beneath a relatively shallow mixed layer caused by haline
stratification (Porter et al, in prep), facilitating enhanced export. By contrast, the mixed
layer takes longer to shoal in the thermally-stratified Atlantic Waters of the Southern Bar-
ents Sea. Phytoplankton biomass evolving in these regions may therefore be less liable to
sudden export.

Esoteric physical processes, such as ballasting of phytoplankton blooms by gypsum
crystals shed from sea-ice, may also in some circumstances contribute to efficient export
production (Wollenburg et al. 2018). Some of these physical processes, such as the bal-
lasting of colonial phytoplankton, are implicitly convolved with the quality and quantity
of primary production (see 1.2.3). For example, the suggestion that enhanced wind stress
at the ice-edge enhances export (Degen et al. 2016) is related to the quantity of primary

production, because upwelled nutrients may fuel additional primary production.

Biological quality of production

As the Barents Sea transitions into summer, communities of nanophytoplankton®® tend to
predominate in Atlantic Waters. The larger microphytoplankton®® in the Atlantic water-
masses tend to be mixotrophic dinoflagellates (Downes et al. 2020), rather than obligate

autotrophs. Smaller autotrophic phytoplankton cells do not sink as rapidly as large frustule-

29. Phytoplankton that are between 2 and 20 pm diameter.
30. Phytoplankton that are over 20 pm diameter.
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clad diatom colonies (Falkowski et al. 1998; Jiang et al. 2005) and their less refractory coat-
ings may render them less protected from consumption by heterotrophs, possibly eroding
the downward carbon flux. Indeed, studies of Phaeocystis occurrence in the Southern Bar-
ents Sea imply that their biomass is more rapidly remineralised as they sink, in contrast to
diatoms (Reigstad and Wassmann 2007).

As the Barents Sea’s production evolves from spring through summer it is increasingly
supported by regenerated nutrients. The delayed evolution of stratification in the Southern
Barents Sea may therefore mean f-ratios are perennially lower and that higher net primary
production in the surface ocean may result in only modest contributions to export (Erga
et al. 2014). Such an interpretation is compatible with the evolution of high ammonium
concentrations in the Southern Barents Sea during summer (see Figure 7.10).

Thus, the biological quality of production, and the role it plays in moderating export,
is not only structured by bottom-up controls such as the physical environment (see 1.2.3),
but also top-down controls from higher trophic levels (see 1.2.3).

As variation in the biological quality of production is a pre-eminent means by which
pelagic-benthic coupling is mediated, its study is a central subject of this thesis. The bio-
logical quality of production is directly amenable to study under work package 3 of Arctic
PRIZE, as a consequence of the detailed collection of taxon-indicative pigment ratios and
seawater samples stained with Lugol’s solution for the enumeration of microphytoplank-
ton cells under optical microscope. There are currently sustained efforts in the literature
to recognise and monitor phytoplankton functional assemblages in remotely-sensed ocean-
colour (Quere et al. 2005; Sathyendranath et al. 2004; Jackson et al. 2010; Sathyendranath
et al. 2014; Liu et al. 2018), but studies specific to the Barents Sea have, thus far, have
disproportionately focussed on discrimination of coccolithophores (Smyth et al. 2004; Hov-
land et al. 2013; Oziel et al. 2016; Oziel et al. 2017; Neukermans et al. 2018; Oziel et

al. 2020), owing to the strong influence that scattering by their biomineral liths has on
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upwelling radiance (Hovland et al. 2014). However, there have been previous efforts to
distinguish diatoms from mixed phytoplankton populations in the Labrador Sea (e.g. Stu-
art et al. (2000). However, such algorithms have only a regional scope of application,
owing to region-specific patterns in phytoplankton hyperspectral absorption (Jackson et
al. 2010). As hundreds of measurements of in-vivo phytoplankton hyperspectral absorption
(hereafter simply referred to as bio-optical properties) were collected under Arctic PRIZE,
there is a potential for similar efforts to be extended to the Barents Sea. This offers the
prospect for Functional assemblages — which might be deduced from relationships between
community compositional and environmental datasets — to be recognised and related to
bio-optical properties of the ocean, such as hyperspectral absorption (a,s (X)), and thereby
remotely-sensed ocean-colour. As different community compositions of phytoplankton may
have significantly different functional significances, such as their contributions to export
production, this could provide additional insights into ecosystem state in the Barents Sea.
Although alacrity to detect functional assemblages and infer biogeochemical dynamics must
be tempered with the knowledge that biogeochemical relationships can be highly variable
and influenced by environment-specific circumstances (Le Moigne et al. 2015; Wollenburg
et al. 2018). Keeping these nuances in mind, a key ambition of this thesis is to explore the
extent to which optically distinct phytoplankton assemblages might be recognised in the
Barents Sea from space, in aid of improving insights into the state of the ecosystem and
probing its response to anthropogenic perturbation. We must temper our enthusiasm, how-
ever, with the knowledge that bio-optical properties of distinct phytoplankton assemblages
can be dynamic. Phytoplankton may modulate their production of different intracellular
pigments, or change the way in which pigment-protein complexes are bonded (Johnsen and
Sakshaug 2007), which may significantly alter the wavelength and amplitude of pigment
absorption spectra. Evidence of photoacclimation can also be found in the ratio of key

protective or photosynethetic carotenoid pigments (e.g. Johnsen et al. (2018) and Kauko
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et al. (2019). In combination with self-shading (e.g. Barros et al. (2003)) pigment-specific
absorption (ay;,(A)) may be altered by a factor of 2-4 by photoacclimation, which could
seriously disrupt researcher efforts to infer pigment concentration or spectral signatures of

distinct phytoplankton assemblages from ocean colour.

Heterotrophic controls on export production

Pelagic heterotrophs, such as grazing copepod species, are usually credited with enhancing
export production through much of the Global Ocean. This results from Diel Vertical Mi-
gration, which allows them to excrete fast-sinking faecal pellets beneath the surface mixed
layer. However, copepod grazers in the Southern Barents Sea can reduce export because
of coprophagous behaviour in response to food scarcity (e.g. Riser et al. 2002, Riser et
al. 2007). The specific life-histories of grazers in the Barents Sea, caused by variation in the
phenology3! of their autotrophic food-supply, therefore has great influence on their moder-
ations of export production.

In addition to indigenous heterotrophs, supported by autochthonous production, the
widely variable flux of pelagic heterotrophs onto the shelf that is mediated by ocean cur-
rents must be considered. Atlantic currents may introduce juvenile fish and krill into the
South-west Barents Sea. Massive increases in the abundance of these organisms, likely
driven by increasing Atlantic inflows, drove a doubling in the Barents Sea pelagic com-
partment biomass after 2003 (Eriksen et al. 2017). This means that there is a significant
degree of allochthonous influence in the Barents System on top-down controls of ecosystem
function.

Export production is therefore the result of the superimposition of multiple fields; a field
of the initial new production and phytoplankton community composition, physical procliv-

ity for export and the action of heterotrophs moderating the survival of sinking particles.

31. Cyclic, seasonal biological phenomena.
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It is evident, from this discussion, that there is no consistent globally-applicable relation-
ship between remotely-sensed [chl-a] and net primary production, and between net primary
production and resultant export production. The efficiency of export in the global ocean
varies widely (Buesseler et al. 2020) and therefore, converting net primary production into
export estimates requires knowledge of ancillary proxies of this variability. SST is routinely
invoked to this end (Laws et al. 2000), as it covaries with a host of biological and physical
processes that sum to influence export. However, we should remind ourselves that even
a single species, such as a calanoid copepod, can significantly alter export efficiency (e.g.
Riser et al. (2002) and Riser et al. (2007)), and that we must therefore accept that there
exists some degree of uncertainty that cannot be easily represented in algorithmic represen-
tations of ocean processes, but which must be quantified empirically and inferred intuitively
by the skilled biologist.

It might be expected that a change in the overall productivity should have straightfor-
ward implications for export. However, it must be considered that there may be accompa-
nying changes in phytoplankton community composition and the survival, composition and
phenology of heterotrophs. It must also be acknowledged that benthic heterotrophs, that
rely on a vernal pulse of productivity to sustain them, are constrained to be in equilibrium
with the autochthonous production. By comparison, pelagic heterotrophs are often highly
migratory or liable to rapid dispersals as a result of mechanical mixing.

The network of interactions between environmental conditions, autotrophic primary
production, heterotrophs and resulting export production, is illustrated in Figure 1.9.

Environmental conditions are instrumental in facilitating autotrophy, for example by
creating conditions permissive to growth or by advecting phytoplankton stocks onto the
shelf. Resulting production might be directly exported to the benthos (1), or form a flux
to the benthos that is moderated by heterotrophy (2). The composition of the autotrophic

community might influence the structure of the heterotrophic community, resulting in a
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Figure 1.9: Diagram of relationships between bottom-up and top-down controls on pri-
mary production and their relationships to export. Red: pathways of interaction caused
by environmental change. Green: pathways associated with change in the autotroph com-
munity’s interactions with the environment. Blue: pathways associated with change in the
heterotroph community. Dashed: feedbacks associated with export production.

feedback between autotrophy and heterotrophic moderation of export (3). Changes in the
physical environment may also moderate the flux of exported production (4). There is some
capacity for autotrophs to themselves influence the evolution of the physical environment,
for example by engendering surface heating of the water-column by altering the albedo of
sea-ice or the absorption of light in pelagic settings (Park et al. 2015), or by releasing cli-
matologically relevant gasses (Charlson et al. 1987). The physical environment may also
directly determine the survival of heterotrophs, or their dispersal onto the shelf, modifying
the capacity of the heterotrophic community to moderate export production (5).

Ultimately, export production has a role in determining the nourishment of bathy-
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pelagic and benthic heterotrophs. Export therefore represents a feedback to the pelagic
heterotrophic community because some pelagic heterotrophs are meroplankton? with ben-
thic or bathypelagic adult stages. This means their long term reproductive success may
be influenced by the quantity, quality and style of export production. Some heterotrophs
may themselves be consumed by other heterotrophs that have benthic stages; Arctic cod
(Boreogadus saida) and capelin (Mallotus villosus) both practice demersal®® ecologies and
are prolific consumers of calanoid copepods (Hop and Gjgsaeter 2013). Export production
also influences the environment and its capacity to support autotrophy, because it results
in nutrient draw-down.

This discussion of species-specific interactions in the heterotroph community is a re-
minder that each compartment modifying export production possesses complex internal
structure — and that anthropogenic influence on ecosystem function is not merely limited
to perturbation of long-term environmental conditions, but also by human demands for
ecosystem services such as commercial fishing. It should be considered, for instance, that
the dominant role of epifaunal megabenthic animals in transferring production to higher
trophic levels is fundamentally altered by bottom trawling. Bottom trawling is one of the
major factors controlling the community composition of benthic ecosystems in the Barents
Sea (Denisenko 2001). The sensitivity of the Barents Sea to climate change is therefore
shaped by human activities. For instance, observing that bottom-trawling significantly de-
creases the benthic faunal biomass (Jgrgensen et al. 2016), there is good reason to believe
that their capacity to fulfil the functional roles they play in the ecosystem will be under-
mined. For example, if animals that recycle benthic deposits are extirpated by trawling,
then this resource of food is made less accessible to demersal-foraging fish species. For ex-
ample, we can envisage a scenario in which greater Atlantic influence displaces the keystone

species polar cod (Boreogadus saida) towards their North-east refuge (Hop and Gjgsaeter

32. Organisms that are only planktic for part of their life-cyle.
33. Living close to the benthos.
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2013) and reduced sea-ice extents permit greater trawling within this refuge — potentially

resulting in a combination of additional stresses on this species.

While there is tentative evidence that it may be possible to detect zooplankton swarms
in remotely-sensed ocean-colour (see Basedow et al. (2019)) the development of such al-
gorithms is currently in its infancy. This means that the documentation of variation in
zooplankton populations is reliant on in-situ sampling (e.g. Eriksen et al. (2017)). The
role grazers play regulating the occurrence or durations of phytoplankton blooms, and
pelagic-benthic coupling, is therefore beyond the thematic scope of this thesis — which is
focussed pre-eminently on the monitoring of phytoplankton stocks from space. Upon re-
viewing Figure 1.9, it can be seen that processes (2), (3) and (5) will remain the subject of
future research, unless they are so tightly coupled to phytoplankton functional assemblages
that they can be considered deterministic extensions of the biological quality of primary
production. However, rigorous study of the pelagic phytoplankton community, relation
of environmental associations to distinct functional assemblages, and the recognition of
such functional types from remotely-sensed ocean-colour, will offer significant capacity to
improve understanding of baseline ecosystem function and its response to environmental
forcing. Furthermore, improvements in understanding and ecosystem monitoring, that will
result from pursuing these questions, can build a foundation essential to future holistic

studies that include higher trophic levels.

1.3 Ecosystem change in the Barents Sea: unresolved ques-

tions

While understanding of baseline ecosystem function in the Barents Sea is clearly incomplete,

scientists are faced with the additional challenge of accommodating rapid ecosystem change
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into their conceptualisation of Barents Sea ecosystem processes. These rapid changes are
attested by a range of sampling campaigns, retrieving in-situ measurements that proxy
ecosystem state, and remote-sensing surveys that facilitate synoptic-scale inferences about
ecosystem function. Ecosystem modelling may also be used to further understanding of
ecosystem variability and anticipated modes of change. In recent years, accelerating progress
in the miniaturisation of electronics has facilitated the development and deployment of a
wide range of sensor platforms to Arctic environments (Berge et al. 2020) (chapter 9). In-
situ sampling by ships, records by autonomous moorings, and remotely-sensed ocean-colour
from nationally-funded space-borne platforms, are therefore now accompanied by observa-
tions from remotely-operated, semi-autonomous or fully automated robotic submersibles
(e.g. (Porter et al. 2020)), drones and miniature satellites. This heterogeneous sum of data-
streams, including measurements as diverse as photography by subaqueous robotic landers,
hydrography, fluorometric quantification of [chi-a], backscattering by particular matter and
nutrient assays, heralds the dawn of a new data-rich era of Arctic science. The integration
of these diverse datasets — representing spatial and temporal scales that may vary between
individual seconds at fixed locations (e.g. landers) or multi-day integrations over thousands
of square kilometres (remote sensing), presents a unique challenge for a new generation of
researchers (see e.g. Kostakis et al. (2020) for the integration of in-situ absorption and
backscattering measurements acquired by robotic platforms with remotely-sensed ocean-
colour, and Degen et al. (2016) for the use of derived biological variables, inferred by a
neural network). If they can be effectively integrated, these additional data-streams pro-
vide researchers with the opportunity to gain an unparalleled holistic insight into Arctic
ecosystem function. In particular, the long-term deployment of autonomous robotics, is
allowing researchers to obviate the strong bias towards transient vernal and summer sam-
pling, and permitting greater access to historically under-sampled environments, such as

underneath the sea ice (e.g. Lee et al. (2017)) .
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For now, however, I concentrate on discussing the legacy of traditional in-situ sampling,
remote-sensing methods and modelling approaches, that have come to shape the established
schools of thought concerning the biology of the Barents Sea, identify their deficiencies and

where those data collected under Arctic PRIZE may prove helpful.

1.3.1 In-situ studies

Sampling of the phytoplankton community and sediment traps North-west of Svalbard have
revealed that the phytoplankton community composition is increasingly dominated by small
haptophyte nanophytoplankton, such as Emiliania huzleyi and Phaeocystis pouchetii (Sak-
shaug et al. 2009; Pettersen et al. 2011; Nothig et al. 2015). This implies that increased
Atlantic inflow into the Barents Sea is importing temperate water species, recapitulating
changes inferred from sedimentary cores of previous interglacials (Backman et al. 2009).
Alternatively, enhanced physical stratification from increased surface warming may favour
Phytoplankton Functional Types that are more suited to oligotrophy (e.g. stratification and
resultant nutrient limitation causing a succession in Functional Types in the Norwegian Sea
Fragoso et al. (2021). Indeed Fragoso et al. (2021) were able to show that bio-optical prop-
erties, such as the ratio of fluorescence to particular scattering, covaried with functional
assemblages.). A signal of such a shift has already been reported in the Canada Basin
(Li et al. 2009). Other than stratification dynamics, reduced nutrient content of Atlantic
inflows (Hétin et al. 2017) might also explain declining end-winter nutrient inventories and
resultant secular shifts in Phytoplankton Functional Types.

In addition to these pelagic changes, a variety of potential new styles of production have
been attested under the sea-ice, such as diatom colonies forming under thinner sea-ice in
the Nansen basin (Boetius et al. 2013), enhanced primary production north of the MIZ in
the Fram Strait (Dybwad et al. 2020), and some authors have speculated that an increas-

ingly thin and dynamic sea-ice cover will result in reduced snow-cover and more refrozen
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leads, potentially transmitting more light and hence supporting greater ice-algal production
(Kauko et al. 2017).

It can, however, routinely prove difficult to fully reconcile studies in differing locations
or environmental contexts in the Barents Sea. Recent research at the shelf break North of
Svalbard implies that nutrients are charged to higher concentrations over winter, and draw-
down is more protracted in spring, when ice-cover is low (Henley et al. 2020), potentially
contradicting our expectation of ongoing secular decline in end-winter nutrient inventories
and a transition towards phytoplankton functional assemblages dominated by smaller cells
and greater recycling of production. The authors suggest that increased Atlantic influence
will boost access to nutrients, and that this may lead to enhanced nitrate uptake and pos-
sibly higher export production — a conclusion supported by other researchers working in
the area (Randelhoff et al. 2018). These apparent contradictions may result from unique
ecosystem function and environmental conditions in the shelf-break region (Personal cor-
respondance, S.Henley 2020) which is unlikely to be representative of the broader shelf
ecosystem. It is also worth considering that protracted nitrate draw-down is not necessarily
indicative of greater integrated export production over the productive season, as the slower
draw-down may instead result from ongoing remineralisation. Henley et al. (2020) argue
that their findings must be integrated with changing stratification regimes and shifts in
phytoplankton community composition. Indeed, a shift in community composition away
from diatoms and towards smaller haptophyte phytoplankton species should be expected
to result in increasingly regenerated production (Reigstad et al. 2002). Along with hap-
tophyte genera, such as Emiliania and Phaeocystis, we might also expect picoeukaryotic
prasinophytes, such as Micromonas pusilla, to be ascendant in a new Arctic Ocean. Indeed,
recent discoveries of mixotrophy in this species (McKie-Krisberg and Sanders 2014) point
to piceukaryotic prasinophytes potentially finding lucrative niches in a more oligotrophic

Arctic Ocean recycling production.
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Recent studies of bio-perturbation at the sedimentary interface imply that the benthic
community’s role in the fate of sinking carbon can be rapidly modified by changing environ-
mental conditions, such as reduced ice-cover, even when the long term structure of benthic
communities is relatively robust (Solan et al. 2020). A greater biomass and functional diver-
sity among Northern benthic animal assemblages may make predicting these communities’
responses to environmental change — and the significance they have for benthic production
and carbon sequestration — particularly difficult, especially since it has proven challenging
to relate the high degree of variability in Northern benthic communities to any salient en-
vironmental conditions (Souster et al. 2020). These studies, more than anything, reveal
the unknown environmental dependencies and functional versatility in the benthic animal
community. Indeed, distinct studies of benthic faunal assemblages in the same times and
locations, using the same statistical methods?* still disagree on the nature of variation in
faunal composition. Solan et al. (2020) identify Northern and Southern clusters, while
Souster et al. (2020) describes variation as clinal.

Faust et al. (2020) suggests, based on a study of sediment chemistry, that ongoing change
in the Barents Sea may impede the long term sequestration of carbon in sediments. Sedi-
mentary organic carbon content was found to be higher in historically ice-covered regions.
Curiously, elevated Northern organics anti-correlate with calcareous sediment content?>
in the Southern Barents Sea. The authors attribute this to variation in the strength of
pelagic-benthic coupling, or to a larger degree of recycling of sinking organics in the South-
ern Barents Sea — recapitulating suggestions by other authors of greater regeneration in this
region (Degen et al. 2016)

In sum, in-situ studies provide an uncertain impression of the functional significance
of ongoing environmental change in the Barents Sea. This results from an incomplete un-

derstanding of how food-web interactions determine the fate of fixed-carbon and how those

34. Non-Metric Multi-dimensional Scaling analysis.
35. Considered a proxy of primary productivity.
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interactions are themselves being re-structured by anthropogenic perturbation.

1.3.2 Remote-sensing and modelling studies

Researchers might ask whether exploring different parameterisation schemes of ecological
interactions in ecosystem models could increase understanding of how sensitive predictions
of ecosystem change are to different hypotheses. They might also wonder whether seeming
contradictions between in-situ studies might actually simply be the result of spatial hetero-
geneity in the Barents Sea (frontal, shelf-break or bank ecosystems might all fundamentally
differ), and as such may seek means of monitoring synoptic-scale change in the Barents Sea.
Model simulations offer the potential for synoptic studies, and remote-sensing approaches
— though limited to the surface ocean — could also provide valuable means of measuring
changes in phytoplankton distribution, concentration and phenology. Models and remote-
sensing approaches coincide in some regards, as remote-sensing approaches may be used to

validate models or may provide data that is assimilated into them directly.

Remote-sensing studies, which infer chlorophyll-a concentration ([chi-a]) from the colour
of surface waters, have repeatedly indicated growing Arctic net primary production (e.g.
Arrigo and Dijken (2011), Arrigo and Dijken (2015)). The astute reader should take note,
however, that satellite-derived [chl-a] can possess systematic bias (see discussion surround-
ing Figure 1.5), and that algorithms designed to infer primary production often make use of
ancillary environmental variables to infer physiology and therefore the efficacy with which
a standing stock of phytoplankton biomass converts downwelling irradiance into primary
production. In Arrigo and Dijken (2015), for example, the daily primary production algo-

rithm of Pabi et al. (2008) is employed:
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z=0 t=0 C
PP = / Chi(2)-S-G(z, Ddtdz, (1.1)
00 24 Chl

where primary production (PP) is integrated between z = 0 and 100m, over t = 24
hours, the carbon (C) to [chi-a] (Chl) ratio is assumed to be 90 gg~—!, and physiology is
parameterised by a growth term, G, varying over depth and time, that is itself an expo-
nential function of SST and downwelling irradiance (vis-a-vis Arrhenius). It is therefore
evident that, along with [chl-a], variation in SST will be assumed to control overall primary
production, and that assumptions researchers make about the vertical depth-distribution
of [chl-a] might significantly impact primary production estimates. It should therefore be
emphasised that overall net primary production does not follow directly from surface [chl-a].
In particular, I petition the reader to consider that an assumption of a constant carbon to
[chl-a] ratio is a dramatic simplification (Johnsen and Sakshaug 2007; Brunet et al. 2011),
and that physiological adaptations may vary widely among the phytoplankton. For exam-
ple, a temperature dependence may have limited value in Arctic-influenced water-masses,
where phytoplankton blooms are most intense at the coldest point of the year — showing
remarkable agnosticism to SST (Hodal et al. 2012).

The findings of Arrigo and Dijken (2015) are, furthermore, partly driven by receding
sea-ice revealing more ocean surface to sensors. Whether this represents enhanced produc-
tion is therefore debatable, as it must be acknowledged under-ice production, which can
be prolific (Arrigo et al. 2012; Dybwad et al. 2020; Ardyna et al. 2020), is neglected from
consideration. In addition, there is reason to be sceptical that a longer period of ice-free con-
ditions necessarily represents a longer period of new production rather than a longer period
of regenerated cycling in the microbial loop. Of note, decreasing sea-ice results in greater
annually-integrated remotely-sensed [chl-a] in Barents Sea, but lower values in spring (Oziel
et al. 2017). Researchers should be cautioned to interpret secular change in remotely-sensed

[chi-a] with care, as summer primary production is more likely to be regenerated.
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Lewis et al. (2020) and Siswanto (2020) both provide remote-sensing evidence of a secu-
lar increase in [chl-a] in the Southern and central Barents Sea. They argue that net primary
production must be increasing, even if increasing open-water area is not considered. Lewis
et al. (2020) develop upon this argument, making the case that increases in inferred [chl-a]
are limited to the Arctic inflow shelves and that this must necessarily mean that greater
inflows of temperate nutrient-rich waters are supporting greater new production in these
regions. However, the entirety of the Barents Sea is considered an inflow shelf in this analy-
sis, and furthermore in-situ studies of the concentrations of crucial nutrients, such as silicic
acid, indicate a secular decline in end-winter inventories (Rey 2012), potentially driven by
ongoing anthropogenic changes to patterns of ocean circulation (Hatun et al. 2017).

It must also be considered that Arctic specialist phytoplankton and temperate phyto-
plankton species differ in their bio-optical properties (Stuart et al. 2000), and that previous
authors have demonstrated that taxon-specific variation in bio-optical properties is a major
driver of error in remotely-inferred [chl-a] (Dutkiewicz et al. 2019). Global algorithms for the
inference of [chl-a], from remotely-sensed ocean-colour, are usually trained on empirical cal-
ibration match-ups between low-latitude [chl-a] measurements and matching ocean-colour.
Arctic phytoplankton assemblages have much higher pigment packaging® than low-latitude
communities. Global algorithms may therefore under-estimate Arctic pigment concentra-
tions by a factor of two, as a result of their lower chlorophyll-specific®” absorption® (Cota
et al. 2003). The dispersal of bio-optically aberrant temperate phytoplankton assemblages
into the Barents Sea may therefore drive a spurious secular increase in perceived [chi-a]

concentration.

36. Absorption by a phytoplankton community in-vivo, in which pigments are packaged inside cells, com-
pared to absorption of those pigments suspended in solution (Duysens 1956).

37. Absorption, normalised to [chi-a]. Commonly denoted ayj;()) in the literature, measured in units of
m?mg ! chl-a.

38. Wavelength-dependent attenuation of light per unit distance (m™1).
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Ecosystems modelling approaches to simulate Barents Sea processes have yielded conclu-
sions that are, in some cases, difficult to resolve with observational studies. Wassmann et
al. (2006b) succeed in reproducing temporal and spatial modes of variability of suspended
biomass, indicated by in-situ measurements, but their 3-dimensional model underestimates
export production®’. Perhaps of crucial relevance to this underestimation, the fluid dynam-
ical aspects of the simulation set-up fail to resolve sudden downwelling events, retention
by grazing may be overestimated and May [chl-a] is underestimated. Authors, such as
Jorgensen et al. (2014) and Degen et al. (2016), have suggested that export efficiency can
be amplified during spring blooms by ice-edge physical interactions, and that this repre-
sents a leading explanation for relatively high benthic production in regions with high sea-ice
persistence. Inadequate representation of ice-associated processes in ecosystem models may
therefore contribute to a positive modelled relationship between temperature and export
production (Wassmann et al. 2006b). There is hence a potential that incomplete represen-
tation of sub-mesoscale physics or parameterisations of trophic interactions could result in
models providing conclusions antithetical to reality. However, even in so doing, modelling
studies provide researchers with useful indications of which physical or ecosystem processes
are not fully represented and provide a qualitative assessment of their relative importance.

Modelling approaches possess some advantages over remote-sensing inferences, as sub-
surface processes, inaccessible to satellite-based observations, can be probed. Slagstad and
Stole-Hansen (1991) employed 1 and 3-dimensional approaches to study the evolution of
phytoplankton biomass and sedimentation in the context of the Barents Sea hydrography
and were able to simulate the development of summer SCM blooms. Slagstad and Stgle-
Hansen (1991) commented that their modelling study was partially limited by insufficient

knowledge of differing trophic interactions of diatom and Phaeocystis assemblages®’, but
39. The underestimate varies seasonally, but is as large as 1000 mg C m ™2 day~*
of 80%.
40. In particular, mass sedimentation (Wassmann et al. 1990) may play a salient role in controlling pelagic-
benthic coupling.

in May — an underestimate
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recent observational campaigns may have obviated these knowledge deficiencies (Dybwad
et al. 2020).

Vernet et al. (2017) explicitly modelled changes in trophic interactions resulting from in-
creasing temperatures favouring a transition towards Phaeocystis dominance over diatoms,
in order to assess their potential significance. The approach of Vernet et al. (2017) required
a combination of linear inverse modelling and also network analysis representing trophic in-
teractions and therefore pathways of carbon transfer. Networks were based on unpublished
empirical biological datasets gathered in the Fram Strait under different climatological con-
ditions. These compartmentalised networks contained different phytoplankton size classes,
zooplankton, fishes and heterotrophic bacteria. The flow of carbon through the networks
was assumed to be in equilibrium and an ‘inverse analysis’ was then used to find solutions to
the systems of equations describing these networks, vis-a-vis Vézina and Platt (1988). Ver-
net et al. (2017) found that, while trophic pathways of carbon transfer were substantially
restructured, plasticity in zooplankton dietary preferences meant there was little overall
change in carbon export. The study did, in line with predictions based on in-situ studies
(Reigstad et al. 2002), predict that increased Phaeocystis dominance would result in en-
hanced microbial loop cycling. Hence, whether or not zooplankton buffer effects on overall
carbon export, this modelling study may still provide a means by which remote-sensing
studies reporting increasing primary production (e.g. Arrigo and Dijken 2015; Lewis et
al. 2020 ) can be unified with in-situ studies that provide a much more ambiguous picture
(e.g. Nothig et al. 2015; Dybwad et al. 2020). A greater preponderance of microbial loop
cycling would not contribute significantly to elevating export production. However, it would
result in increases to remotely-sensed [chl-a] and therefore inference of higher net primary
production — which may be incorrectly assumed to suggest increased export.

The recognition of different phytoplankton functional assemblages at scale in synoptic-

scale remote-sensing observations would offer a capacity to test such hypotheses. Ap-
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proaches by authors such as Gali et al. (2019) have indicated a pervasive shift towards
Phaeocystis dominance, and therefore presumably greater microbial loop cycling, but Gali
et al. (2019) use Mixed Layer Depth to proxy variation in community composition and

phytoplankton functional variety is therefore not being retrieved directly.

1.3.3 The need to represent functional variety of phytoplankton in remote-

sensing studies

It can be seen, from this previous discussion, that there is a requirement for functional
variety in the phytoplankton to be adequately represented in remote-sensing studies, to
ensure that they do not provide us with uncertain or even potentially misleading appraisals
of ecosystem change. Researchers may, for example, incorrectly interpret enhanced cycling
in the microbial loop as a signal of increasing new production.

Community composition and the influence it has on productivity, export and ecosystem
function, can be highly multivariate and complex. It is not reasonable to expect this
complete sum of information to be retrievable from ocean-colour datasets with only 10
degrees of freedom. Indeed, this information may not be retrievable even with hyper-
spectral data (Cael et al. 2020). However, it may still be possible to contrive condensed
descriptions of ecosystem state related to functional variety in the phytoplankton. While
these classifications may prove simple, they would provide a much greater opportunity to
develop insights into ecosystem change than having no available proxies of functional variety.

Discovering a means to define a representative scheme of such functional types, and to
monitor them remotely, thus has an important value in providing information in order to
create a synthesis in pursuit of resolving outstanding questions about ecosystem change in

the Barents Sea.
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1.3.4 Arctic PRIZE

A detailed review of the Arctic PRIZE (Productivity in the Seasonal Ice Zone) project is
provided in the Appendix.

The research chapters in this thesis make use of a myriad of environmental and biological
datasets, collected under the auspices of Arctic PRIZE, with a view to better describing
and understand the community compositional and phenological variability of the pelagic
phytoplankton communities of the Barents Sea.

Sampling missions were undertaken between 2017 and 2018, with a focus on the pro-
ductive spring, early and later summer phytoplankton communities, so that a full seasonal
succession could be captured. Hydrographic properties, under water light environments and
nutrient assays were all systematically recorded in order to fully characterise environmental
conditions. Phytoplankton bio-optical properties, taxon-indicative pigments, optical mi-
croscopic and flow-cytometric cell-counts were all recorded to comprehensively document
community variability.

The integration of this multitude of data streams with remotely-sensed ocean-colour
data, and decadal-scale re-analyses of meteorological and oceanographic conditions, permit
a unique perspective on the processes facilitating Arctic change. This perspective pro-
vides us with the opportunity to engage some of the unanswered questions and knowledge-

deficiencies that we have identified.

1.3.5 Arctic PRIZE in a historic and contemporary context

Arctic PRIZE is among the latest of a range of multi-disciplinary observational campaigns
aimed at increasing understanding of the hydrography and baseline ecosystem function of
the Barents Sea. For example, the Pro Mare project (see Sakshaug et al. (1991) for a
review), was conducted between 1984 and 1990, and at the time was one of the most so-

phisticated and wide-ranging scientific studies into pelagic ecology in the Barents Sea. As
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well as attempting to describe baseline ecosystem function in several pelagic compartments
(phytoplankton, microbes, zooplankton (Dalpadado and Skjoldal 1991), fish (Mehl 1991),
pinnipeds), there was also an emphasis on probing the effects of anthropogenic perturba-
tion, such as oil-slicks.

Key findings of the Pro Mare project included detailed physical descriptions of the
hydrographic set-up and seasonal variation in the Barents Sea (Loeng 1991) and their con-
sequence for the phenology of phytoplankton blooms.

Secular change in the physical hydrography of the Barents Sea has meant that there is
a considerable risk of historic studies becoming obviated. The most salient changes have
been the expansion of Atlantic Waters across a greater region of the shelf and a decline in
sea-ice extents and durations, especially multi-year sea-ice. More recent scientific campaigns
have therefore sought to investigate novel sea-ice dynamics and the influence these have for
ecosystem processes in a Barents Sea whose Northern reaches are increasingly dominated
by younger, thinner ice. These were the objectives of the Norwegian young sea ICE project.
The insights of this campaign, which integrated a diverse set of data-streams, including at-
mospheric, pelagic, cryospheric and biological, have revealed a Northern Barents Sea where
increased transfer of momentum from storms into the surface ocean has resulted in an in-
creased deformational and dynamic nature to a thinner sea-ice cover (Itkin et al. 2017).
The formation of ultra-transparent refrozen cracks and leads potentially provides ‘windows’
for the transfer of downwelling irradiance to ice-algae (Assmy et al. 2017), and there is an
increasing focus in the literature on pelagic phytoplankton blooms being supported under-
neath a thinner more transparent ice-pack (Ardyna et al. 2020).

Ongoing research efforts include the largest scientific investigation into the polar regions
in history; MOSAIC (Multidisciplinary Drifting Observatory for Study of Arctic Climate),
which integrates researchers from 20 nations and has a more wide-reaching focus that aims

to quantify the significance of Arctic change for global climate processes by collecting hy-
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drographic and crysopheric measurements in sparsely-sampled regions near the North pole.
MOSAIC began in 2019 and entailed maintaining an observational research platform (RV
Polarstern) near the North pole for an entire year (Shupe et al. 2018). The long-duration of
the mission also provided opportunity for researchers to study sympagic algal and animal
communities and their over-wintering strategies.

In addition, the ongoing Nansen Legacy project (2018-2023) brings together hundreds
of researchers from 10 Norwegian institutions, extending to include geologists in its multi-
disciplinary milieu. This research programme, that takes advantage of the new ‘Kronprins
Haakon’ research vessel and sophisticated submersible robotics, has already delivered wide-
reaching insights into Arctic ecosystem and hydrographic dynamics in a changing climate,
revealed by palaeontological and biogeochemical analysis of fossilised faunal assemblages
indicative of bottom water conditions and sea-ice extents — demonstrating that sea-ice per-
sisted even in previous thermal maxima between glacials (Piekowski et al. 2021).

While these sampling campaigns may differ individually in their focus, they are all
necessarily multidisciplinary and integrate a diverse range of observational platforms, in-
cluding semi- and autonomous robotics, with sophisticated laboratory, statistical analyses
and mathematical modelling. This establishes a blueprint for a successful application of the

diverse datasets collected under Arctic PRIZE.

1.4 Thesis overview

It can be seen, from the state of the literature discussed, that the study of phytoplankton
phenology and community compositional variation from space offers immense value to mon-
itor the base of Arctic marine ecosystems and will be an indispensable tool in the ongoing
study of Arctic change. However, remote-sensing studies in the Barents Sea have rarely ex-
tended beyond the detection of coccolithophore blooms, even though it has been convention

to represent functional assemblages such as diatoms and Phaeocystis in ecosystem models
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for at least 3 decades. Developing means to distinguish diatoms and Phaeocystis-dominated
functional assemblages offers particular value for ecosystem monitoring and model valida-
tion.

In chapter 2, a comprehensive collection of phytoplankton cell-counts, flow-cytometric
measurements, taxon-indicative pigments and bio-optical properties are investigated and re-
lated to a concurrent environmental dataset of hydrographic conditions and nutrient concen-
trations. This facilitates the identification of functional associations in the phytoplankton.
A total of 4 bio-optically recogniseable and functionally-distinct phytoplankton assemblages
are identified, including diatom and Phaeocystis-dominated assemblages. It is noteworthy
that the retrieved assemblages can be conceptually related to Margalef’s mandala*'. How-
ever, it is also found that different community compositional datasets possess differing
capacities to retrieve environmental associations, or indeed to be successfully related to
bio-optical properties. This raises the possibility that previous efforts in the literature to
distinguish phytoplankton functional assemblages from space have been mired by error in-
troduced by the conventional practice of using pigment ratios or cell-counts, rather than
bio-optical properties, to validate the presence phytoplankton assemblages.

In chapter 3, the scheme of bio-optical Phytoplankton Functional Types that was de-
veloped in chapter 2 is used to compile a dataset of ocean-colour observations made with
the MODIS-Aqua remote-sensing platform. Geo-spatial information and the date of sam-
pling are used to label the ocean-colour observations with putative Phytoplankton Func-
tional Type identities. The variance structure of this ocean-colour data set is explored
with Linear Discriminant Analysis. While this proves to be a highly successful method to
distinguish diatom and nanophytoplankton-dominated assemblages, difficulty remains dis-
criminating diatom and Phaeocystis-dominated assemblages. This difficulty is obviated by

the use of radiative-transfer modelling, based on the Inherent Optical Properties of these

41. A succession of phytoplankton functional assemblages related to declining ocean turbulence with the
onset of stratification (Margalef 1978).
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two assemblages. This demonstrates that they might be discerned from one another by
Phaeocystis’s preferential absorption in the blue-green wavelengths, as a result of its in-
vestment in pigments such as chlorophyll-c3. Indeed, absorption of blue-green wavelengths
has been observed to be a key mechanism underlying photoacclimation to shade in the
genus Phaeocystis (Center 1987). An existing algorithm in the literature was successfully
employed to demonstrate that this feature distinguished two unique phytoplankton assem-
blages. A multi-annual in-situ dataset of Phaeocystis abundance in the Labrador Sea was
well-described at a basin scale by concomitant assessments of Phaeocystis dominance de-
rived from ocean-colour. However, this effort required the careful correction of drift in the
concurrent MODIS-Aqua ocean-colour processing. The absorption signal attributable to
chlorophyll-c3 is so subtle that it can easily be eclipsed by relatively minor changes in sen-
sor output attributable to degradation or stochastic error.

Chapter 4 takes advantage of the bio-optical algorithm developed in chapter 3, in or-
der to produce a record of dominant Phytoplankton Functional Types in the Barents Sea
in July, between 2002 and 2018. With the exception of coccolithophores, no sustained
patterns in the geographic occurrence Phytoplankton Functional Types is found. A North-
easterly progression of coccolithophores with enhanced Atlantic-inflow currents reproduces
the consensus already identified in the literature. The state of the literature — a variety of
in-situ measurements attesting a possible transition towards greater Phaeocystis-dominance
in regions once more associated with diatom assemblages — is improved upon by retrieving
evidence of a systemic secular increase in Phaeocystis prevalence in the West and Southern
Barents Sea. These changes are compatible with predictions made by previous authors
and have implications for the capacity of remote-sensing approaches that are agnostic to
community composition to make faithful assessments of variables, such as new production.
The potential implications baseline shifts in phytoplankton community composition have

for pelagic-benthic coupling and over-arching ecosystem function are discussed in detail.
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Finally, chapter 5 extends to a remote-sensing study of changing phytoplankton phe-
nologies, following reports in the literature of the ascendancy of autumnal blooms on the
Arctic shelves. It is currently hypothesised that these are driven by increasing action of wind
upon an ever more ice-free Arctic Ocean, recapitulating temperate phenologies. However,
it is found that the Barents Sea represents an exceptional case, whereby wind fields possess
no significant or slight negative relationships to the intensity of autumnal blooms. Rather,
it was found that the major driver of autumnal blooms in the Barents Sea is the average
speed of inflowing currents — the main contributor to the Barents Sea nutrient inventory
— in the Atlantic gateway onto the shelf. The significance of this mechanism is considered
with careful reference to the established literature on the development of autumnal blooms
and provides an increased understanding of incipient phenological change in the Barents
Sea. The bio-optical algorithm that was applied to study bloom intensity was agnostic
to phytoplankton community composition*?. I did not, moreover, possess confidence that
phytoplankton functional assemblages occurring in the autumn in the Barents Sea would be
directly comparable to those that had been encountered in sampling missions concentrated
in the spring and summer. The importance of autumnal sampling missions in a future
Arctic, in which a greater share of annual primary production may occur in secondary au-
tumnal blooms, is emphasised. Such studies are required to investigate whether there are
unique phytoplankton functional assemblages occurring in this context and to discern their

contributions to export production and any significance for the wider ecosystem.

42. On account of the decision to use a merged ocean-colour product that could not be interrogated by our
bio-optical algorithm to retrieve functional types.
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2.1 Prelude

This chapter represents research that we anticipate submitting to Limnology and Oceanog-
raphy in the coming months.

This chapter takes a foundational role in the structure of my thesis, exploring the vari-
ety of assemblages and functional associations in Barents Sea phytoplankton communities
encountered in sampling under the auspices of Arctic PRIZE. A scheme of bio-optical func-
tional types (clusters with distinct absorption spectra — a,,(A)) is identified that conforms
well to the conceptual cascade of phytoplankton assemblages proposed under Margalef’s
mandala, raising the possibility that the identification of these bio-optically distinct types
in remotely-sensed ocean-colour would provide exceptional insight into ecosystem state in
the Barents Sea. Moreover, the identification of diatom and Phaeocystis-dominated as-
semblages recapitulates directly the choice of community compositional variation that is
conventionally selected in modelling approaches — which means that there is a potential for
approaches based on these bio-optical types to be employed in the validation of or assim-
ilation into ecosystem models. The scheme of functional types identified here is used as a
foundation in subsequent chapters to develop bio-optical algorithms (a set of computations
that can be undertaken to discern, from remotely-detected ocean-colour, derived variables
about ecosystem state such as [chl-a] or dominant phytoplankton size class) to retrieve Phy-
toplankton Functional Types from remotely-sensed ocean-colour, and thereafter to explore

secular change in ecosystem state in the Barents Sea over a decadal time-scale.

2.2 Significance statement

Phytoplankton community structure is essential to understanding primary production, nu-

trient utilisation, export and the sustenance of higher trophic levels and hence overall
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ecosystem structure, ecosystems services and biogeochemical processes. Owing to its com-
plexity, phytoplankton community structure is usually represented by simplified schemes
of categories or ‘Functional Types’ that each perform distinct and important roles in an
ecosystem by way of their differing utilisation of nutrients, sinking rates, or food-web inter-
actions (Quere et al. 2005; McGill et al. 2006). A commonly-employed suite of Functional
Types distinguishes different assemblages of phytoplankton by their size for example (Liu
et al. 2018), because this property has high relevance to the sinking rate of fixed carbon
and its transfer through ecosystems (Armstrong et al. 2009). Such representations are key
to the implementation of ecosystem models and ecosystem monitoring.

The identification of distinct Phytoplankton Functional Types in remotely-sensed ocean-
colour has therefore gained attention as a goal in biological oceanography (e.g. Sathyen-
dranath et al. (2004) Hovland et al. (2013) Liu et al. (2018)), because of the capacity this
would offer to facilitate synoptic real-time monitoring of ocean ecosystem processes and the
validation of ecosystem models. However, attempts to use remotely-sensed ocean-colour to
distinguish Phytoplankton Functional Types have had mixed success (Brewin et al. 2011).
Hence the identification of the reasons for difficulties achieving this goal have special signif-
icance for overcoming obstacles to an improved understanding of our oceans.

Understanding boreal shelf seas is of particular importance because of the wide variety
of functional roles the phytoplankton of these seas perform (e.g. dimethyl-sulphide (DMS)
production, calcification that manifests as ocean whitings) and the great Northern fisheries
they support owing to their high productivity (Drinkwater 2006; Wassmann et al. 2006a).
The occasional occurrence of ichthyotoxic blooms in Northern coastal waters (Johnsen et
al. 1999) may also make the detection of Harmful Algal Blooms desirable, although this is
an especially challenging task in fjordic environments where ocean-colour is influenced sub-
stantially by non-alagal sources of variance. These Northern shelves are undergoing rapid

climatological and hydrographic change. The difficulty that remote-sensing approaches face
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distinguishing Phytoplankton Functional Types in productive shelf-settings, and the lack
of direct bio-optical algorithms to identify DMS producers, are of particular relevance as
current challenges for biological oceanographers. Some researchers have attempted to infer
DMS production from profiling ARGO float hydrography — assuming a deeper Mixed Layer
Depth favours Phaeocystis and therefore higher DMS (Gali et al. 2019).

We explore the possibility that, as suggested previously in the literature, the choice of
observational methods used to describe phytoplankton community structure may have im-
portance for the capacity to perceive distinct Phytoplankton Functional Types and recognise

their presence in in-situ samples for the purpose of validating remote-sensing algorithms.

2.3 Abstract

Phytoplankton community structure and its relationship to the environment are key to un-
derstanding primary production in the oceans, provision of food to higher trophic levels
and contributions to global biogeochemical cycles. For this reason, the remote detection of
Phytoplankton Functional Types has received increasing attention as a means to monitor
ocean ecosystems. However, the consistent definition of Functional Types and their identifi-
cation from in-situ samples for validation of remote-sensing algorithms remains challenging,
especially given the use of a variety of different methods to describe phytoplankton commu-
nity structure. Here we compare efforts to describe community structure from cell-counts,
taxon-indicative pigment ratios and bio-optical properties (a,n(A)/ spectrally-dependent
absorption) across multiple seasons in the Barents Sea — an ecosystem experiencing rapid
climatological change — to explore how different representations of community structure
influence the perception of Phytoplankton Functional Types. We find that retrieved rela-
tionships of phytoplankton community structure to environmental conditions differ slightly

between these data types, suggesting that the choice of representation of phytoplankton
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community structure will influence the definition and detection of Phytoplankton Func-
tional Types. We find cell-counts reveal the greatest number of significant environmental
relationships. However, the relatively weak capacity of these data to predict concomitant
bio-optical structure suggests a ‘translation’ error will be introduced if cell-counts are used
to validate remote-sensing algorithms, which must necessarily exploit bio-optical variation.
We suggest this error may be avoided by using bio-optical properties to construct schemes
of Phytoplankton Functional Types and validate remote-sensing algorithms. Refined defi-
nitions of Phytoplankton Functional Types offer the opportunity to better monitor regime

shifts in a changing Barents Sea ecosystem.

2.4 Plain Language Summary

Hundreds of different phytoplankton species are known to occur in the Barents Sea. Dif-
ferent phytoplankton species may have different environmental preferences, or be delivered
into the Barents Sea by different inflowing currents. Therefore, as a consequence of vari-
ability in environmental conditions and the exchange of different water-masses, the exact
mixture of species that occurs from one bloom to the next is variable.

Different phytoplankton species may have different nutrient requirements, physiologies, sink
at different rates, produce different climatologically-relevant gasses, or be more or less likely
to be eaten by other organisms. Therefore variation in phytoplankton assemblages is an im-
portant component of overall ecosystem function and we can state that there is ‘functional
variety’ among the phytoplankton.

Researchers often simplify this variety to schemes of ‘Phytoplankton Functional Types’.
Quantifying this variety in phytoplankton assemblages, in order to identify PFTs, is a chal-
lenge for researchers, because counting phytoplankton cells individually is laborious and can
rarely be achieved exhaustively. Researchers may therefore exploit species-specific variation

in phytoplankton pigments, or absorptive spectral properties (determined by the combina-
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tion of intracellular pigments, pigment-protein complexes and morphological properties of
the cell or colonies of cells), to gain insights into the compositional variety of phytoplankton
communities.

This chapter explores the influence of the different methods researchers use to describe the
composition of phytoplankton communities on the perception of functional relationships.
This is achieved by studying datasets of Barents Sea phytoplankton absorption, cell-counts
and pigments; and discerning functional relationships by relating them to a dataset of ex-
planatory variables, composed of hydrography, nutrient concentrations, light and oxygen
concentration.

While the broadest functional preferences for different water-masses remain similar across
the different phytoplankton datasets, it is found that cell-counts offer the capacity to iden-
tify the highest number of significant environmental relationships. This is probably because
some individual species of phytoplankton have distinctive environmental niches, but do not
possess distinctive pigment inventories or absorbtive properties. It must be cautioned that
variation in phytoplankton community composition inferred from cell-counts is not always
strongly related to variation in phytoplankton absorption.

Therefore, should researchers seek to identify different phytoplankton assemblages from
remotely-sensed ocean-colour (a growing ambition in the literature), they must carefully
consider which forms of functional variety have perceptible influence on the bio-optical
properties of phytoplankton. A scheme of PFTs defined from variation in phytoplankton
absorption may be more clearly related to variety in ocean-colour than a scheme of PFTs

defined from cell-counts, for instance.

2.5 Introduction

The task of relating variation in phytoplankton community composition to environmental

conditions and biogeochemical processes is complicated by the highly multivariate nature
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of community composition. While environmental variation can be measured in highly stan-
dardised frameworks (Gonzélez Taboada and Anadén 2014; Fragoso et al. 2017), there is no
single method to quantify phytoplankton community composition. Common approaches in-
clude optical microscopy, either counting taxa comprehensively (Choudhury and Pal 2011)
or enumerating select key species or size-classes (Widdicombe et al. 2010; Degerlund and
Eilertsen 2010), or measurement of ratios of taxon-indicative pigments (Roy et al. 2011;
Fragoso et al. 2017). Other, more esoteric approaches, have included genetic sequencing
(Onda et al. 2017), and scanning electron microscopy. Scanning electron microscopy is par-
ticularly useful for studying nano- and picophytoplankton (Gran-Stadniczenko et al. 2017),
but the identification of species depends on researcher expertise and volumes of processed
cells are low. Genetic sequencing offers the advantage of much higher throughputs, but
capacity to identify species depends on the completeness of genetic reference libraries —
indeed Gran-Stadniczeniko et al. (2017) found a majority of species they encountered, in
a comparative analysis of genetic sequencing and microscopy, had not been recorded in
existing libraries. Furthermore, the biomass of genetic molecules in a cell varies as a func-
tion of phylogeny and environment, and the same genetic mix of phytoplankton may have
different functional significances depending on whether they are organised as free-cells or
as colonies (e.g. Phaeocystis). Recent developments in the imaging of cells processed with
flow-cytometry (a continuous stream of samples cells passed through a processor; a tech-
nique developed from medical applications) has also made it possible to rapidly assess and
enumerate the morphological and optical properties (e.g. fluorescence) of phytoplankton
cells in real time (Poulton 2016). Variables such as size structure can be retrieved accu-
rately, but taxonomic classification depends on artificial intelligence such as neural network
classifiers, and is thus contingent on access to a comprehensive library of classified sample
images.

All of these data are multivariate, and it is necessary to collapse them onto a reduced
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number of axes to facilitate analysis. Variance in phytoplankton community composition
is routinely summarised into distinct clusters dominated by well-defined environmental as-
sociations or nutrient requirements; these functionally-differentiated clusters are known as
‘Phytoplankton Functional Types’ (PFTs) (McGill et al. 2006).

The concept of Functional Types is useful because it allows complex multivariate change
in phytoplankton community composition to be related to nutrient cycling, sinking rates
and contributions to export production (Fuhrman and Capone 2001; Quere et al. 2005;
Nair et al. 2008). Depending on research goals, different schemes of PFTs may be contrived
to emphasise trophic variety, nutrient demands, size-structure (Sieburth et al. 1978) or a
combination of these factors (Quere et al. 2005). Such simplified representations of phyto-
plankton functional diversity are routinely employed in ecosystem models (e.g. Wassmann
et al. 2010; Zhang et al. 2015; Yool et al. 2011).

Detection of PFTs in remotely-sensed ocean-colour imagery has gained increasing atten-
tion as a goal in the literature (Platt et al. 2006; Bracher et al. 2017), to monitor ecosystems
in real time and provide synoptic-scale validation of ecosystem models. Nowhere is this
goal more urgent than the productive Arctic shelf seas, where climate and hydrography are
evolving rapidly (Overland et al. 2018), and commensurate changes in community structure
occurring (Li et al. 2009; Lalande et al. 2013; N6thig et al. 2015; Oziel et al. 2017), that
have the capacity to significantly alter sinking rates and export production (Armstrong
et al. 2009; Wassmann et al. 1990; Wollenburg et al. 2018).

However, efforts to detect PFTs from ocean-colour have had mixed success, especially in
productive shelf regions, where no existing algorithm has been assessed to reliably retrieve
phytoplankton size-structure (Liu et al. 2018). Difficulty developing reliable algorithms may
stem from challenges validating the occurrence of different Functional Types from in-situ
samples and relating this information to variance in ocean-colour, as it is possible different

means of describing phytoplankton community composition are more or less disposed to re-
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trieve different forms of functional diversity (Sosik et al. 2014). Common approaches, such
as defining schemes of PFTs on cell-counts or pigment ratios, before seeking bio-optical
signatures to recognise in remote-sensing (e.g. Astoreca et al. (2008), Jackson et al. (2010),
and Oziel et al. (2017) ), may falsely assume that variance in phytoplankton bio-optical
properties is mirrored by variance in community structure perceived in cell-counting and
pigments. However, chromatic acclimation may distort these relationships and bio-optical
variety may exist in phytoplankton communities that is not apparent from microscopy or
pigment ratios (Goericke and Montoya 1998; Astoreca et al. 2008). In particular, colonial
phytoplankton aggregates, that may possess unique bio-optical properties and functional
roles (Peperzak et al. 2000b; Astoreca et al. 2008; Fragoso et al. 2017), are often not repre-
sented in cell-counts at all, due to difficulties finding standardised approaches to counting
them (Degerlund and Eilertsen 2010).

There is hence a mandate to investigate the influence of different approaches to de-
scribe phytoplankton community composition on the perception of functional diversity in
productive Arctic shelf seas and to explore the capacity of different data types to predict
concomitant bio-optical variation — a key assumption underlying their use for validation in
remote-sensing applications.

In this study, we explore the consistency of relationships between phytoplankton commu-
nity structure and environmental conditions across multiple different methods for describing
phytoplankton community composition. Our samples originate from the Barents Sea, an
ecosystem frequently dominated by Phaeocystis and a diversity of diatoms of a range of
cell sizes. This will allow us to assess the influence of the choice of method for quanti-
fying phytoplankton community structure has on the determination of schemes of PFTs.
We also explore the capacity of cell-counts, pigment ratios and bio-optics to identify bio-
optical groups from in-situ samples, to probe the effects of method choice on the accuracy

of validation for bio-optical remote-sensing algorithms. We also explore a recent revival in
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bio-optical approaches; Gaussian decomposition methods (Liu et al. 2019). Gaussian de-
composition breaks down phytoplankton absorption spectra into a series of Gaussian curves,
whose heights proxy the contribution of taxon-indicative suites of phytoplankton pigments
(Hoepfiner and Sathyendranath 1993; Lohrenz et al. 2003; Chase et al. 2013). A full review
of Gaussian decomposition, multivariate analysis of results and other bio-optical methods
(e.g. fluorescence spectra) can be found in chapter 13 of Roy et al. (2011). We explore
whether Gaussian decompositions offer any advantage over raw hyperspectral properties in

the identification of functional relationships.

2.6 Materials

2.6.1 Data collection

Phytoplankton samples were collected aboard four research cruises conducted as part of the
UK-led Changing Arctic Ocean research programme, throughout the Western Barents Sea,
with a special focus on sampling the Seasonal Ice Zone along the 30" Eastern Meridian
(Cottier 2018, Cottier and Berge 2018a, Cottier and Berge 2018b, Hopkins 2018).

The locations of hydrographic and biological sampling are presented in Figure 2.1.

The four cruises were distributed across the winter (HH180101; 4-18'" January 2018),
spring (HH180423; 23" April- 5" May, 2018), early (JR17006; 11*" June— 6** July 2018)
and late (JR16006; 30" June- 8" August 2017) summer in order to capture the seasonal
evolution of hydrographic conditions in the Barents Sea and commensurate succession of
phytoplankton communities. A component of inter-annual variability in environmental con-
ditions is also convolved, as a consequence of the distribution of the cruises across two years,
and this is especially evident in the variable ice conditions between the two summer cruises.

The Northern limit of sampling was restricted on winter and spring cruises by heavy ice
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Figure 2.1: a) Map of phytoplankton samples considered in this study; HH180423 (large
yellow squares), JR17006 (medium orange diamonds), JR16006 (small red triangles). b)
From top to bottom: JR16006 (summer 2017), HH180101 (winter 2018), HH180423 (spring
2018), JR17006 (summer 2018). Water-masses: Arctic (blue), Atlantic (red), Barents (pur-
ple), Coastal (orange) and Melt (cyan). The Mixed Layer Depth is represented by a dashed
black line. Vertical lines represent CTD profiles.

conditions, and the Southern limit of ice extent evolved with the Arctic water-mass (Barton
et al. 2020).

The seasonality of hydrographic conditions is illustrated in Figure 2.1 (also see 7.2,7.3),
and water-masses are defined in accordance with Oziel et al. (2016) and Vage et al. (2016).
Mixed Layer Depth, which is shown to reflect the density structure of the upper water col-
3

umn, is defined as the depth at which potential density anomaly (oy) increases to 0.1k gm™

above the surface reference (Peralta-Ferriz and Woodgate 2015).
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A Conductivity-Temperature-Depth (CTD) rosette equipped with a Chelsea Seabird
Aqua fluorometer was used to produce downward profiles of in-vivo [chi-a] fluorescence
(7.7) and hydrography, which informed the selection of sampling depths for the collection
of waters for biological sampling on the upward cast. Typically the surface, chlorophyll-
maximum, and 2-3 depths bracketing these features, were targeted for sampling. Niskin
bottles were then sub-sampled for measurements of phytoplankton bio-optical properties,

HPLC pigment and nutrient concentrations, and algal cell abundances.

2.6.2 Environmental data
Hydrography

The sensory array on the CTD package recorded profiles of temperature (7.2), practical
salinity (7.3), depth, oxygen saturation (7.9) and downwelling Photosynthetically Available
Radiation (Epar; Wm™2) (7.6) at a 1m vertical resolution on all deployments. oxy-
gen saturation was determined using a Seabird polargraphic oxygen probe, calibrated with
Winkler titrations (Carpenter 1965). Temperature was measured with SBE3plus sensors,
salinity inferred from conductivity readings derived from SBE 4C sensors. Further detail
on the preparation of hydrographic data is available in the cruise reports: (Cottier 2018,
Cottier and Berge 2018a, Cottier and Berge 2018b, Hopkins 2018). The depth of the max-
imum Brunt-Viisala frequency at each station was computed from temperature, pressure
and salinity in the context of sampling latitude, with the gsw_Nsquared() function of the

oce R package version 1.2-0 (Kelley and Richards 2020).

Nutrients

Triplicate 50 mL subsamples were taken from Niskin bottles for assays of nitrate plus nitrite
(hereafter referred to as ‘nitrate’ (7.4) as contributions of nitrite are minor), silicic acid (7.5)

and ammonium (7.10), with acid-washed polythene vials. Samples were filtered through
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clean 200 pm nylon mesh to remove zooplankton. Samples were brought to room tempera-
ture before measurement with a Lachat Quikchem 8500 flow injection auto-analyser. The
analyser was standardised using international certified reference materials for nutrients in
seawater (KANSO Limited, Japan), and samples were analysed against standard solutions
made up in a low-nutrient seawater (OSIL batch 26) standard matrix. Five calibration stan-
dards and blank seawater were analysed before each batch process and a linear correction
was applied to correct for drift over each analytical run. The end results are represented
as micromolar volumetric concentrations (uMol L™1). Different phytoplankton groups may
exploit environments dominated by different nutrient concentrations, or exhibit differen-
tial use of key nutrients (e.g. silicification in diatoms). Therefore, concomitant gradients in
nutrient concentration across a dataset of phytoplankton samples can be used as an explana-
tory variable to constrain variance in the community composition and identify functional
associations. See the mathematical methods appendix ‘Redundancy Analysis’ for further

mathematical details.

2.6.3 Phytoplankton community structure
Bio-Optical properties

Bio-optical properties are herein represented by phytoplankton absorption (a,n(A)). Sub-
samples of up to 1L were collected from Niskins and filtered through 0.7 pm pore GF/F
filters under pressure not exceeding one half atmosphere. Samples were frozen in liquid
nitrogen and transferred to -80°C storage. In the laboratory, samples were thawed to

-20°C in a dark environment and moistened with a drop of filtered deep Atlantic Water.
The absorption spectra of the moistened filter pads were recorded with a Shimadzu UV-Vis
spectrophotometer equipped with an integrating sphere at a 1 nm resolution, following the

method of Kishino et al. (1985), including the extraction of pigments with methanol to
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determine absorption by detritus. Filter pads were rotated by a quarter revolution 4 times,
collecting replicates that were subsequently averaged, to control for uneven distribution of
cells on the filter pads. We used the binomial path length correction equation of Hoepfiner
and Sathyendranath (1992) to convert the optical densities into absorption coefficients. We
subtracted exponential fits to the detrital absorption spectra from the total particulate ab-
sorption spectra to attain the absorption spectra of the phytoplankton. No valid absorption
spectra could be generated for winter samples, as concentrations of phytoplankton were too

low. Therefore no winter-derived samples are included in further analysis.

Pigment analysis

Subsamples, typically between 1 and 2L, were collected from Niskins and filtered through
0.7um pore GF/F filter pads. Samples were frozen in liquid nitrogen and transferred to
-80°C storage. Samples were shipped to the Dansk Hydrualisk Institut (DHI; Hgrsholm,
Danmark) for HPLC analysis. The samples were prepared in a vortex, sonicated and ex-
tracted in 90% acetone solution at 4°C before further mixing. The samples were filtered
through a 0.2um Teflon syringe filter (to remove debris from the digested filter pads) and
the filtrate transferred to vials for analysis. Buffer solution and filtrate were mixed in a
5:2 ratio, and analysed following the HPLC method of Van Heukelem & Thomas (2005),
detailed in Hooker (2005).

HPLC (High Performance Liquid Chromatography) is an analytical method that per-
mits the measurement of taxon-indicative phytoplankton pigments, from which phytoplank-
ton community composition can be inferred. An example repertoire of indicative pigment
species and the algal classes that possess them is presented in Figure 2.2.

It can be seen from Figure 2.2 that few pigment species can be treated as indicative of a
single taxon (e.g. Peridinin). Therefore, converting inventories of HPLC-derived pigments

into estimates of the contribution of different algal classes to a phytoplankton community
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Dinophyceae ]

Prymnesiophyceae |
Bacillariophyceae |
Dictyochophyceae |
Chrysophyceae |
Chlorophyceae ]
Bolidophycaeae]
Cryptophyta |
Prochlorophyta |

Cyanophyta |

Prasinophyceae |

Figure 2.2: Taxon-indicative algal pigments that can be retrieved through HPLC, and
the algal classes that possess them. Data aggregated from Roy et al. (2011) and processed
in R. Algal classes are sorted by number of pigments species possessed. Pigment species are
sorted by frequency across algal classes. Some pigment species names are simplified.

necessitates solving a linear un-mixing problem. This is not trivial, because this is a ‘many
to many’ type statistical problem and there may be multiple equally valid solutions. To
provide an analogy, we can compare this to a painter mixing different brands of paint,
that themselves contain different balances of pigment. A final mix might contain 1 part
cadmium yellow and 2 parts ultramarine. If the painter has, in their possession, 3 brands
of paint (‘sunflower’; 1 part cadmium yellow, ‘grass green’; 1 part cadmium yellow, 1 part
ultramarine, ‘sea green’; 1 part cadmium yellow, 3 parts ultramarine), then we can see that
we could arrive at the final mix in multiple ways. Perhaps we could mix 2 parts sea green

with 1 part sunflower, but we could equally well mix equal parts grass and sea green.
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As interrogation of HPLC data may typically involve >20 pigment species, we can
imagine that the solutions to this many-to-many problem form a landscape, where the
topography represents a measure of ‘goodness of fit’ that we need to optimise as we propose
different combinations of algal classes to satisfy the constraints from the final pigment
mix. Different mixes will entail different final errors, and perfect solutions will contain
zero error. The landscape may not slope down uniformly to the perfect solution, and there
may be multiple local minima in this landscape, and multiple (or zero) perfect solutions.
The ‘goodness of fit’ measure we propose is, furthermore, a subjective choice. Perhaps we
simply choose residual error between our proposed solution and the final mix, or perhaps
we incorporate some measure of the complexity of our guess, and choose to penalise more
complex guesses, for example.

A commonly-employed algorithmic approach to arrive at solutions is the CHEMTAX
(Chemo-taxonomy) method (Mackey et al. 1996). Providing a loose outline, CHEMTAX
views this multivariate landscape and follows a steepest-descent from an initial guessed
solution like a skier down alpine slopes. This analysis is re-run multiple times with random
variations to the initial statement of the weighting coefficients that relate algal classes to
pigments. This means that, should those initial statements be slightly wrong, or should there
be some small amount of variance across the original dataset, that the skiers’ various routes
will result in numerous minima. The lowest of that sum of minima can thereafter be inferred
to be the optimal solution. R packages to solve linear inverse problems exist that loosely
reflect the process of CHEMTAX (Meersche et al. 2009). These methods require the user to
state the starting assumptions of linear coefficients that relate the stated algal classes to the
studied pigments. Different descent algorithms are typically employed (e.g. random walk).
As CHEMTAX uses linear coefficients, constant across the dataset, to relate algal classes
to pigments, processes such as photo-acclimation (e.g. Johnsen and Sakshaug (1993)),

or internal phylogenetic variation in pigment ratios within an algal class, will be poorly
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represented by this method and result in erroneous estimates of class contributions. As a
consequence, the initial matrix of weighting coefficients that relate algal classes and pigments
must be informed carefully by ancillary methods for describing community composition,
such as optical microscopy, and it is necessary that CHEMTAX is run on subsets of the
larger dataset (e.g. Fragoso et al. (2017), Table 3) to ensure that the linear coefficients are
consistently supported across the dataset.

As the final proposed groupings of CHEMTAX are weighted linear combinations of the
original pigment inventory, we can reason that our recipe of algal classes estimated for
a group of samples is simply a rotation of the original pigment inventory data through
multivariate space (see my mathematical methods chapter appendix ‘PCA’ for another
example of ordination by rotation). This rotation differs from PCA, however, in the respect
that if the number of retrieved algal classes is small and fitting errors are non-negligible, then
some portion of the original data structure has been sacrificed in the conversion. Therefore
rotation by coefficients, derived from CHEMTAX, is unlikely to improve the capacity of
other rotation-based exploratory methods to detect relationships between pigment inventory
and functional associations. For example, the ratio of diatoms to dinoflagellates inferred
from CHEMTAX may well proxy gradients in silicic acid concentration, but so too would a
linear combination of fucoxanthin, peridinin and dinoxanthin. Hence, in this analysis, I do
not elect to process the inventory of sample pigments with methods such as CHEMTAX.

The HPLC analysis quantified concentrations of pigments presented in Table 2.1 below.

Pigment species Phytoplankton groups associated | Function
therewith

Chlorophyll-a Ubiquitous Photosynthetic

Chlorophyllide-a Degradation product

Chlorophyll-b Prasinophytes, chlorophytes, di- | Photosynthetic
atoms
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Chlorophyll-c3

Prymnesiophytes, chrysophytes and

some dinoflagellates

Photosynthetic

Chlorophyll-c2 & c1

Diatoms, prymnesiophytes, dinoflag-
ellates, cryptophytes and chryso-

phytes

Photosynthetic

Chlorophyll-c3 MDGD

Prymnesiophytes and dinoflagellates

derivative of c2

Phaeopigment

Degradation product

Phaeophytin-a

Degradation product

Peridinin Dinoflagellates Photosynthetic
carotenoid

19'- Prymnesiophytes, chrysophytes and | Photosynthetic

butanoyloxyfucoxanthin some dinoflagellates carotenoid

Fucoxanthin Diatoms, prymnesiophytes, chryso- | Photosynthetic

phytes and some dinoflagellates carotenoid

Neoxanthin Dinoflagellates Photoprotective
carotenoid

Prasinoxanthin Prasinophytes Photoprotective
carotenoid

Keto-19'- Metabolic product of

hexanoyloxyfucoxanthin 19’-hexanoyloxyfucoxanthin

Violaxanthin Chlorophytes and prasinophytes Photoprotective
carotenoid

19'- Prymnesiophytes and some dinoflag- | Photosynthetic

hexanoyloxyfucoxanthin ellates carotenoid
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Diadinoxanthin Diatoms, prymnesiophytes, dinoflag- | Photoprotective
ellates and chrysophytes carotenoid
Dinoxanthin Dinoflagellates Photoprotective
carotenoid
Myxoxanthin Cyanobacteria (we do not anticipate | Photoprotective
encountering these) carotenoid
Antheraxanthin Diatoms and chrysophytes Photoprotective
carotenoid
Alloxanthin Mostly dinoflagellates Photoprotective
carotenoid
Diatoxanthin Diatoms, prymnesiophytes, dinoflag- | Photoprotective
ellates and chrysophytes carotenoid
Zeaxanthin and Lutein Chlorophytes and some prasino- | Photoprotective
phytes carotenoid
Gyroxanthin Dinoflagellates and prymnesiophytes | Possibly pho-
tosynthetic
carotenoid
a-carotene Photoprotective
carotenoid
[B-carotene Diatoms, prasinophytes and chloro- | Photoprotective
phytes carotenoid

Table 2.1 is based on information aggregated from Pettersen et al. (2011) and Roy et
al. (2011) and Fragoso et al. (2017).

Phaeopigment concentrations were below the detection limit in all samples, indicating
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a low degree of degradation.
Dinoxanthin, myxoxanthin, lutein, gyroxanthin and a-carotene never constituted >1%

pigment biomass in any sample.

Cell-counts

50 mL subsamples, preserved with 1% Lugol’s solution, were prepared for optical microscopy
following the Utermohl technique (Utermdéhl 1958). Chamber counts were made with a Zeiss
Axio S100 inverted microscope with x20 magnification and phase-2 contrast conditions, fol-
lowing established practice (Davidson et al. 2013). Counts or recognisable genera and species
were produced in consultation with Tomas (1997), Throndsen et al. (2007), and Hoppenrath
et al. (2009). Colonial forms, such as Phaeocystis and Dinobryon were excluded, reflecting
routine practice in the literature (Degerlund and Eilertsen 2010). We supplemented the
microphytoplankton counts with flow-cytometric measurements of nanophytoplankton, fol-
lowing the example of Ardyna et al. (2011), and the method of Zubkov and Burkill (2006) to
stain and process samples. We divided samples into small and large PNAN (Phototrophic
nanoflagellates) and HNAN (Heterotrophic nanoflagellates), distinguishing them by differ-
ential red fluorescence (Zubkov et al. 2007). As cell-counts did not always originate from the
same Niskin bottles as pigment and bio-optical samples, we matched them to one another

under the criterion they must originate from the same location, within 2 metres of depth.

2.6.4 Data Analysis

Bio-optical community structure in the phytoplankton was summarised by dividing sam-
ples into four clusters with distinct bio-optical properties, with a fuzzy clustering algorithm
(Cebeci et al. 2019) following Orkney et al. (2020) (see the fuzzy clustering section of the
mathematical methods appendix). These clusters were validated by comparison with micro-

scopic observations of plankton collected from net-tows. Nanophytoplankton (insignificant
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number of large cells observed), diatoms, Phaeocystis colonies and dinoflagellates were recog-
nised. An ordination space, based on a projection of the data along the leading principal

components identified in samples from cruise JR16006, is presented (Figure 2.3).

0.500
" Legend
X nanophytoplankton | X
x a Phaeocysti§ .
& dinoflagellate | A ‘ A faX
0.254 x A
x
} A Q net-tow
M confirmed
*x sample
included in
0.00% this study

Ord. axis 2

A

-0.50

1 2 3
Ord. axis 1

Figure 2.3: Ordination space representing salient variance structure in Barents phyto-
plankton bio-optics (191 points). A dark outline indicates sample inclusion in this study
(n=29), large point size indicates samples whose taxonomic composition was confirmed by
ship-board microscopic analysis of net-tows. Crosses: nanophytoplankton, Circles: diatoms,
Stars: Phaeocystis colonies, Triangles: dinoflagellates.
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In total, our analysis includes 6 samples with bio-optical properties consistent with dom-
inance by nanophytoplankton, 9 consistent with diatoms, 7 consistent with dinoflagellates
and 7 consistent with colonial Phaeocystis.

Further detail on the ordination axes presented in Figure 2.3 can be found in Table
3.1, where the linear coefficients of different spectral regions are presented in full. To sum-
marise, the first ordination axis may represent a partial proxy of pigment packaging, while
the second ordination axis likely represents the relative abundance of photoprotective spec-
tral adaptations.

A detailed view of the ordination space (based on PCA; see mathematical methods
section), and the average spectra of the different bio-optical clusters is presented in de-
tail in Figure 3.5. Diatom-labelled samples included in this study are characterised by
high pigment packaging and lots of photosynthetic carotenoids. Phaeocystis-labaelled sam-
ples are similar to diatoms, but have a stronger contribution of chl-c3, and a concomitant
higher absorption at 469 nm. Nanophytoplankton-labelled samples have low pigment pack-
aging, a lower ratio of chl-a to other pigments and a greater proportion of photoprotective
carotenoids. Dinoflagellate-labelled samples do not appear to have a distinct pigmentation
(lacking dinoflagellate-specific pigments), and have a greater dispersion in the ordination
space. This cluster is predominantly recognised by confirmation in net-tow observations,
rather than its possession of a single distinct spectral signature or pigment ratio. However,
dinoflagellate-labelled samples do appear to occupy a region of the ordination space that is
not highly populated by other clusters. See the results section for a detailed discussion of
the pigment complements associated with each cluster.

Redundancy Analysis (RDA), implemented in R version 3.6.3 (R Core Team 2020) us-
ing the vegan package version 2.5-6 (Oksanen et al. 2019), was used to explore functional
relationships in each community compositional dataset. This resembles methods employed

in previous studies (e.g. JaniSové et al. (2007) and Ardyna et al. (2011)) and Fragoso et
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al. (2017) — including the calculation of marginal, termwise and pure effects to quantify the
significance of different explanatory variables’ constraint of the dependent variables. See the
mathematical methods appendix ‘Redundancy Analysis’ for a worked example and publicly
available code.

Bio-optical absorption spectra were decomposed into Gaussian functions following Chase
et al. (2013) and their amplitudes normalised to their sum. Raw absorption spectra were
similarly prepared by normalisation to the integral between 400 and 750 nm. HPLC pig-
ment ratios were normalised to the sum of pigments in each sample. Cell-counts were
log-transformed, as in (Peperzak 2010), and normalised to the sum of all log-transformed

counts in each sample.

Biplots, representing the leading axes of the Redundancy Analyses, are presented in Figure
2.4.

It can be seen from inspection that the structures of some of these biplots are more sim-
ilar than others (compare Gaussian and raw optics, which we should expect to be similar),
but an objective and quantitative measure extending beyond the first two axes is necessary
for rigorous comparison.

The results of any individual Redundancy Analysis can be represented by a matrix n
samples deep and p columns wide. In this matrix, the p" value on the n'" row represents
the angle between the vector, from the origin to the n'" sample, and the vector describing
the p" envrionmental variable. These two vectors exist in a p-dimensional space, defined
by the RDA axes (Legendre and Legendre 2012).

Thus, as this is a Euclidean space, both sample scores and environmental vectors were
scaled by the square-root of the p RDA eigenvalues, and hierarchical clustering was used
to summarise the structure of each Redundancy Analysis as a dendrogram. The dendro-

gram describes the similarity of the environmental associations among the n phytoplankton
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samples. The similarity of pair-wise combinations of dendrograms was then derived by
computing the average cophenetic distance of samples between dendrograms, using the
cor.dendlist() function of R package dendextend (Galili 2015). The data were resampled
1000 times with replacement, to arrive at a robust appraisal of the correlation structure
of the phytoplankton functional relationships uncovered by each of these analyses (Figure
2.5). A worked example of this process is available in the Redundancy Analysis section of
the mathematical methods appendix.

The anova.cca() function of the vegan R package (Oksanen et al. 2019) was employed
to compute termwise, marginal and pure effects (presented in Figure 2.5) to assess relative
significance of different environmental variables’ contribution to explained variance in the
phytoplankton datasets.

Lastly, the capacity of different data types to identify distinct bio-optical phytoplankton
groups was assessed. Linear Discriminant Analyses were trained, provided with 3 randomly
chosen samples of 4 bio-optical clusters — diatoms, nanophytoplankton, dinoflagellates and
Phaeocystis (presented in Figure 2.3). They were then used to predict the bio-optical
identities of the remaining samples. Posterior probabilities were used to fit logistic models
with the glm() function, and ROC (Reciever Operating Characteristic) curves computed,
using the pROC R package (Robin et al. 2011). This process was repeated 100 times for
each of the data types, for each of the 4 phytoplankton bio-optical clusters. This allows
us to assess the rate of true and false positive classifications and hence the capacity for
each data type to be used for validation of remote-sensing algorithms that are based on
bio-optical structure. See the Linear Discriminant Analysis section of the mathematical

methods appendix for a fuller discussion of this method.
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Figure 2.4: Biplots of redundancy analyses relating a) Gaussian optical properties, b) raw
spectra, c) cell-counts and d) pigment ratios to environmental variables. The magnitude of
the axes and environmental vectors for each analysis has been scaled to unity. Points are
discriminated by shape and colour, indicating their affinity to different bio-optical phyto-
plankton groups identified in Orkney et al., (2020): Phaeocystis (stars), diatoms (circles),
nanophytoplankton (crosses) and dinoflagellates (triangles). Border-colours indicate water-
masses; red (Atlantic Water), blue (Arctic Water), purple (Barents Water), cyan (Melt
Water), orange (Coastal Water). The thickness of the environmental vectors indicates their
relative importance in explaining variance.
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(P) effects associated with with anova.cca() function of the vegan R package (Oksanen et
al. 2019).
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2.7 Results

Among samples with diatom-like optical properties, 18% of counted cells were diatoms,
compared to 1.6% among other samples. The most abundant microphytoplankton in the
diatom cluster were the diatoms Chaetoceros socialis, species of Fragillariopsis, Fossula,
Pseudo-nitzschia delicatissima and Thalassiossira nordenskioeldis. Among samples with
nanophytoplankton-like optical properties, 82% of counted cells were phototrophic nanophy-
toplankton (PNAN), compared with 67% among other samples. The most abundant mi-
crophytoplankton species within the nanophytoplankton cluster were the diatom Pseudo-
nitzschia delicatissima, species of the ciliate genera Strombidium, diatoms of the genus Nawv-
icula, dinoflagellates of Scrippsiella and diatoms of Cylindrotheca. Phaeocystis-affiliated
samples were also dominated by PNAN (76% of counts). Among samples of the Phaeocys-
tis cluster, the most common microphytoplankton were the diatoms Pseudo-nitzschia deli-
catissima, Chaetoceros socialis, species of Thalassiosira, Chaetoceros furcellatus and coastal
species of Chaeotceros. Dinoflagellates tended to make up only a minor component of
counted cells in the dataset (0.11%). Samples with dinoflagellate-like optical properties
were however distinguished by a relatively high contribution of heterotrophic nanophyto-
plankton (HNAN) of 33%, compared with an average of 20% among other samples. Given
that relatively large dinoflagellate cells are flexible, and their DNA can be recovered even
when sample water is filtered through a pore size of 3 ym (Lovejoy et al. 2006), we suspect
that hetero- or mixotrophic dinoflagellates in our dataset are largely subsumed within the
HNAN flow cytometry counts. The most common microphytoplankton counted in the di-
noflagellate cluster were species of the diatom Attheya, Chaetoceros furcellatus, Chaetoceros
socialis, Pseudo-nitzschia delicatissima and Pseudo-nitzschia seriata.

Among samples with diatom-like optical properties, 57% of pigment biomass was chi-a,
21% was fucoxanthin, 8% was chl-c2 and 3% was chl-c3, according well with expectations.

Among samples with nanophytoplankton-like optical properties, 48% of pigment biomass
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was chl-a, 11% was fucoxanthin, 6% was chl-c2, 5% was chl-b, 4% was 19-hex, 4% was di-
adinoxanthin, 3% was chl-c3, 2% was peridinin, alloxanthin, 19-but, phaeophytin-a, and the
rest were trace. Among samples with Phaeocystis-like optical properties, 57% of pigment
biomass was chi-a, 18% was fucoxanthin, 8% was chl-c2, 6% was chl-c3, 2% was chl-b and
diadinoxanthin, and the rest were trace. Richer chl-c3 in this cohort accords with expecta-
tions that this pigment is indicative of prymnesiophyte-dominated assemblages. In samples
with optical properties suggestive of dinoflagellates, 53% of pigment biomass was chl-a, 20%
was fucoxanthin, 7% was chl-c2, 4% was chl-c1, 3% was chl-b and diadinoxanthin, 2% was
chl-c3 and phaeophytin, and there were traces of S-carotene, alloxanthin and violaxanthin.
The paucity of dinoflagellate-indicative pigments such as peridinin (0.4%) and gyroxanthin

(not detected) was surprising.

Patterns of functional diversity are similar across the different community compositional
datasets (Figure 2.4), but there are some nuanced differences. Leading axes discriminate
samples with optical properties suggestive of diatoms and nanophytoplankton. Diatom-
labelled samples coincide with higher potential density anomalies (o) and nutrient inven-
tories, while nanophytoplankton-labelled samples are associated with higher temperatures,
Epar and ammonium. There is a broad distinction of gradients associating community com-
position and hydrography, between Arctic and Atlantic influenced water-masses; extend-
ing between microphytoplankton and nanophytoplankton dominance in Atlantic-influenced
water-masses, and between diatom and dinoflagellate-labelled samples in Arctic Waters. Re-
view, for instance, subplot a of Figure 2.4 that shows increasing SST is strongly associated
with nanophytoplankton-labelled samples. A facsimile of this pattern exists in subplots ¢
and d, except that the distribution of nanophytoplankton-labelled samples is more coherent
with Epagr. It should also be observed that concentrations of silicic acid tend to increase to-

wards regions of the ordination space dominated by diatoms, which is as expected given that
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diatoms depend on this nutrient to build their frustules. In analyses based on bio-optical
properties and pigments (subplots a, b and d) explanatory vectors describing hydrography
establish two gradients in phytoplankton community composition that coincide in diatom-
rich Barents Waters (denoted as purple circles), associated with diatom-labelled samples.
However, this group of samples are divergent in the cell-count analysis (Figure 2.4¢), being
more widely dispersed in the plot space. This is an indication that the leading functional re-
lationships between explanatory variables and phytoplankton community composition can
change depending on how phytoplankton community composition is quantified. This is
reflected in the correlation structure of functional relationships derived from the different
phytoplankton datasets (Figure 2.5). Strong correlation between functional relationships,
derived from raw absorption spectra and Gaussian decompositions, represents the base-
line for agreement between essentially identical data structures. Correlations between all
of the other pairwise combinations are significantly lower than this, emphasising that the
perception of functional relationships is significantly influenced by the choice of community
compositional data type. This conclusion is also supported by the perception of a greater
number of significant environmental relationships when cell-counts data are investigated,
compared to other data types (Figure 2.5b). Gaussian component functions do not appear
to offer any major advantage over raw absorption spectra in achieving a greater coherence to
the functional relationships derived from other data types, or the perception of any greater
number significant environmental relationships. Overall, functional relationships derived
from bio-optical analyses appear to be more concordant with those derived from pigments,
and less with those derived from cell-counts. In turn, functional relationships derived from
cell-counts analyses are more concordant with those derived from pigments than they are
with those derived from bio-optical properties.

ROC curves, representing the capacity for different phytoplankton community datasets

to distinguish bio-optical groups, are presented in Figure 2.6.
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The straight diagonal lines represent an equal rate of true and false positive classifica-
tions — equivalent to a prediction without value. Greater Area Under the Curve (‘AUC’)
indicates a greater predictive power.

The highest AUCs are associated with ROC curves using raw optical data as their input
(values range from 0.89-0.98), followed by Gaussian optics (0.80-0.89). This compares to
AUCs ranging between 0.76-0.91 for pigment ratios and 0.61-0.76 for cell-counts. The wider
range of values for cell-counts and pigments reflect bias in their capacity to identify cer-
tain different bio-optical groups (Figure 2.6). The capacity to distinguish diatom-labelled
samples from cell-counts data is clearly higher than the capacity to recognise Phaeocystis
colonies for example. The higher AUC values for bio-optical datasets is effectively tauto-
logical, as the groups we are aiming to distinguish were originally defined using bio-optical
data. Nevertheless, we view this as a useful result, given that it is routine practice to use
different data types to validate remote-sensing algorithms (e.g. Liu et al. (2018), using
pigment ratios to identify different phytoplankton size-classes with a simple linear addi-
tive analysis of key pigment species, known as ‘Diagnostic Pigment Analysis’ (Vidussi et
al. 2001)). We emphasise here that switching between different data types in this process

is liable to introduce error and potential bias.
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Figure 2.6: ROC plots for the capacity of different phytoplankton community structure
data sets to correctly classify phytoplankton samples to distinct bio-optical groups. Top-
left) Gaussian optics Top-right) Raw optics Bottom-left) Cell-counts Bottom-right)
Pigment ratios. Green solid line (diatom-dominated), blue dotted line (nanophytoplankton-
dominated), purple dashed line (dinoflagellate-dominated), red dot-dashed line (Phaecystis-
dominated). In each case 100 random re-samplings have been used to generate average ROC
curves. The black solid line represents a line of equal probability that a sample is correctly
or incorrectly classified.
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2.8 Discussion

2.8.1 Influence of data type on perception of functional relationships

The intersection of Atlantic and Arctic clines in diatom-dominated spring samples con-
forms to reports of a diatom-dominated spring bloom, relatively homogeneous in compo-
sition across the Barents Sea (Degerlund and Eilertsen 2010). The large number of sam-
ples at this intersection belonging to the Barents Water is as expected, given that most
sampling in spring was confined to this water-mass (Figure 2.1). The deviation of cell-
counts from this pattern, in which diatom-labelled samples are divergent and clustering is
more strongly associated with distinct water-masses, is compatible with previous studies
showing a small number of highly abundant diatom ‘indicator’ species, with specific envi-
ronmental preferences (Rat’kova and Wassmann 2002), dominate seasonal succession. The
leading variables in RDA derived from cell-counts are all highly-abundant diatom species
(Chaetoceros socialis, Fragilariopsis, Chaetoceros furcellatus, Thalassiosira nordenskioeldii,
Nitzschia frigida and Navicula pelagica) previously noted in the literature for their strong
environmental preferences and seasonal succession (Wassmann et al. 2006a; Sakshaug et
al. 2009). For example, Chaetoceros socialis and some species of Thalassiosira tend to be
restricted to colder waters. Nawvicula Fragilariopsis and Nitzschia often occur in sympagic
contexts, and Pseudo-Nitzschia tends to be confined to post-bloom settings later in the
season (Rat’kova and Wassmann 2002; Sakshaug et al. 2009; Degerlund and Eilertsen 2010;
Berge et al. 2020).

The strong environmental preferences of these indicator species, which are not clearly
discriminated by their bio-optical properties or pigment contents, may explain the percep-
tion of a greater number of significant environmental relationships in the cell-counts dataset
(Figure 2.5b), compared to other descriptions of phytoplankton community composition.

The weak clustering of dinoflagellate-labelled samples in cell-counts and pigment ratio

91



analyses, compared to bio-optics, may result from their subsumption within the HNAN
counts, and with their lack of possession of taxon-specific photosynthetic pigments, consis-
tent with a heterotrophic lifestyle. The lack of explicit enumeration of Phaeocystis in the
cell-counts dataset may explain why Phaeocystis is more weakly clustered in the cell-counts
analysis than the pigment or bio-optical analyses.

In spite of these nuanced differences between the analyses based on the different com-
munity compositional datasets, the patterns of seasonal succession in Arctic and Atlantic
water-masses are broadly similar across the analyses. The Arctic succession from auotrophic
diatom-labelled samples and colonial Phaeocystis, towards mixotrophic communities with
higher proportions of dinoflagellates, ciliates and heterotrophic nanoflagellates, recapitu-
lates the sequence of phytoplankton lifeforms suggested by Margalef (1978). Phytoplank-
ton assemblages resorting to mixotrophic or heterotrophic lifestyles can be interpreted as a
response to prevailing oligotrophy that results from nutrient draw-down by autotrophs and
the development of a more stratified water column as the season progressed (see Sakshaug
et al. (2009) pages 167-208 for a generalised scheme of the the phenology of primary produc-
tion in the Barents Sea). Observe, for example, how ammonium and stratification covary
across the Redundancy Analysis biplots in Figure 2.4, and how they are opposed to the
vectors describing nutrient concentration. We also remark that a prevalence of mixotrophic
organisms in high summer reminds us of reports of a mixotrophic and heterotrophic com-
munity assemblages dominating sparse over-wintering communities in the Barents Sea (see
Berge et al. (2020), pages 67-112). Post-bloom summer communities differ from the Polar
Night, where autotrophy is prohibited by darkness, rather than by oligotrophy.

In contrast to the phenological cascade in Arctic Waters, the Atlantic succession grades
from microphytoplankton into nanophytoplankton-dominated communities, which may re-
sult from weaker physical inhibition of vertical mixing in the thermally-stratified waters of

the Southern Barents Sea. This may enable regenerated production via the microbial loop
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to continue supporting autotrophic lifestyles late into the summer season. The diverging
correlation of nanophytoplankton-labelled samples with ammonium, and diatom-labelled
samples with nitrate, is robust across all datasets (Figure 2.4) and is compatible with
this interpretation. Additionally, the common logarithm of the depth of maximum Brunt-
Viisild frequency is significantly associated with salinity (p-value = 0.0071, R? = 0.083),
supporting our assessment that access to deep nutrient stocks differs between haline- and
thermally-stratified waters.

A seasonal succession in the Southern Barents Sea, culminating in regenerated produc-
tion by autotrophic nanophytoplankton, is compatible with reports of greater annually-
integrated primary production compared to more Arctic-influenced sites (e.g. Wassmann
et al. (2006a), Wassmann et al. (2006b)). Particulate organic carbon flux measurements,
furthermore, demonstrate weaker surface retention in Arctic water-masses (Reigstad et
al. 2008). A part of this variation in tendency to retention and regenerated production
is explain by faecal pellet export efficacy, which is lower in Atlantic-derived Barents Sea
water-masses, resulting from mechanisms such as coprophagy (e.g. Riser et al. (2002) Riser
et al. (2007)), with over 90% of faecal pellet production retained in the upper 50 m in post-
bloom Atlantic settings. Lower export ratios in Southern Barents Waters are commensurate
with reports in the literature that megafaunal benthic biomass is lower in regions of the
Barents benthos nourished by Atlantic-dominated water-masses (Jorgensen et al. 2014; De-
gen et al. 2016).

Overall, the different data types converge to show similar patterns of seasonal succes-
sion and hydrographic associations in phytoplankton community structure, but we caution
that a scheme of PFTs based on cell-counts may result in Functional Types being defined
that cannot easily be discriminated by pigment ratios and which may not represent feasible

targets for detection in remotely-sensed ocean-colour.
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2.8.2 Capacity of community composition data sets to validate remote-

sensing algorithms based on bio-optical variation

It is possible that it is difficult to predict Phaeocystis-labelled samples from cell-counts data,
as the colonies may have been too large to pass through the aperture of the cytometer. Al-
ternatively, low predictive power may result because PNAN cells are usually a majority of
counted cells and hence their presence is not a unique indicator of Phaeocystis colonies.

There are several possible explanations for difficulty predicting dinoflagellate-labelled
samples from cell-counts data. The low representation of dinoflagellate cells in our dataset
(0.11% on average) may be responsible. At this scale of sampling, signal to noise ratios may
be too low to facilitate meaningful inferences. Alternatively, if many hetero- or mixotrophic
dinoflagellate cells have been enumerated as HNAN by flow cytometry, it is possible that
dinoflagellate counts have been pooled with a variety of other taxa and hence that HNAN
counts are, by themselves, not a unique indicator of dinoflagellate presence. This may be
especially likely for dinoflagellates that lack armour.

As HPLC samples were typically over 1L in volume, we do not believe low sampling
intensity can explain low capacity to predict dinoflagellate-labelled samples from pigment
ratios. Kleptoplastidy, the appropriation of plastids from prey, is practised in dinoflagel-
late species belonging to genera such as Gymnodinium (Skovgaard 1998) and Dinophysis
(Nishitani et al. 2012), both of which feature in our floristic descriptions of Barents Sea
samples, perhaps meaning that pigment ratios associated with dinoflagellate presence may
be especially plastic, or simply reflect the ratios present in the wider community of prey
species.

We also remark that the dispersion of dinoflagellate optical properties is relatively large,
compared to other bio-optical clusters (Figure 2.3). We interpret this as compatible with
reports that there are up to 6 different dinoflagellates clusters with distinct pigment com-

plements (Jeffrey et al. 2011). This complexity may obfuscate clear relationships between
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dinoflagellate-labelled samples as a whole and matrices of their pigment complements.

The relatively high capacity to predict diatom-labelled samples from the cell-counts
data is probably a result of highly abundant diatom cells being well-represented in counts.
However, it should be noted that the AUC values for cell-counts tend to be pervasively lower,
compared to other data types. The low relative AUCs for diatoms, compared to other bio-
optical clusters, in Figure 2.6, may be a result from the selection of diatom-labelled samples
in our study not being representative. It can be seen in Figure 2.3 that diatom-labelled
samples available in our study were diffusely distributed and few came from the central

region of the diatom-cluster identified in a broader range of Barents phytoplankton samples.

2.9 Conclusion

In conclusion, our investigations across multiple data types, describing phytoplankton com-
munity composition, all retrieved similar functional relationships to a first order between
the phytoplankton and hydrography. However, there are differences in the subtler environ-
mental associations revealed by different data types. We find cell-counts have the greatest
capacity to identify significant environmental variables explaining variation in phytoplank-
ton community structure, because of a small number of highly abundant indicator species.

Overall, the gross relationships between phytoplankton community structure and en-
vironment derived from pigment-ratios and bio-optical properties are more coherent with
one another than either of them are with cell-counts. We believe this means that, for the
purpose of identifying Phytoplankton Functional Types as targets for remote-sensing, where
bio-optical variation is the only property amenable to analysis, that bio-optical (here a,(\))
properties are the most appropriate means of quantifying phytoplankton community struc-
ture. The study of fluorescence-excitation spectra, which may also impart distinct spectral

signatures (Johnsen and Sakshaug 2007) that could influence remotely-sensed ocean-colour,
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is beyond the remit of the current work but identified as a potential future avenue of ex-
ploration.

If app () measurements are unavailable, pigment ratios should be chosen ahead of cell-
counts. We stress that these conclusions are specific to the Barents Sea, because the rela-
tionships between cell-counts, bio-optics and pigment ratios may be structured differently
in other parts of the Global Ocean.

When we probed the capacity of cell-counts, pigment-ratios and bio-optical properties to
identify distinct bio-optical clusters of phytoplankton, a key step in the validation of remote-
sensing algorithms, we found that raw hyperspectral bio-optical properties possessed the
greatest predictive skill. Pigment ratios and cell-counts both had substantially less predic-
tive skill and exhibited considerable bias.

In sum, we suggest that the difficulty previous authors have encountered in the vali-
dation of remote-sensing algorithms of Phytoplankton Functional Types may result from
the use of pigment ratios or cell-counts to represent variation in phytoplankton community
structure, because these representations of community structure do not map directly onto

bio-optical variation.

2.10 Data availability statement

Bio-optical datasets are available via the British Oceanographic Data Centre:

Orkney A.; Bouman H.(2019). Phytoplankton absorption spectra, derived from measure-
ments of absorption from phytoplankton samples taken in the Barents Sea during cruise
JR16006. British Oceanographic Data Centre, National Oceanography Centre, NERC, UK:
[doi:10.5285/97daa7ea-8792-6¢ff-e053-6¢86abc0dd46]

Orkney A.; Bouman H.(2019). Phytoplankton absorption spectra, derived from measure-
ments of absorption from phytoplankton samples taken in the Barents Sea during cruise

HH180423. British Oceanographic Data Centre, National Oceanography Centre, NERC,
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UK:

[doi:10.5285/97daa7ea-8792-6¢ff-e053-6¢86abc0dd46]

Orkney A.; Bouman H.(2019). Phytoplankton absorption spectra, derived from measure-
ments of absorption from phytoplankton samples taken in the Barents Sea during cruise
JR17006. British Oceanographic Data Centre, National Oceanography Centre, NERC, UK:
[d0i:10.5285/982b6da2-7e12-060a-e053-6c86abc09389)

Cell-count datasets are available at:

Mitchell, E., McNeil, S., Whyte, C., Cottier, F., Hopkins, J., & Davidson, K. (2021). Phy-
toplankton enumeration and biomass calculations from samples collected in the Barents Sea
during 2017-2018 (Version 1.0) [Data set]. UK Polar Data Centre, Natural Environment
Research Council, UK Research & Innovation.
[https://doi.org/10.5285/69aelfa2-cf1d-44da-8415-d9cc512c0256)

Flow-cytometry datasets are available at:

Mitchell, E., McNeil, S., Whyte, C., Cottier, F., Hopkins, J., & Davidson, K. (2021). Flow
cytometry analysis of water samples for bacterial and Pico-plankton enumeration, samples
collected in the Barents Sea during 2017-2018 (Version 1.0) [Data set]. UK Polar Data
Centre, Natural Environment Research Council, UK Research & Innovation.
[https://doi.org/10.5285/2182fd8d-0a0d-4{56-9bf9-4dffaa674b]

Hydrographic data are available via the British Oceanographic Data Centre:

Dumont E., Brand T., Hopkins J.(2019). CTD data from NERC Changing Arctic Ocean
Cruise JR16006 on the RRS James Clark Ross, June-August 2017. British oceanogtaphic
Data Centre, National Oceanography Centre, NERC, UK:
[doi:10.5285/89a3a6b8-7223-0b9c-e053-6¢86abc0f15d)]

Nutrient assay data are available via the British Oceanographic Data Centre:

Brand T.; Norman L.; Henley S.F.; Mahaffey C.; Tuerena R.; Crocket K.C.(2020). Dis-

solved nutrient samples collected in the Barents Sea as part of the Changing Arctic Ocean
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programme for the Arctic PRIZE and ARISE projects during RRS James Clark Ross cruise
JR16006. British Oceanographic Data Centre, National Oceanography Centre, NERC, UK:
[d0i:10.5285/bdc1537e-c729-6463-e053-6¢86abc0c7de]

Brand T.; Henley S.F.; Mahaffey C.; Crocket K.C.; Norman L.; Tuerena R.(2020). Dis-
solved nutrient samples collected in the Barents Sea as part of the Changing Arctic Ocean
programme during cruise JR17006, June-July 2018. British Oceanographic Data Centre,
National Oceanography Centre, NERC, UK:
[d0i:10.5285/b62f2d5d-1£3f-0c2c-e053-6¢86abc0265d)]

2.11 Awuthor contributions

Elaine Mitchell acquired cell-counts and flow cytometric data.

Keith Davidson provided expert conceptual input on cell-counts and flow cytometric datasets
and methods used in the existing literature to relate phytoplankton community structure
to environmental variation.

Heather Bouman supervised, providing key conceptual input in analysis, and assisted in
acquisition of bio-optical and pigment datasets.

Sian Henley provided critical input on nutrient data and biogeochemical proceses.

Andrew Orkney acquired bio-optical and pigment samples, drafted the manuscript and per-
formed analysis.

All authors contributed to the text of the manuscript. All authors have read and approved
the final manuscript.
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3.1 Prelude

This chapter forms the prelude and supplement to a submission “ Bio-optical evidence for
increasing Phaeocystis dominance in the Barents Sea ”, published in Philosophical Trans-
actions of the Royal Society A. Further detail is provided in the prelude to chapter 4.
This chapter serves to explain how bio-optically distinct (distinctive apn () signatures)
phytoplankton functional assemblages (occupying different environmental or phenological
niches) were identified, in samples taken from the Barents Sea under Arctic PRIZE, and
related to patterns of variance in remotely-sensed ocean-colour data from the MODIS-Aqua
sensor. This effort culminates in the development of a bio-optical algorithm to distinguish
salient community compositional variation in the Barents Sea. Cross-validation approaches
and comparisons to a multi-annual in-situ phytoplankton sampling record in the Labrador
Sea are employed to demonstrate efficacy. However, the requirement to correct for tempo-
ral drift in the concurrent MODIS-Aqua reprocessing emphasises that the discrimination
of functional assemblages exploits fine variation between ocean-colour wavebands. Hence,
great care must be taken in the use of such ocean-colour algorithms and, as such, any
new application of our bio-optical algorithm would require a bespoke validation scheme.
We emphasise that the greatest value is extracted from bio-optical ocean-colour algorithms
when they are explicitly considered in conjunction with in-situ sampling campaigns. Space-
borne ocean-colour sensors experience accumulating damage and consequent decay in func-
tion or drift in output values, which requires constant correction through re-processings.
Re-processing is usually focussed on correction of commonly-used derived variables such
as [chl-a], rather than ensuring the fidelity of individual waveband ratios. Researchers
must therefore be keenly aware that algorithms developed to infer derived variables, such
as Phytoplankton Functional Types, may experience loss of function should damage to
remote-sensors accumulate or re-processing methods change. A salient example is reported

by Gregg et al. (2017), who demonstrated that, following a new re-processing of SEAW-
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iF'S, MODIS-Aqua and VIIRS data, apparent secular declines in remotely-sensed [chi-a]
(Behrenfeld et al. 2006) were no longer significant. Hence, researchers retrieving Functional
Types from ocean-colour should be careful to restrict themselves to studying only temporal
periods and geographic regions where there are records of in-situ phytoplankton community
composition. When conducted in this context, such research has the capacity to integrate

in-situ records and provide a broader synoptic assessment of ecosystem state and evolution.

3.2 Abstract

In the ocean, satellite-based retrieval of biologically-informative variables, such as [chl-a],
offers the opportunity to study evolution of biomass and ecosystem state on synoptic scales —
provided that variables such as photoacclimation, depth-distribution of phytoplankton and
carbon-to-chlorophyll ratios can be approximated as constant. However, regional variations
in the optical properties (e.g. apn(A)) of phytoplankton — often associated with changes
in phytoplankton community structure, photoacclimation, depth or intracellular pigment
concentration — are known to bias the retrieval of [chl-a], especially in high latitudes. Thus,
there is potential to improve [chl-a] retrieval from satellite, if phytoplankton community
structure can be inferred from remotely-sensed ocean-colour. Furthermore, variations in
community composition are frequently accompanied by significant variety in physiology and
ecological function. The retrieval of phytoplankton community structure from remotely-
sensed ocean-colour is therefore an important goal in the study of ocean ecology. Retrieval
of [chl-a] in boreal regions may also be biased by variable CDOM. Therefore, researchers
aiming to retrieve derived variables, such as [chl-a], from remotely-sensed ocean-colour
must develop regionally-tuned ocean-colour algorithms that accommodate both variation
in community structure and incorporate knowledge of CDOM.

Here we describe the construction of a regionally-tuned algorithm to diagnose major

phytoplankton assemblages in the Barents Sea. We use exploratory multivariate analyses
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of the spectral shape of phytoplankton absorption coefficients (a,,(A)) to identify optically-
distinct phytoplankton groups in natural seawater samples and elucidate their taxonomy.
The in-vivo absorption spectra are then used to compile an empirical training dataset of
ocean-colour observations from level 3 daily MODIS-Aqua data. This training dataset
is used to train a Linear Discriminant Analysis in R to distinguish blooms of pluricellular
aggregates, such as diatoms and Phaeocystis, from single-celled nanophytoplankton. We use
Principal Component Analysis to identify coccolithophore blooms, and adapt an existing
algorithm for the detection of Phaeocystis, by way of the detection of chlorophyll-c3, to

discriminate Phaeocystis from diatoms.

3.3 Plain Language Summary

In biological oceanography, the term ‘bio-optical algorithms’ refers to a family of approaches
that aim to interpret remotely-sensed ocean-colour to infer properties of the phytoplankton;
for example the concentration of photosynthetic pigments such as chlorophyll-a, the average
size of cells in a phytoplankton community or the presence of calcifying coccolithophores
(these release calcite plates that imbue the ocean with a milky colouration). There has been
a particular emphasis on the development of bio-optical algorithms to retrieve appraisals
of phytoplankton community structure (or ‘Phytoplankton Functional Types’) in recent
years, because this would provide researchers with increased insight into ocean ecological
processes.

A dataset of phytoplankton absorption spectra in the Western Barents Sea was collected un-
der Arctic PRIZE. Variation in phytoplankton absorption should influence remotely-sensed
ocean-colour. Therefore, if variety in phytoplankton absorption corresponds meaningfully
to different functional assemblages of phytoplankton, this dataset could be applied to de-
velop a bio-optical algorithm in the Barents Sea to distinguish PFTs.

In this chapter, I demonstrate that variety in phytoplankton absorption corresponds well
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with a small number of ship-board optical microscopy descriptions. Samples typified by
abundant diatom cells, Phaeocystis colonies, dinoflagellates or a paucity of large phyto-
plankton cells (and therefore dominated by smaller cells; nanophytoplankton), can all be
distinguished by their absorption spectra. I therefore divided phytoplankton absorption
measurements into clusters that represented each of these groups, and compiled a record
of coincident remotely-sensed ocean-colour observations. Variety in the ocean-colour obser-
vations was clearly useful for distinguishing some of these clusters; observations associated
with diatoms and Phaeocystis colonies could be distinguished from observations associated
with nanophytoplankton. However, it was difficult to distinguish ocean-colour observations
associated with diatoms and Phaeocystis colonies from one another.

I used the original phytoplankton absorption measurements to perform simulations, to ex-
plore whether subtle differences in remotely-sensed ocean-colour should exist. I found that
Phaeocystis colonies should exhibit slightly greater absorption near 469 nm. An algorithm
had previously been developed in the literature to detect this spectral feature, but had not
been applied to remotely-sensed ocean-colour. I discovered that, when careful corrections
are made for drift in the output of remotely-sensed ocean-colour records, application of this
algorithm successfully discriminates Phaeocystis colonies from diatoms. This chapter there-
fore concludes with the development of a bio-optical algorithm to infer dominant PFTs in
the Barents Sea, that could permit a detailed study of change in phytoplankton community

composition and ecology at a synoptic scale in this rapidly changing Arctic shelf.

3.4 Introduction

The Arctic Ocean is undergoing rapid climate change, having experienced an 11.5% decline
in summer minimum sea-ice cover per decade between 1979 and 2012 (Stocker et al. 2013)
and a 60% loss in the lateral extent of multi-year sea-ice compared with the 1980s (Kwok

2018). The Arctic Ocean may be completely transformed over the next decades even if the

109



goal of limiting global warming to within 2°C of pre-industrial temperatures is achieved,
given the disproportional warming of the polar regions compared with lower latitudes (Over-
land et al. 2018). Some subregions of the Arctic are proving especially sensitive to climate
change; the seas of the Eurasian Basin are experiencing an increased input of warmer, more
saline Atlantic Water as the Global Ocean circulation responds to anthropogenic forcing
(Francis and Hunter 2007). This process of ‘Atlantification’ is causing exceptionally rapid
loss of sea-ice cover in the Barents Sea, the frontier between the Atlantic Waters of the
Nordic Seas and the Arctic Waters of the Eurasian Basin (Cavalieri and Parkinson 2012).
Ultimately, the increased input of Atlantic Water and decreasing sea-ice cover in the Arctic
threaten to interact in a positive feedback that may undermine salinity-based water-column
stratification, exposing warmer waters to the atmosphere and potentially precluding peren-
nial sea-ice formation in the Barents Sea altogether (Polyakov et al. 2017).

In this context of rapid climatological and hydrographic change, evidence is emerging
that the Arctic marine ecosystem is already changing. Studies in the Fram Strait region
have demonstrated that the summer phytoplankton community composition has responded
to an increasing inflow of Atlantic Waters, progressively shifting from dominance by diatom
species towards haptophyte species, such as Phaeocystis pouchetii and Emiliania huzley:
(N6thig et al. 2015).

Ocean-colour is a useful means to monitor ecosystem change on synoptic scales; remote-
sensing studies have revealed that a poleward shift in double-bloom phytoplankton phe-
nologies has emerged in response to decreased sea-ice cover. Lower sea-ice cover permits
wind-induced vertical mixing to recharge the autumn ocean surface with nutrients. This,
in turn, leads to a second autumnal bloom, following the main spring bloom— a paradigm
more commonly associated with temperate waters (Ardyna et al. 2014). Average annual
remotely-sensed [chl-a] in the region is increasing; Arrigo and Dijken (2015) have suggested

that pelagic net primary production in the region has increased by 30% between 1998 and
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2012. However, inferences of increased Arctic productivity in the satellite era may be dif-
ficult to reconcile with centennial-scale declines in sub-Arctic productivity indicated by
biochemical proxies in Greenland ice cores (Osman et al. 2019).

Ocean-colour has also been used to study changes in phytoplankton assemblages with
distinct optical properties, for example the detection of a statistically-significant Eastward
shift in the occurrence of late-summer coccolithophore blooms in the Barents Sea (Smyth
et al. 2004; Hovland et al. 2013; Oziel et al. 2017; Neukermans et al. 2018; Oziel et al. 2020).
Coccolithophore blooms can be recognised easily in remotely-sensed ocean-colour because
the strong scattering properties of their calcite liths impart a bright colouration to seawater,
quite distinct from other phytoplankton groups (Hovland et al. 2013; Hovland et al. 2014).
Distinguishing other phytoplankton groups from one another is more challenging. Retrieval
of a greater range of phytoplankton assemblages from ocean-colour would provide the op-
portunity to monitor boreal ecosystems in greater detail and to account for taxonomic biases
in [chl-a] estimation (Sathyendranath et al. 2004).

Indeed, Dierssen (2010) found that estimates of [chl-a] concentration from ocean-colour
are accurate only within a factor of 5, owing to suspended minerals, Coloured Dissolved Or-
ganic Matter (CDOM) and taxonomic variation in the optical properties of phytoplankton.
More recently, work by Sathyendranath et al. (2019) has shown that global [chi-a] algo-
rithms produced to interpret merged time series produced in the OC-CCI (Ocean-Colour
Climate Change Initiative) are associated with root-mean-squared errors on the order of 0.3
logio units of [chl-a] (measured in mgm™—3). Jackson et al. (2017) has also published root-
mean-squared errors of this magnitude; varying between 0.2 and 0.4 logip units. Recent
modelling approaches also predict that a fundamental change in the relationships under-
pinning empirical global algorithms may occur in the future (Dutkiewicz et al. 2019), such
that the development of ocean-colour algorithms that incorporate taxonomic variations will

have special value over the next decades.
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We also invite the reader to consider that photoacclimation can cause the carbon-to-
chlorophyll ratio of phytoplankton tissues to vary by a factor of 2-5 (Rodriguez et al. 2006).
This means that, even if researchers can faithfully reconstruct [chl-a] estimates from ocean-
colour, that the inference of primary, new and export production represent additional and
incomplete problems that require additional ancillary information to solve.

We have therefore established that there is a mandate in the wider literature for re-
searchers to develop regional bio-optical algorithms to distinguish phytoplankton eco-physiological

and functional variety.

3.5 Fundamentals of remote-sensing

As we have seen in the introduction section, numerous researchers have made insightful
comments about ecosystem state and dynamics in Arctic seas by studying remotely-sensed
ocean-colour. It is therefore worthwhile building a foundational understanding of the nature
of this rich resource of data.

Ocean-colour apparent to remote-sensors is, effectively, the sum of light refracted by the
atmosphere, reflected from the ocean surface, or modified by interactions within the surface
ocean. It is hence clear that variation in ocean-colour will reflect the cumulative sum of a
many different processes.

We can simplify our interrogation of ocean-colour by making a practical assumption.
We will assume that the ratio of water-leaving radiance to down-welling irradiance (Ry), is
determined principally by elastic scattering (R¥) (the result of a flux of light penetrating and
interacting with a field of particles — in this case water molecules and suspended constituents
— in events that can be approximated as elastic collisions).

Elastic scattering is itself a wavelength-dependent (\) function of absorption (a) and

backscattering (by):
by (A)

E = r———-:
B0 =0 + by

(3.1)
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where 7 is a coefficient of proportionality that varies with factors such as angle of incident

light and the viewing angle (0 indicates the equation describes ocean-colour at sea-level).

The overall contribution of absorption by pure water, phytoplankton and CDOM to

total absorption is additive;

a()\) = aw()‘) + aph()‘) + acdom(A)' (3'2)

By assessing spectral shape — the wavelength dependent variation in R,s, we can avoid

the requirement to consider variation in r (assuming it does not vary with wavelength).

ay () can be assumed to be constant. Furthermore, previous research has shown that, in
the open waters of the Barents Sea, acgom(A) (absorption due to CDOM) is invariant across
major hydrographic features and can therefore be treated as constant (Hancke et al. 2014),
with an absorption coefficient of 0.04m™! at 400 nm, decaying according to the relationship

found in Bricaud et al. (1981);
acdom(A) — 0.046(70.0014()\7440)). (33)

We have therefore greatly simplified our understanding of ocean-colour with a simple
representation of the underlying physics. This simple representation has allowed us to
conclude that many potential sources of variance in ocean-colour can be approximated as
constant and therefore need not occupy our minds.

We can therefore assume, with good justification, that a and b, in the Barents Sea
are driven principally by variation in phytoplankton community composition and pigment

biomass.
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An illustrative schematic of these physical processes is presented in Figure 3.1.
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Figure 3.1: Schematic illustration of incident sunlight interacting with the atmosphere,
ice-field, ocean-surface and sub-surface. Note that valid retrieval of R, relies on an accurate
atmospheric correction and the assumption that ice-associated scattering can be neglected.
Note that R,s is a complicated wavelength-dependent function with a multivariate depen-
dence on CDOM, phytoplankton concentrations, compositions and life-histories. ‘Gelbstoff’,
German for ‘Yellow stuff’; is the combination of CDOM and non-algal particulate matter:
Qgelbstof f = ACDOM + ANAP-

General reviews of the physics and interpretation of remotely-sensed ocean-colour can
be found in Lee et al. (2006), and a special consideration of the unique challenges of po-
lar regions is found in Babin et al. (2015), including a discussion of wavelength-dependent
scattering from sea-ice (Bélanger et al. 2007).

It can be seen from Figure 3.1 that we can intuitively expect variation in the standing

stock of phytoplankton biomass, pigment composition, depth-distribution or packaging of
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pigments to result in changes to R,s. Should individual taxon-indicative pigments have
distinctive spectral signatures, this could result in specific wavelengths of R,s varying in
indicative ways, that could possibly be used to proxy the presence of different unique as-
semblages of phytoplankton. Where variation in community composition causes complex
simultaneous variations in pigment packaging and complement, we might expect variation
in R,s to also be a complex function. Differences may be subtle, and variation in other
factors, such as overall [chi-a], may be superimposed upon them.

We can therefore see that, while we have been able to make some simplifying assump-
tions, and sketch a physical basis to justify an expectation that remotely-sensed ocean-colour
should contain useful information about phytoplankton community composition, that ex-
tracting this information will require a detailed understanding of multivariate interactions
and will not be easy.

Let us, then, review previous attempts in the literature to infer information about
phytoplankton community composition from remotely-sensed ocean-colour; ‘taxonomic al-

gorithims’.

3.6 Taxonomic algorithms

Various approaches have been applied to discern phytoplankton community structure from
remotely-sensed ocean-colour.

Alvain et al. (2005) explored the empirical relationships between dominant phytoplank-
ton groups (discerned by HPLC/ High Performance Liquid Chromatography) and coincident
SeaWiFS measurements of ocean-colour in 5 wavebands, to develop the PHYSAT taxo-
nomic algorithm. Alvain et al. (2005) computed the [chl-a] concentration with the OC4v4
algorithm and then used an empirical relationship to extract the ocean-colour signal at-

tributable to pigments other than [chl-a], which are diagnostic for different phytoplankton
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groups. The PHYSAT algorithm is informed by in-situ samples gathered largely in the low
and mid-latitudes. Additionally, the PHYSAT algorithm was trained exclusively on pix-
els with a [chl-a] concentration under 3mgm ™3, to exclude waters influenced by sediment.
These aspects of the PHYSAT algorithm make it unsuitable for applications in boreal seas,
where [chl-a] concentrations can exceed 10mgm ™2 as a matter of course (see Wassmann et
al. 1990; Reigstad et al. 2002; Hancke et al. 2014 ). Application of the PHYSAT algorithm
to the Global Ocean implies that the Barents Sea is dominated by nanoeukaryotes (Alvain
et al. 2005, Figure 6 and Alvain et al. 2008, Figure 4) across all seasons.

Other authors (e.g., Zhang et al. (2018)) have proposed regionally-tuned taxonomic
algorithms. They collected phytoplankton samples in the Bering and Chukchi Seas and
performed HPLC analyses, identifying nine distinct phytoplankton assemblages. The au-
thors determined the phytoplankton absorption spectra (apn())) associated with each of
these assemblages. They were then able to apply linear-unmixing models to apn(A) to
estimate contributions from 5 optically-distinct phytoplankton assemblages to the overall
apn(A). These approaches have, however, not yet been successfully extended to remotely-
sensed ocean-colour.

Semi-empirical approaches, such as those of Sathyendranath et al. (2004) and Jack-
son et al. (2010), are examples of another strategy, in which phytoplankton community
composition is inferred from HPLC data, then corresponding a,y(X) representative of dif-
ferent communities are identified, and radiative transfer models are employed to establish
remotely-sensed ocean-colour waveband ratios associated with different communities for a
range of [chl-a] concentrations. When remotely-sensed ocean-colour is used as input, at
least two waveband ratios are employed to calculate [chi-a] concentrations for different pre-
sumed community structures. The community that produces the most consistent result for
multiple waveband ratios is then chosen as the most probable community composition. The

approach offers the advantage of necessarily producing a taxonomically-informed estimate
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of [chl-a] concentration.

Devred et al. (2011) developed a system of equations relating [chl-a] associated with
three different phytoplankton size-classes in the North-west Atlantic, to the total absorp-
tion coefficient at several wavelengths. The size-classes were derived from HPLC analysis.
The model could then be used to solve for the [chi-a] associated with each size-class from
remotely-sensed ocean-colour data at multiple wavelengths. This method offers the advan-
tage of describing community composition according to the [chi-a] concentration associated
with each component of the community, and gives [chi-a] concentration for each size-class,
rather than just identifying the dominant class. However, size-classes are not necessarily
synonymous with taxonomic assemblages of phytoplankton.

Clearly, there are many strategies available to retrieve information on phytoplankton
community structure from ocean-colour data, but all of the methods discussed above rely
on labour-intensive HPLC analysis in order to distinguish different taxonomic assemblages
or size-classes of phytoplankton in natural samples. These assemblages are then effectively
treated as targets, for which distinct bio-optical properties or ocean-colour signals must
be identified. This approach requires the freezing and shipping of phytoplankton samples,
which represents a source of delay that encumbers the ability of researchers to develop
bio-optical algorithms rapidly. Furthermore, chapter 2 demonstrated that defining target
functional assemblages directly from bio-optical properties may eliminate some sources of
error that confound the development of bio-optical algorithms.

Thus, in this chapter, we discuss the construction of a remote-sensing algorithm for com-
munity structure in the Barents Sea, which did not require HPLC analysis of new samples
in its development (samples for HPLC analysis had been collected for the Arctic PRIZE
phytoplankton dataset, but had not reached the laboratory at the time of writing). We
employ methods similar to those used by Hoepffner and Sathyendranath (1991), Chase et

al. (2013), and Liu et al. (2019) to infer the presence of taxonomically-informative pigments
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from app(A), which can be measured using benchtop or profiling spectrophotometers, and
show that they are sufficient to identify major phytoplankton assemblages. We compare
this means of categorisation of assemblages with an existing data set from the Labrador
Sea (collected by and previously discussed in Stuart et al. (2000), Cota et al. (2003), and
Sathyendranath et al. (2004)) and demonstrate that optical properties have a similar utility
in the recognition of broad taxonomic assemblages, such as ‘diatom-dominated’ or ‘ Phaeo-
cystis-dominated’, to HPLC analysis. We use a dataset of 191 phytoplankton samples from
the Barents Sea to demonstrate that empirical, regionally-tuned algorithms for the remote-
sensing of phytoplankton community composition can be constructed rapidly using this
method. We assess the limitations of solely empirically-informed algorithms and obviate
deficiencies with the use of semi-empirical radiative transfer modelling, as in Sathyendranath

et al. (2004) and Jackson et al. (2010).

3.7 Collection of phytoplankton data

Let us begin our efforts to develop a ‘taxonomic’, or ‘bio-optical’, algorithm for the Barents
Sea by identifying gross community structure in the Barents Sea phytoplankton samples

collected under Arctic PRIZE.

We collected natural assemblages of phytoplankton from the Western Barents Sea on
3 research cruises aboard British and Norwegian vessels, as part of the Arctic PRIZE
(Productivity in the Seasonal Ice Zone) research project, with the aim of capturing seasonal
variation in the ecosystem of the Seasonal Ice Zone. The geographic distribution of the
sampling sites is presented in Figure 3.2.

The sampling locations are concentrated along the 30" Eastern Meridian, such that they
form a transect across the Polar Front, which divides warmer Atlantic-influenced water-

masses from Arctic Waters of a North-easterly origin in the Eurasian Basin (Reigstad et
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Figure 3.2: (Left) Cruise JR16006 Julian days 189-217. (Centre) Cruise HH23042018
Julian days 114-122. (Right) Cruise JR17006 Julian days 163-185. Regions with no
MODIS-Aqua satellite observations during the cruise window are covered by a cyan mask,
which indicates the extent of the ice edge. Yellow markers indicate sampling sites.

al. 2002).

A Conductivity-Temperature-Depth (CTD) rosette, equipped with an in-vivo Chelsea
Aqua 3 fluorometer, was used to collect seawater samples. Real-time readings of [chl-a] flu-
orescence were used to select sampling depths, typically targeting the surface, Sub-surface
Chlorophyll Maximum (SCM) and 1-3 intermediary depths. Seawater, collected using the
Niskin bottles, was subsampled for analysis of bio-optical properties (a,n(A)) and [chi-al.

We made initial ship-board optical microscopic observations on a subset of the samples
we collected, so that we could gain an overview of the salient variation in phytoplankton
community composition that we had encountered. These microscopic observations simply
recorded the presence or absence of major phytoplankton groups, such as diatoms, dinoflag-
ellates or Phaeocystis colonies. Where we recorded no microphytoplankton we concluded
the sample must represent a nanophytoplankton-dominated community.

Samples were filtered through 25 mm GF/F filters (0.7pm pore diameter) to collect
phytoplankton cells. We collected triplicates of 0.2 L samples for fluorometric [chl-a] mea-

surement.
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We immersed [chi-a] samples in 90% acetone solution and stored them in the dark at
-20°C overnight to facilitate pigment extraction. A Turner Designs Trilogy fluorometer was
used to measure [chi-a]. Typical sample volumes for a,, () ranged between 0.25 and 1L; we
aimed to filter a sufficient volume such that colour was visible to the naked eye. Filters for
phytoplankton a,p(\) were flash-frozen in liquid nitrogen and transferred to a -80°C freezer
for long term storage. Later, in the laboratory, ay,(A) was measured by a Shimadzu UV-Vis
spectrophotometer equipped with an integrating sphere at a 1 nm resolution, following the
method of Kishino et al. (1985), including the extraction of pigments with methanol to de-
termine absorption by detrital matter. The filter pads were rotated by a quarter revolution
4 times, collecting replicate measurements that were subsequently averaged, to control for
uneven distribution of cells on the disk of the filter pads. We used the binomial pathlength
correction equation of Hoepffner and Sathyendranath (1992) to convert the optical densities

into absorption coefficients;

_0.0575757d?

= (0.31Xf(A) +0.57XF(N)), (3.4)

ar(A)

where ar is total particulate absorption measured in m™', d is the diameter of the
filtration area measured in cm, Xy is the absorbance measured from the filter-pad by a
Shimadzu spectrophotometer, V' is the volume of seawater that was filtered through that
filter-pad measured in Litres (L), and A specifies wavelength (rearranged from equations
2 and 3 in Hoepflner and Sathyendranath (1992)). We chose to match our method to
Stuart et al. (2000) so that we could pool our Barents dataset with a similar dataset of
aph(A) collected in the Labrador Sea (Stuart et al. 2000; Cota et al. 2003; Sathyendranath
et al. 2004), in which diatom and Phaeocystis-dominated blooms were sampled — similar
to the compositions known to be frequent in the Barents Sea (Degerlund and Eilertsen

2010). The Labrador Sea dataset was collected between 1996 and 2001 in multiple seasons.
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Comparing ap,(A) in the Barents and Labrador Seas therefore allowed us to gain greater
confidence that any recognition of distinct bio-optical assemblages common to both Seas is
robust to seasonal and inter-annual variation.

We fitted exponential curves to the detrital absorption spectra and subtracted them

from the total absorption spectra to attain the absorption spectra of the phytoplankton;

aph(N) = ar() — aq(N), (3.5)

where ap, (), ar(A) and a4(A\) denote phytoplanktic, total and detrital absorption, re-
spectively, at wavelength A. In total, 191 spectra are presented in this study.

Variability in the absorption spectrum of phytoplankton samples, and any relationship
it might have to our ship-board optical microscopy, will provide us with an impression of
bio-optically distinct phytoplankton communities in the Barents Sea that we might feasibly

be able to identify in remotely-sensed ocean-colour observations.

3.8 Identification of distinct bio-optical phytoplankton com-

munities in 2n-situ samples

We have gathered a resource of hyperspectral a,,(A) data for phytoplankton communities
in the Barents Sea, but how do we begin exploring this dataset for structure that could
reflect salient variation in phytoplankton community composition?

Measurements of apy,(A) have many dimensions. We therefore sought a means to reduce
the dimensionality of our Barents Sea dataset before analysis, so that any patterns of vari-
ation that exist might prove more tractable.

Methods for decomposition of apy(A) were developed by Hoepffner and Sathyendranath
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(1991), Chase et al. (2013), and Liu et al. (2019). We make use of the version presented
in Chase et al. (2013), which takes total absorption readings from an AC9 spectropho-
tometer, removes absorption attributable to detritus to isolate apn(A) and then breaks this
down into component Gaussian functions that correspond to the concentrations of different
combinations of taxonomically-indicative phytoplankton pigments. The Gaussian function
decomposition method has been used successfully by Liu et al. (2019) to develop algorithms
that describe the contribution from taxonomically-indicative pigments to apy(\) measured
in the Fram Strait. Thus, there is a precedent for this method’s successful application in
the European Arctic.

Alternative dimensionality reduction approaches include stepwise-discriminant analysis,
which was employed by Johnsen et al. (1994) to discover 5 taxonomically-sensitive wave-
lengths of ap,(\) that were shown to discriminate 10 different phytoplankton assemblages.

Having performed Gaussian decomposition on the Barents Sea a,,(\) dataset, we also
decomposed the ap, () dataset, gathered by Stuart et al. (2000), so that we had a resource
of data for comparison.

We chose this Labrador Sea ap,()) dataset, to contrast with our Barents Sea app ()
dataset, because the climatology and phytoplankton community composition is similar to
the Barents Sea (a high latitude sea experiencing perennial ice cover) and because its phyto-
plankton community is known to comprise a similar group of assemblages that follow similar
phenologies and probably have similar adaptations to life in the boreal seas as Barents Sea
phytoplankton (Wassmann 1994; Wassmann et al. 1999; Cota et al. 2003; Carmack and
Wassmann 2006).

The Labrador Sea phytoplankton samples had already been prescribed likely identities
as diatom or nanophytoplankton-dominated, based on HPLC (Stuart et al. 2000), but we
added a third category, classifying those blooms in which literature reports noted strong

DMS (dimethyl-sulphide) odours or gelatinous mucilage as Phaeocystis, which commonly
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occur off the Greenland Shelf (Cota et al. 2003; Fragoso et al. 2017). This parallel dataset of
app(A) will, in conjunction with our ship-board optical microscopic observations, help us ex-

plore how variation in a, () maps onto variation in phytoplankton community composition.

Gaussian decomposition was performed by a translation of Chase et al.’s decomposition
script, which made use of the Isgnonneg() function of the pracma package (Borchers 2018).
The script was modified to remove the step that accounts for detrital absorption, as this
had already been achieved by subtraction of detrital absorption spectra.

Original Barents Sea a,, (), and the resulting decomposition into component Gaussian

functions, are presented in Figure 3.3.
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Figure 3.3: (Left) Original hyperspectral absorption spectra for 191 Barents Sea phyto-
plankton samples. (Right) Component Gaussian functions, coloured to foster clarity and

labelled with the pigments they indicate. ‘PE’, which has not been introduced yet, stands
for ‘phycoerythrin’.

We established a strong relationship between taxon-indicative pigments and the mag-

nitude of Gaussian components, by performing a Two-Block Partial Least Squares analysis
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(2BPLS) (see Rohlf and Corti (2000) for details) on the Labrador Sea dataset, the results
of which are presented in Figure 3.4. A discussion of 2BPLS and an illustrative example is
provided in the mathematical methods appendix. The analysis is a multivariate exploratory
method, initially adopted in sociology (e.g. Sampson et al. (1989)), but now widely used
in comparative anatomy and increasingly employed in ecological studies, (e.g. Contreras
et al. (2017)). The approach has also been applied to study covariance between apn(X)
and pigment complement across phytoplankton samples and cultures (see Roy et al. (2011),
pages 351-352 for a review). This is hence an established approach for the comparison of
spectral and pigment data in biological oceanography.

2BPLS is analogous to PCA (also see our mathematical methods appendix), but rather
than finding a system of orthogonal linear combinations of variables that explain variance
in a single block of data, it finds a system of orthogonal pairs of linear combinations of vari-
ables that explain covariance between two or more blocks of data (Rohlf and Corti 2000).
The weightings of linear variable pair combinations are referred to as ‘saliences’ and each
battery of saliences makes up a ‘latent variable’, analogous to a PC axis.

We prepared the left block of the analysis by normalising HPLC pigment concentrations
to the sum of all pigments (accessory + [chl-a]) in each sample and performed PCA, trun-
cating the block of PC-scores when the axial explained variance dropped below 5%.

We prepared the right block of the analysis by normalising the magnitudes of the com-
ponent Gaussian functions (which we shall refer to as ‘CGF-scores’) to the sum of all
CGF-scores in each sample and performed PCA, truncating the block of PC-scores when
the axial explained variance dropped below 5%. We then performed 2BPLS, and randomly
re-sampled the input blocks, with replacement, 999 times to compute a p-value for assessing
significance of the first latent variable.

Finally, we computed the effect size, as described in Adams and Collyer (2016).
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Figure 3.4: Left: Biplot of the leading PC axes in the optical properties of the Labrador
Sea samples. Centre: Biplot of the leading PC axes in the pigment composition of the
Labrador Sea samples. Right: The leading latent variable retrieved by 2BPLS. Green
squares (diatoms), red diamonds (Phaeocystis), blue circles (nanophytoplankton).

We retrieved a maximum correlation coefficient between input blocks of 0.772, with
significance testing indicating a p-value <0.001, showing that this relationship is highly
significant. The retrieved effect size indicated that the relationship was 16.96 standard de-
viations above the association that would be expected from a randomly permuted dataset
with no real association between input blocks.

The first latent variable explained 94.49% of covariance between the input blocks.
The stratification of distinct Labrador Sea phytoplankton communities along the leading
saliences in this analysis confirm a strong relationship between pigments and Gaussian
decompositions, and establish that they offer a credible means by which to distinguish pre-
vailing phytoplankton communities. We can therefore proceed to explore their variance

structure with confidence.

Given that a,,(A) is determined not only by pigment complement, but also by the pack-
aging of those pigments and the morphology of phytoplankton cells (eg. Kirk 1994; Cota
et al. 2003), we should expect that these Gaussian components are proxies not only of pig-

ment complement, but also of cell morphology. Let us explore the variance structure in our
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Barents Sea ay,,(\) dataset by performing Principal Component Analysis on the matrix of
Gaussian decomposition magnitudes (peak heights).

We found, upon normalising each of the Gaussian peaks to the fourth Gaussian peak
(which represents the in-vivo absorption by chl-b) and then applying PCA (Principal Com-
ponent Analysis; see the mathematical methods appendix section on PCA for an involved
discussion) to the absorption data from JR16006, that scores on the second Principal Com-
ponent have a bimodal distribution, as seen in Figure 3.5.

We projected the remaining Barents and Labrador Sea a,,(\) data along these axes
and found that different taxonomic groups of samples, identified by ship-board optical mi-
croscopy or identified in (Stuart et al. 2000; Cota et al. 2003; Sathyendranath et al. 2004),
tended to cluster in different regions of the space.

Diatoms tend to possess high PC1 scores and low PC2 scores, for example, while di-
noflagellates possess both high PC1 and PC2 scores. This suggests that clustering in the
aph(A) of the Barents Sea phytoplankton represents variability in community composition.

Only a subset of our Barents Sea ap,(\) samples possessed corresponding ship-board
microscopy to record their phytoplankton community composition. However, we can see
that the clustered distribution of apy(A) corresponds well to salient variation in phytoplank-
ton community composition. Hence, fuzzy-clustering was performed using the R package
ppclust’s fem() function (Cebeci et al. 2019) (a description of fuzzy-clustering and a worked
example is provided in the mathematical methods appendix). We normalised the Gaussian
peak heights to the sum of all such peak heights for each sample, to control for variance
in magnitude, set fuzziness to 1.8 and elected to solve for 4 clusters. We chose to solve
for 4 clusters on the basis that there are 3 Labrador Sea clusters with clear Barents Sea
analogues, and our ship-board optical-microscopy indicated that dinoflagellate-dominated
samples likely formed a fourth cluster. We have therefore crisply partitioned our Barents

Sea a,p(N) dataset into four clusters. We have a justified confidence that these clusters map
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onto salient variation in phytoplankton community composition and that they are domi-
nated by nanophytoplankton, diatoms, colonial Phaeocystis and dinoflagellates.

We could have used a variety of different clustering techniques to partition our data, but
we chose fuzzy clustering because it permits the calculation of partial memberships. We
used these partial memberships as weights when we calculated the mean a,,(\) for each of
the 4 clusters. The mean a,,()\) for the i*® cluster was calculated as a weighted average of
the memberships of all samples most closely aligned to the i*® cluster. This is the means
by which representative spectra presented in Figure 3.5 were produced.

A comparison of the Barents Sea spectra with the mean spectra for the Labrador Sea
phytoplankton clusters shows a high degree of similarity, with the exception of the fourth
cluster, that our ship-board microscopy indicated was rich in dinoflagellates.

The complete inventory of a,p(A) for each cluster, normalised to [chi-a], is presented in

Figure 3.6.

It can be seen in Figure 3.5 that the Phaeocystis cluster is optically distinct from
nanophytoplankton — exhibiting a much greater degree of pigment packaging and having
a greater resemblance to the diatoms; a shoulder in a,p(A) around 469 nm distinguishes
the Phaeocystis and diatom clusters. This feature probably results from absorption due
to chlorophyll-c3 (Astoreca et al. 2008). There is a possible ancillary absorption peak
around 585 nm (see Figure 3.6 diatom and Phaeocystis subplots), which is also indicative
of chlorophyll-c3 (Johnsen et al. 1994), but this does not align with any spectral waveband
commonly retrieved by remote-sensors, so we do not place considerable emphasis on this
feature (as our ultimate ambition is to relate variety in app(A) to remotely-sensed ocean-
colour).

Chlorophyll-c3 was treated by Astoreca et al. (2008) as a characteristic marker pigment

indicating the presence of Phaeocystis globosa in the Southern North Sea. It must be noted
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Figure 3.5: Left: A PCA space representing variation in the optical properties of the
Barents phytoplankton samples. The density gradients represent the regions of this space
occupied by nanophytoplankton, diatom and Phaeocystis samples identified in the Labrador
Sea (blue, green, red). The bold points represent a sub-set of Barents Sea phytoplankton
which optical microscopy showed to be dominated exclusively by Phaeocystis, diatoms or
dinoflagellates (red, green, purple), while the smaller points represent the rest of the Barents
phytoplankton samples after a fuzzy clustering algorithm was instructed to divide them into
four groups. Right: Representative average absorption spectra for nanophytoplankton,
dinoflagellates, Phaeocystis and diatoms (blue, purple, green, red) for the Labrador (bold)
and Barents (dashed) Sea datasets, showing high similarity.

that chlorophyll-c3 is not exclusive to this genus or even more broadly to prymnesiophytes
(e.g. in Emiliania huzleyi (Garrido and Zapata 1998)); its occurrence has been noted by Roy
et al. (2011) in the heterokont picophytoplankton class bolidophyceae, silicoflagellates and
their sisters the pelagophytes, as well as some diatoms and dinoflagellates. Indeed, Johnsen
and Sakshaug (2000) describe chlorophyll-c3 as indicative of prymnesiophytes (including
Chrysochromulina and Phaeocystis) and dinoflagellates in the Norwegian Sea. Neverthe-
less, the pronounced shoulder in Phaeocystis apn () at 469 nm, indicates that chlorophyll-c3
functions as an effective marker pigment of colonial Phaeocystis dominance in the Arctic

PRIZE Barents Sea ap,(\) dataset 3.5). The astute reader should, however, note that the
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perception of chlorophyll-c3 should not be taken as unambiguous evidence of any specific

genus of phytoplankton without ancillary analyses or justification.

A review of the PC loadings of the axes, that define the space depicted in Figure 3.5,

provides insight into the variation in optical ecology that distinguishes clusters (Table 3.1).

Table 3.1: PC loadings

Axis | Chla+c¢ Chla Chlb+c¢ Chlb PPC PSC PE Chle  Chla  Chlc  Chlb Chla
PC1 0.876 0.189 0.233 0 0.176 0.151 0.134 0.067 0.080 0.056 0.069 0.229
PC2 | -0.069 0.181 0.163 0 0.687 0.225 0.0296 -0.204 -0.186 -0.171 -0.157 -0.532

Note. All optical characters normalised to Chlb, all values rounded to 3 significant figures. PPC stands for photopro-
tective carotenoids, PSC for photosynthetic carotenoids and PE for Phycoerythrin.

Table 3.1 shows that all of the loadings for PC1 are positive. Different CGF-scores that
serve as proxies for the same pigments, such as [chl-a], have different loadings, and there
is a trend for those CGF-scores that tend to have higher magnitudes in Figure 3.3 to have
higher loadings as well, suggesting that PC1 may be a proxy for the degree of pigment
packaging in phytoplankton samples. This interpretation is compatible with the observa-
tion that dinoflagellate and diatom-replete samples, which are more highly packaged, are
discriminated from nanophytoplanktic prymnesiophytes along this axis (Figure 3.5).

The loadings for PC2 vary between negative and positive. The dominating pattern is a
large positive loading in CGF-scores corresponding to PPC (Photoprotective Carotenoids)
and a negative loading in [chl-a]. This suggests that PC2 is discriminating organisms with
optical adaptations to high-intensity light, an interpretation that could be consistent with
the separation of nanophytoplankton and dinoflagellates, which both tend to inhabit strat-
ified waters and hence are more exposed to sunlight (Margalef 1978), from diatoms and
Phaeocystis, which occur in concentrated blooms that provide sufficient self-shading to ren-
der investment in copious amounts of PPC unnecessary. Indeed, we refer the reader to
the ‘Results’ section of chapter 2, where the pigment complements associated with these

clusters are reported and can be observed to generally be commensurate with ecological
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Figure 3.6: Hyperspectral absorption spectra for samples belonging to each of the four
clusters identified in the Arctic PRIZE a,p, () dataset. Note that diatoms, Phaeocystis and
dinoflagellates all exhibit greater pigment packaging than nanophytoplankton. A shoulder
in absorption at 469 nm suggests high relative concentrations of chlorophyll-c3 in the Phaeo-
cystis cluster. There is potentially a greater variety in spectral shapes in dinoflagellates,
consistent with their greater dispersion in the ordination plot in Figure 3.5.

interpretations based on appy(A).
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3.8.1 Ocean-colour data

Our ambition to construct an algorithm, that can predict bio-optical variation in the phy-
toplankton from ocean-colour, requires a resource of ocean-colour observations.

We selected the MODIS-Aqua platform, owing to its provision of data at a decadal scale
with a relatively high spectral resolution. Other remote-sensing platforms concurrent with
our sampling have either shorter flight histories or fewer available spectral bands in the
visible range. For example, the Visible Infrared Imaging Radiometer Suite (VIIRS) (OBPG
2020) has a 2011 launch-date and 5 spectral bands, while the Ocean-Colour-CCI dataset,
which merges data from MERIS (MEdium Resolution Imaging Spectrometer), MODIS-
Aqua, SeaWiFS (Sea-View Wide Field-of-View Sensor) and VIIRS, has 6 spectral bands
and begins in 1998 (Sathyendranath et al. 2012). By comparison, MODIS-Aqua has a
launch date of 2002 and 10 spectral bands.

We decided that the extra spectral resolution of the MODIS-Aqua sensor outweighed the
importance of the 4 extra years available in the OC-CCI dataset, especially since MODIS-
Aqua offers bands at blue wavelengths (443,469,488 nm) that should be useful for distin-
guishing Phaeocystis (Astoreca et al. 2008), a particularly important and optically distinct
phytoplankton assemblage in the Barents Sea (Reigstad et al. 2002; Rat’kova and Wass-
mann 2002; Sakshaug et al. 2009).

The preferential absorption of chlorophyll-c3 at 469nm (Johnsen et al. 1994), should
mean that prymnesiophyte species rich in this pigment (such as the Phaeocystis cluster we
have identified) should have a decreased reflectance/R,.s value at 469 nm relative to adjacent
wavebands.

We downloaded Level-3 daily binned ocean-colour observations spanning the duration
of our research cruises (Table 7.1) from the MODIS-Aqua website (OBPG 2019). These
data represent ocean-colour observations centred at wavebands A = 412,443,469, 488, 531,

547,555, 645,667 and 678 nm, within 1° latitude or longitude of in-situ samples, on the
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same Julian day as sampling. The atmospheric correction and quality control of these data
belongs to the r2018.1 reprocessing. We collected 18,000 ocean-colour observations in total.

It should be noted that the pigment-specific a,y () of some pigment species is a function
of phytoplankton photoacclimation state and the way in which pigments are chemically
bound (Johnsen and Sakshaug 2007) to the thylakoid membrane — a surface within the
chloroplast of photoautotrophic cells upon which the light-dependent reactions of photo-
synthesis are mediated (Kirk 1994).

Hence, the ratios of reflected light across different ocean-colour wavebands may be in-
fluenced by the life-history of phytoplankton communities, in addition to their pigment
complement, community composition, depth-distribution and overall concentration in the

water-column.

3.8.2 Masking unsuitable ocean-colour observations

In our assessment, of the fundamental physics underlying remote-sensing, we made the sim-
plifying assumption that change in a()) is driven by change in apy,(X). We must also neglect
consideration of variance in by(\) associated with phytoplankton community composition or
life history, even though this may be significant (Pavlov et al. 2017). This is a simplifying
assumption we are forced to make, because a comprehensive set of phytoplankton backscat-
tering properties was not collected under Arctic PRIZE.

Our aim, to construct an algorithm to relate variation in remotely-sensed ocean-colour
to bio-optical variation in our in-situ samples, could therefore be undermined by sources
of variance in remotely-sensed ocean-colour that are unrelated to the absorption of phyto-
plankton.

Violations of our assumptions may occur when non-algal particles, which have their own

wavelength-dependent absorption (Babin et al. 2003) and backscattering properties (Mes-
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lard et al. 2018), are present in substantial concentrations. River plumes can also carry
terrigenous organic matter, increasing acgom (A)(Drozdova et al. 2017), and coccolithophore
blooms will violate our assumptions too, because of the influence of backscattering of light
off of their biomineral liths (Hovland et al. 2013).

We therefore need a means by which to identify ocean-colour observations in which our
assumption that variation in spectral shape is driven by phytoplankton absorption is vio-

lated, so that we can mask them from consideration.

We performed a Principal Component Analysis (PCA) to explore variation in ocean-
colour R,s measurements taken from the Barents Sea between 0 and 80° East and 0 and
85° North, in July 2014. See the mathematical methods appendix on PCA for an involved
discussion of this approach.

We selected this region and time because coccolithophore blooms have been reported
(Carlowicz et al. 2014). The geographic range of our sample also included the Ob River
plume (Drozdova et al. 2017) and sediment-dominated fjords of the Svalbard archipelago
(Meslard et al. 2018). The sampled region therefore includes all of the sources of variance
that are causing us concern.

We identified the geographic regions corresponding to coccolithophore blooms, river
plumes and coastal sediments and devised a scheme of linear dividers that distinguish these
R,s measurements from those of the open-ocean, where our simplifying assumptions can

reasonably be expected to hold true (Figure 3.7).
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Figure 3.7: a) A Principal Component Analysis of ocean-colour in the Barents Sea,
July 2014; blue, yellow, orange and cyan points correspond to normal ocean, river plumes,
sediment and coccolithophores. The pink, dashed; green, dotted and brown solid lines
correspond to the linear trends associated with river plumes, sediment and coccolithophores;
linear dividers were defined to bisect the angles between them. b) The red, dashed line
represents the division between open-ocean ocean-colour and those masked as river plumes,
sediment or coccolithophores. ¢) A map of the classifications, showing coherent geographic
domains.

We used the linear dividers we had contrived to distinguish these optically distinct clines
related to coccolithophores, river plumes and fjordic sediment to develop masking criteria
that we could employ to dismiss ocean-colour observations unfit for analysis. The capacity
for our masking criteria to identify coccolithophores is demonstrated in Figure 3.8, in which
several coccolithophore blooms identified by the NASA Earth Observatory (GSFC 2003;

Hansen et al. 2016; Carlowicz et al. 2018) are correctly recognised.
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Figure 3.8: Examples of true colour images of coccolithophore blooms on the 24" of July
2003, 6'" of July 2016 and 18" of July 2018 (a,c,e) and corresponding coccolithophore
masks (b,d,f). Normal ocean is masked blue, coccolithophores are masked cyan and sedi-
ment is masked orange.

3.9 Relation of variability in ocean-colour to in-situ bio-

optical communities

Now that we have established clear bio-optical variation exists in the Barents Sea app(\)

samples, and that it conforms to meaningful variation in community structure, we are
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motivated to ask whether variance in the absorptive properties of the phytoplankton is re-
capitulated in the ocean surface reflectance observations in the MODIS-Aqua ocean-colour
dataset we have assembled.

Given that we have labelled distinct bio-optical clusters in the in-situ samples, we can
relate them to corresponding ocean-colour measurements. We can follow a similar approach
to Kurekin et al. (2014), by using subsets of our total dataset to train Linear Discriminant
Analyses (LDA). See our mathematical methods appendix section on Linear Discriminant
Analysis for a discussion of this analytical technique and a worked example.

We began by removing from our ocean-colour dataset those measurements with optical
properties suggestive of coccolithophores, river plumes or fjordic sediments, as in Figure
3.7.

Following the isolation and removal of these ocean-colour measurements, we subse-
quently sought to reduce variance in the training dataset originating from sources other
than community composition. For example, variability in the elevation of the sun, due to
latitude and season, could significantly vary brightness and surface scattering properties
(see Sathyendranath et al. (2004), equation 2). We therefore normalised each ocean-colour

retrieval by the magnitude of the sum of the contributions from all wavebands;

n

Rysm(A) = Rrs()\)/ZRrs()\), (3.6)

1

where R, is the magnitude-normalised remote-sensing reflectance, R,s is remote-sensing
reflectance, A represents the MODIS-Aqua waveband, and n is the total number of wave-

bands considered (10).

Finally, we endeavour to control for variability in [chl-a] content of the ocean-colour

measurements in the training dataset. Variation in the [chl-a] concentration is probably
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one of the leading sources of variance in R,sp,(A) and it is likely that it covaries with
community composition (Brewin et al. 2011). Indeed, in the Barents Sea study area, [chi-a]

exceeding 3mgm ™3

were the exclusive domain of diatom-rich samples. An attempt should
therefore be made to deconvolve these two sources of variance in Ry, (), so that algorithms
constructed on the training dataset are not biased by [chl-a].

To achieve this, we treated Ry, () as shape data. We selected all of the cleaned training
dataset Rysm(\) retrievals considered to be diatoms and performed a Procrustes-Anova
regression (see Goodall 1991 for details) against the [chi-a] calculated for each retrieval
with the diatom power-law of Cota et al. (2003). We chose to use the power-law published
by Cota et al. (2003), rather than seek to develop our own independent [chl-a] proxy for the
Barents Sea, because Cota’s review of the literature showed that most high-latitude [chi-a]
algorithms are similar (Cota et al., 2003, Figure 9).

The blue-green ratio (R) can be defined using the closest available MODIS-Aqua wave-

bands (Cota et al. 2003).

R = R,(443 > 488 > 531)/R,4(555). (3.7)

Calculation of inferred ocean-surface [chl-a] for the iy, retrieval can be expressed as

chl — a; = 10(moFmBi) (3 8)

where ng = 0.7291 and n; = —2.258, based on the power law for retrieving [chi-a] in
diatom-dominated waters (Lab-OCA4L diatom), presented in (Cota et al. 2003), whereas

prymnesiophytic waters (Lab-OCA4L prymn) follow a trend in which ng = 0.5313 and
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ny = —2.4

The relationship retrieved by Procrustes-Anova regression is robust, with an effect size
score indicating the degree of association is 8.7 standard deviations higher than that ex-
pected from a randomly scrambled dataset. The constants derived from Procrustes-Anova
regression can then be used to predict the values of R4, (\) for each retrieval, under the

assumption that the pixel is dominated by diatoms; examples are provided in Figure 3.9.

400 500 600
A (nm)

Figure 3.9: Predicted R, (\) based on a Procrustes-Anova regression between remotely-
sensed [chl-a] and Rysp(N) in diatom-dominated pixels from the cleaned training dataset.
Increasingly thick/green lines correspond to [chi-a] of 0.1, 0.5, 1, 2, 5, 10 and 20 mgm 3.
Note that at high [chl-a] the bluest wavebands reach negative Rysp(\) values, which are
not physically tenable.

We used the diatom power-law of Cota et al. (2003) (Lab-OC4L diatom) to calculate

a nominal [chl-a] for each R,4y,, in the training dataset. We then computed the ocean-colour
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retrieval that we would expect from such a [chl-a] in diatom-dominated waters (Riii())),
where the d superscript indicates that the nominal [chi-a] is calculated with the diatom
power-law. Thereafter, we found the difference between the measured (R,sm(\)) and ex-

pected (RS, (N)) retrievals to arrive at ‘residual shape’ (Re 1 (N);

RgsRe()‘) = RTsm()‘) - Riﬁn()‘) (39)

This dataset of residual shapes is used to train a Linear Discriminant Analysis (LDA).

We then created an analogous set of residual shapes from the training dataset, but using
the prymnesiophyte power law (Lab-OC4L prymn) of Cota et al. (2003) to calculate the
nominal [chl-a], before the subtraction of the Ry, (\) that would be associated with this
[chl-a] under the assumption of diatom taxonomy (where the p superscript here indicates
that the nominal [chl-a] is calculated with the prymnesiophyte power-law).

We decided to estimate the [chl-a] of all ocean-colour observations that we hope to
classify in accordance with the Lab-OC4L prymn [chl-a] algorithm published by Cota et
al. (2003), in order to be especially conservative in our removal of the signal of [chl-a] con-
centration from ocean-colour, because Lab-OC4L prymn generally predicts higher values
than Lab-OCA4L diatom. This has the effect of decreasing bias to conflate change in [chi-
a] with change in phytoplankton groups. Hence the predicted R,sp,(A) that is subtracted
has a higher ratio of blue-to-green wavelengths (Figure 3.9) and the RP_, ()) residual ap-
pears greener — as though it has a higher concentration of pigment. For diatom-dominated
retrievals that already have high concentrations of pigment, this should not engender mis-
classification, but there is an increased risk that prymnesiophyte-dominated retrievals might

be misclassified as diatoms.

€
rsm

Inspection of Figure 3.9 shows that high [chi-a] produce some negative RS, () values

at blue wavelengths, which is physically untenable, resulting from extrapolation of the lin-
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ear Procrustes-distance based fit between R;s,(A) and inferred [chl-a]. This will result in
higher R,sge(\) values at blue wavelengths for ocean-colour retrievals with high inferred
[chl-a].

To assess the utility of the empirical algorithm we have constructed, we applied hold-p-
out cross-validation, to predict the taxonomic identity of random selections of 500 retrievals

from the training dataset. The results are presented as a confusion matrix in Table 3.2.

Table 3.2: A confusion matriz representing the results of 1000 permutations of hold-p-out
cross validation of the training dataset.

] Predicted
Diatoms Dinoflagellates Nanophytoplankton Phaeocystis
_ | Diatoms 95.87 0.3 3.08 0.75
Z | Dinoflagellates 18.08 57.45 15.26 9.21
g Nanophytoplankton 16.31 13.15 68.46 2.08
Phaeocystis 53.11 14.39 11.94 20.57

Confusion matrices are a simple means of presenting the mean success of a classifier,
and how it varies across multiple groups.

A target set of data to be classified can be considered, for which the classes are known.
The classifier can then be used to generate predicted classes, and the pairwise relationships
between predicted and actual classes can be represented as a matrix.

In this matrix, the diagonal will represent successful classifications for which the pre-
dicted classes match the actual classes. The off-diagonals will represent incorrect classi-
fications. If the actual classes are organised along the rows of the confusion matrix, and
the predicted classes as columns, then each row i represents the predicted classifications for
the it class. This matrix therefore succinctly provides the reader with information about
whether a classifier’s predictions are more or less likely to confuse some classes than others.
A worked example and code, generating a confusion matrix, is provided in the mathematical

methods appendix section on Linear Discriminant Analysis.
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The results in the confusion matrix show that diatom and nanophytoplakton-dominated
samples can be recognised with high levels of reliability, whereas our ability to discriminate
dinoflagellate and Phaeocystis-dominated ocean-colour observations is less strong. Dinoflag-
ellates are predicted with a higher accuracy than random, while Phaeocystis retrievals are
usually mistaken for diatoms.

The difficulty recognising dinoflagellates and Phaeocystis could be attributable to their
forming blooms that have smaller spatial extents than the 1° box used to assemble the train-
ing dataset. For example, a Phaeocystis bloom might occur mixed with a diatom bloom
on a spatial scale much finer than this, if Phaeocystis colonies are nucleated on senescent
diatom frustules (Peperzak et al. 2000b). Additionally, d’Ovidio et al. (2010) showed that
turbulent mixing of the ocean can result in phytoplankton blooms being drawn out into
filaments on the order of 100 km long, but only 10 km wide — a scale of spatial heterogeneity
too small to be resolved by the coarse 1° sampling we used to construct our training dataset.

Phaeocystis blooms may also be confused with diatom blooms because of similar optical
properties, such as high pigment packaging (see Figure 3.6). (Phaeocystis assemblages

sourced from Stuart et al. (2000) have [chl-a] normalised absorption (ay,(440)) values

1 1

around 0.041 m?mg~! , compared with diatom values of 0.045m?mg~! and nanophyto-

plankton values of 0.084 m?mg~!.

These values differ slightly from those presented in
appendix 1 of Stuart et al. (2000))

Many of the dinoflagellate-dominated pixels have very low [chl-a], so there may fre-
quently be an insufficient number of dinoflagellate cells suspended in the surface waters to
give these retrievals a distinctive spectral signature. In addition, the mixotrophic nutrition
of dinoflagellates may mean that the relationship between pigment biomass and cell biomass
is complex; previous authors have shown that mixotrophic dinoflagellates may retain the

chloroplasts of ingested prey, altering their pigment properties (Li et al. 1999).

We used the LDA residual shape algorithm to classify phytoplankton assemblages in a
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satellite image of the Southern Barents Sea that was presented by Carlowicz et al. (2014),
with the tentative suggestion that it depicted the succession from diatom to coccolithophore
blooms. Our linear divider that masks coccolithophores indeed identifies a bloom. In ad-
dition, the results of our LDA classification identify a spatially coherent swath of diatoms
(Figure 3.10) along with the identification of dinoflagellates dominating in what appear to

be deep blue oligotrophic waters.
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Figure 3.10: Satellite image of the Southern Barents Sea on Julian day 191, 2014.
Left: Pseudo true-colour representation. A coccolithophore bloom is clearly visible in
the North-east. Right: Classification by application of masks followed by LDA: cyan (coc-
colithophores), orange (sediment), light-green (diatoms), dark-green (Phaeocystis), purple
(dinoflagellates), blue (nanoplanktic prymnesiophytes).

We compared the classifications of our LDA-based algorithm on the satellite image
presented in Carlowicz et al. (2014), with the dichotomous semi-empirical algorithms of
Sathyendranath et al. (2004) and Jackson et al. (2010) (Figure 3.11), which are tuned to
the Labrador and Humboldt Seas respectively. These algorithms were constructed for use
with the SeaWiFS platform; we have used the closest available MODIS-Aqua wavebands as
input.

Figure 3.11 shows that the Labrador Sea and Humboldt Sea algorithms produce similar
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Figure 3.11: Top-Left: division between diatoms (light-green) and ‘mixed’ populations
(blue) resulting from the Labrador-tuned semi-empirical algorithm of Sathyendranath et
al. (2004) This algorithm uses spectral look-up-tables to generate guesses for [chl-a] from
two different waveband pairs for each proposed community composition, and then selects
the community composition for which the difference between the [chi-a] guesses is small-
est. Top-Centre: division between diatoms and ‘mixed’ populations resulting from the
Humboldt-tuned semi-empirical algorithm of Jackson et al. (2010). This algorithm func-
tions identically to that of Sathyendranath et al. (2004), except that the look-up-tables
are parameterised from phytoplankton samples originating in the Humboldt, rather than
Labrador Sea. Top-Right: division between diatoms (light-green), Phaeocystis (dark-
green), nanoplanktic prymnesiophytes (blue), dinoflagellates (purple), with sediment (or-
ange) and coccolithophores (cyan) masked out, based on empirical algorithm developed in
this study. Bottom-Left, -Centre, -Right: corresponding [chi-a] heat-maps, scale in

mg m~3.

spatial patterns of classification — especially a swath of diatom-dominated retrievals that

extends from the Southern tip of Spitsbergen towards Nordkapp, Norway (Figure 3.11).
Hence, although the two semi-empirical algorithms are based on simulated R,s(\) for

populations of diatoms and prymnesiophytes from different parts of the World Ocean, and

possess different optical properties (see Jackson et al. (2010) Figure 2) it appears that the

143



differences between the optical properties of the two groups are persistent enough through
the Global Ocean for algorithms parameterised in different regions to produce similar clas-
sifications in the Barents Sea.

However, although the taxonomic classifications are similar, the corresponding [chl-a]
predicted by the semi-empirical algorithms differ considerably (Figure 3.11). The algorithm
tuned to the Humboldt Sea retrieves [chi-a] on the order of half those of the Labrador al-
gorithm.

This results because Humboldt phytoplankton have pervasively higher absorption coef-
ficients per unit [chi-a] than their Labrador Sea equivalents, hence a lower concentration of
pigment is required to match the R,s(\) band ratios of a given retrieval. Jackson et al. (2010)
hypothesise that smaller phytoplankton cell sizes in the equatorial Pacific, compared with
the Labrador Sea, may be associated with a diminished packaging effect, explaining the
difference in chlorophyll-specific absorption (Morel and Bricaud 1981).

The empirical Barents Sea algorithm does not generate a best estimate of [chi-a] for
each ocean-colour retrieval as a necessity of its construction, which means that selecting
appropriate [chl-a] is a subjective exercise.

Here, we chose to state that [chl-a] should be calculated according to the diatom power-
law when a retrieval is classified as diatom or Phaeocystis-dominated, while the prymnesio-
phyte power-law is used when a retrieval is dominated by dinoflagellates or nanoplanktic
prymnesiophytes (Figure 3.11). Blended approaches are also possible — for instance the
posterior probability of diatom or nanoplanktic prymnesiophyte membership of a retrieval

could be used to generate a weighted average of the two power-laws’ predictions.
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3.9.1 Discrimination of diatoms and Phaeocystis

Given our weaker confidence in the detection of dinoflagellate blooms, we made the de-
cision to exclude dinoflagellate-labelled entries from our training dataset and to concen-
trate on the utility of the Linear Discriminant we had found for distinguishing blooms of
highly-packaged phytoplankton (diatoms and Phaeocystis) from ocean waters dominated
by nanophytoplankton. The discriminant coefficients are presented in Table 3.3:

Table 3.3: Discriminant coefficients, rounded to 2 decimal places.

A (nm) | 412 443 469 488 531 o547 555 645 667 678

test -6.71 -46.67 22.62 46.64 128.03 -161.17 -43.39 76.70 -226.56 51.84

It can be seen in Table 3.3 that there is a strong variation in the coefficients of different
spectral wavebands associated with absorption by chi-a, such as 443 and 667nm. Varia-
tion in pigment packaging distorts the relationship between the ratio of absorption at these
wavelengths and [chl-a] (review Figure 3.6), hence we do not consider it surprising that a

facsimile of this pattern is manifest in the discriminant coefficients.

Owing to the optical similarity of diatom and Phaeocystis-labelled ocean-colour resid-
ual spectral shape, we considered the possibility that the differences between diatom and
Phaeocystis ocean-colour observations are subtle and that LDA had not found them. We
therefore opted to develop an additional stage in our algorithm, with the intent to take
ocean-colour residual spectra labelled as highly-packaged phytoplankton and divide them
into diatom and Phaeocystis-dominated measurements.

We made use of HydroLight-Ecolight software (Mobley and Sundman 2012) to simulate
the expected ocean-colour under conditions of diatom and Phaeocystis dominance, for [chi-
a] ranging between 0.1 and 25 mgm ™3 (measured values of in-situ samples varied between
0.11 and 24.23 mgm—3).

We implemented these simulations with phytoplankton absorption spectra for our di-
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atom and Phaeocystis groups (as in Figure 3.5), a chlorophyll-specific scattering model based
on a combination of Barents and Liguarian Sea measurements and a chlorophyll-specific
back-scattering model based on a combination of Barents Sea and NOMAD measurements
(Valente et al. 2019).

The spectral absorption of phytoplankton was constrained to evolve according to the
relationship identified in Bricaud et al. (1995) and absorption due to CDOM was treated as
constant, with a value of 0.04m~! at 440 nm (Hancke et al. 2014), decaying with wavelength
according to the function identified by Bricaud et al. (1981).

Scattering and back-scattering model coefficients are presented in Table 3.4, wherein

scattering and back-scattering evolve according to equation 1.4:

bi(\) = A;(\)(chl-a) B, (3.10)

where b represents total scattering of particles and seawater (m~!), by represents
backscattering (m~!); chi-a is the [chl-a] concentration (mgm™3), and A; and B; repre-
sent fit parameters.

Table 3.4: Scattering and Backscattering model coefficients and goodness of fit.

A (nm) [ Ay By R? Ay By R?
412 [ 0.3893 0.0842 0.0177 | 0.0027 0.4116 0.5727
440 | 0.4235 0.4089 0.2606 | 0.0026 0.4967 0.7643
488 | 0.4271 0.4282 0.2814 | 0.0023 0.5017 0.7614
510 | 0.4324 0.4403 0.2961 | 0.0022 0.5038 0.7581
532 | 0.4418 0.4852 0.4803 | 0.0021 0.4898 0.7503
555 | 0.4459 0.5105 0.5071 | 0.0020 0.5033 0.7453
650 | 0.3972 0.4554 0.2833 | 0.0016 0.5169 0.7132
676 | 0.3777 0.5215 0.4662 | 0.0015 0.5048 0.7016
712 | 0.3595 0.1879 0.0884 no NOMAD data

We recognise that, within the Arctic PRIZE dataset, Phaeocystis is a chlorophyll-c3-
rich plankton, compared with diatoms. (Although we recommend that other researchers

take care to interpret the presence of chlorophyll-c3 carefully, as it can occur in other
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phytoplankton, including some species of diatoms, prymnesiophytes and in fucoxanthin-
containing dinoflagellates (Millie et al. 1997), therefore researchers require specific justifi-
cation if they mean to associate this pigment with a single genus within the scope of their
studies.)

We therefore surmised that we might be able exploit this optical difference, evident in
Figure 3.5, in order to distinguish our simulated spectra. If this can be achieved, it may be
possible to distinguish diatom and Phaeocystis blooms in our training dataset of remotely-
sensed ocean-colour observations.

We adopted the chlorophyll-c3 absorption algorithm, developed by (Astoreca et al. 2008),
to determine whether a signal attributable to chlorophyll-c3 could be detected in the diatom
and Phaeocystis HydroLight simulations. We made use of the Lab-OC4L diatom [chi-a]
algorithm published by (Cota et al. 2003) to infer [chl-a] content, reasoning that Phaeocystis
would be typified by a high chlorophyll-c3 signal per unit [chi-a], compared to diatoms.

The chlorophyll-c3 algorithm of Astoreca et al. (2008) relies upon use of the MODIS
land band centred at 469 nm to detect a shoulder in a,,(\) associated with chlorophyll-c3
(consult Figure 3.5 to observe this feature). The use of the MODIS land bands, including
469 nm, has already been applied to the identification of bio-optically distinct phytoplankton
blooms by Hu et al. (2010), who successfully identified Trichodesmium blooms in optically
complex coastal waters.

We found [chl-a] estimates were broadly lower than expected (Figure 3.12). However,
given that the magnitude of simulated absorption spectra used as input to HydroLight are
computed as a function of [chi-a], we should still expect the relationship between absorption
signal attributable to chlorophyll-c3 and [chl-a] to be informative.

We found, upon performing a PCA on ocean-colour residual spectra in our training
database labelled as diatom or Phaeocystis, that there was a bimodal normal distribution of

the data in Principal Component 5-6 space (Figure 3.12). We suspected that this likely rep-
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resented two dominating phytoplankton assemblages, but we note that the entries labelled
as diatom or Phaeocystis are distributed across both of the Gaussian features, suggesting
that the reason that LDA could not retrieve an effective discriminant was due to labelling
in the training dataset confusing these groups. This confusion is probably as a result of
their close spatial co-occurrence during cruises.

It is clear that the relationship between [chl-a] and the common logarithm of absorption
signal attributable to chlorophyll-c3 (logig(acs3)) separates diatom and Phaeocystis from one
another in HydroLight simulations (Figure 3.12 c¢). Although we note that PPC (Photo-
protective Carotenoids) may interfere with absorption by chlorophyll-c3 in the blue-green
portion of the spectrum (Johnsen and Sakshaug 2007).

We devised a linear divider, relating logio(ac3) and inferred [chi-a], to coarsely divide
diatom and Phaeocystis simulations. When this was applied to the training dataset, the
results broadly conformed to the two Gaussian features we had previously identified (Figure
3.12).

An example application of logig(acs) / [chi-a] distinguishing diatom and Phaeocystis
assemblages is demonstrated in Figure 3.13, where it can be seen that two adjacent phyto-
plankton blooms — that are clearly demarcated by a front in ocean-colour — are classified as

diatom and Phaeocystis-dominated.
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Figure 3.12: a) PC5-6 rotation of the training entries for diatoms (light blue) and
Phaeocystis (dark blue) — point size is scaled to inferred [chl-a]. b) The same space as
subplot a, except entries have been re-classified in accordance with our bio-optical algorithm;
diatoms (green), Phaeocystis (magenta), nanophytoplankton (blue). c) a linear divider is
developed that distinguishes simulated diatoms (black) from simulated Phaeocystis (dark
red), with the training dataset entries from b projected onto the space. d) A histogram,
illustrating bimodal distribution of training dataset entries along PC5.
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Figure 3.13: Remotely-sensed ocean-colour from the Southern Barents Sea on Julian day
191, 2014. Top: plot of chlorophyll-a and absorption signal attributable to chlorophyll-c3
inferred from ocean-colour. Red: trend based on HydroLight simulations of ocean-colour
under diatom-bloom scenario (Mobley and Sundman 2012). Blue: trend under simulated
colonial Phaeocystis scenario. Light green: suspected diatom-dominated community in real
image. Dark green: suspected Phaeocystis. Teal: suspected unicellular nanophytoplankton.
Note that some nanophytoplankton have relatively high chlorophyll-c3 signals. This could
be indicative of other prymnesiophyte genera known to possess chlorophyll-c3, such as
Chrysochromulina (Johnsen and Sakshaug 2000). Bottom: pseudo-true colour image (left)
and inferred phytoplankton functional types (right), with coccolithophores masked in cyan
and waters possibly influenced by sediment masked in orange.
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3.10 Summary of resulting bio-optical Algorithm structure

A modular flow chart of the structure of the Barents Sea bio-optical algorithm we have
developed is presented in Figure 3.14.

In module 1, R,s input data are quality-checked in order to remove pixels whose bio-
optical properties are strongly influenced by factors other than absorption by phytoplankton,
such as those hosting significant loads of sediment, CDOM or coccolithophores.

Only those waters assessed to be unaffected by these substances are passed to module
2, in which an attempt is made to disentangle variance in R,¢ ratios caused by the phyto-
plankton community composition and [chl-a]. When this is achieved a judgement is made
about whether the R, signal attributable to community composition is more compatible
with highly packaged assemblages of phytoplankton or with single-celled nanophytoplank-
ton. After this judgement is made, appropriate algorithms are applied to estimate [chi-a]
concentration.

Data that are judged to represent highly packaged assemblages of phytoplankton are
passed to the third module. It is presumed that these data must represent either diatom or
Phaeocystis communities — the two abundant highly-packaged phytoplankton assemblages
that regularly recur in the Barents Sea. The chlorophyll-c3 concentration of these data are
inferred and compared with estimates of [chl-a] concentration in order to establish whether
the data are indicative of Phaeocystis blooms, which we believe to be richer in chlorophyll-
c3. We acknowledge that other phytoplankton taxa may also be rich in chlorophyll-c3, such
as some dinoflagellates (Millie et al. 1997), prymnesiophytes such as Emiliania huzleyi (Gar-
rido and Zapata 1998; Johnsen and Sakshaug 2000) and silicoflagellates (Roy et al. 2011).

The modular algorithm therefore concludes having identified 4 phytoplankton commu-
nity compositions; coccolithophores, nanophytoplankton, diatoms and Phaeocystis.

[chl-a] estimates are provided for nanophytoplankton, diatoms and Phaeocystis but can-

not be estimated for coccolithophores, as a result of the strong disturbance of R,.s ratios
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in these waters by calcite liths, obscuring the relationship between R,.s and absorption by

phytoplankton pigments.
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Figure 3.14: Modular flow chart of the structure of the Barents Sea bio-optical algorithm.
Note that blooms of Emiliania huzleyi, which possess chlorophyll-c3 (Johnsen and Sakshaug
2000), are masked well before chlorophyll-c3 is employed as a marker pigment to distinguish
diatom and Phaeocystis-dominated assemblages.
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3.11 Correction for drift in MODIS-Aqua ocean-colour data

We now move on to discuss the stability of the derived variable, chlorophyll-c3 absorption
signal (ac3), in time series of MODIS-Aqua ocean-colour.

We assessed this by compiling time series of mean a3 estimated from ocean-colour across
several years in different parts of the Global Ocean that we would not expect to behave in
unison. If these disparate regions show common changes it may provide evidence of sys-
tematic bias in the inference of a.s.

We chose to investigate the North Atlantic Sub-Tropical Gyre in particular because
we should expect the ocean-colour in the region to be relatively constant over time, as it
is oligotrophic ([chi-a] <0.1mgm™2), and to a first-order may be presumed to represent
clear ocean waters when contrasted with the eutrophic Barents or Labrador Seas (which

we define as the regions between 70-85° North, 0-50° East and 50-65° North, 40 to 60° West).

In Figure 3.15, the North Atlantic Sub-Tropical Gyre region is assumed to occupy the
region between 30-50° West and 25-35° North. We downloaded MODIS-Aqua ocean-colour
observations in this region for Julian days 130-135 between 2003-2018. The fact that acs
in this region is clearly related to that in the Barents and Labrador Seas (Figure 3.15)
evidences drift in the representation of ocean-colour from the MODIS-Aqua r2018.1 repro-
cessing; a clear step-change is visible in all time series at 2010, for example. It is hence

necessary to correct for this systemic form of bias.

Our correction scheme is based on that of Taylor et al. (2018), who observed a shift in
the spectral output of the IASI (Infrared Atmospheric Sounding Interferometer) remote-
sensing platform in 2010, which biased results in an algorithm they had developed to infer
Sulphur dioxide.

To correct for this drift, Taylor et al. (2018) took the lowest concentration of inferred
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Figure 3.15: a) Annually-binned mean signal due to chlorophyll-c3 for the Labrador
Sea (green), Barents Sea (red) and North-Atlantic Sub-Tropical Gyre (blue). b) Trends
in inferred chlorophyll-c3 signal normalised to variance, with Sub-Tropical Gyre variance
multiplied by 10 to make it visible. ¢) Annually-binned mean signal due to chlorophyll-c3
after a correction for drift is applied. d) Trends in corrected chlorophyll-c3 signal normalised
to variance, with Sub-Tropical Gyre variance multiplied by 10 to make it perceptible.

Sulphur dioxide in any image, that was within 1 standard deviation of the mean, and added
its magnitude to all remaining pixels.

In our approach we first constrained all a.3 signal values to within -0.01 and 0.005 (see
Figure 3.15 a), so that aberrant values would not significantly disturb calculation of the
standard deviation. The lower negative limit of -0.01 may be surprising, but Astoreca et

al. (2008) themselves found that inferred a.s signal became negative in diatom-dominated
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conditions.

We then divided the values into an annually-binned time series and calculated the dif-
ference between the mean annual a.3 values and the lowest a.3 value in each annual bin
that fell within 1 standard deviation of the mean a.3 in each bin. We added the magnitude
of the lowest annually-binned a.3 values to the remaining a.3 values in each bin, and then
shifted the resulting absorption values so that the mean of all a.3 values between 2010-2018
matched the mean of the original a.3 values (since our bio-optical algorithm was constructed

around in-situ samples collected after the 2010 shift in inferred chlorophyll-c3 absorption).

In our efforts to illustrate drift in sensor output we computed pair-wise t-tests comparing
mean R, values between 2003-2009 and 2010-2018 in the North Atlantic Sub-Tropical Gyre
(Figure 3.16). We found that a significant shift has occurred among the most blue bands and
that this was associated with a decrease in the R,¢ of bands with the shortest wavelengths.

Astoreca et al. (2008) had speculated on the question of whether minute differences
in R.s near 469nm would be perceptible by remote-sensing platforms. We believe we
have found evidence that these differences are detectable (Figure 3.12), but we caution
that for the particular application of distinguishing Phaeocystis from diatom blooms, it
appears necessary to account for anomalies resulting from temporal drift. We caution that
different correction schemes may be necessary for future ocean-colour reprocessings, because
they may subtly alter the ratios between different ocean-colour wavebands in a systematic
fashion. After a correction scheme is applied, it can be seen that temporal drift in mean
annualy-binned a.3 is largely removed and patterns of variance in the different seas can be

considered decoupled (Figure 3.15).
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Figure 3.16: Left: Ocean-colour reflectance spectra for the North Atlantic Sub-Tropical
Gyre before 2010 (blue) and after 2010 (green), a shift in spectral shape is evident. Right:
Pair-wise tests for separation of means show that band ratios among the bands 443, 469
and 488 nm have shifted significantly after 2010.
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3.12 Review of bio-optical algorithm classifications and con-

cluding remarks

Figures 3.17 and 3.18 represent time series for the occurrence of different phytoplankton
blooms, identified with our experimental bio-optical algorithm, in the Labrador and Barents
Seas, once the correction for drift is applied. The subplots in Figure 3.17 represent integra-
tions of ocean-colour observations from the MODIS-Aqua sensor across May in the years
2005-2014. The RGB values are set to reflect linear contributions of nanophytoplankton
(blue), Phaeocystis (red) and diatom (green) classifications, according to the ocean-colour
algorithm developed in this chapter. In addition to this, whiteness is set as a linear function
of the frequency of coccolithophore classifications. Black values indicate that a location was
not observed by MODIS-Aqua within the monthly integration. This therefore establishes
an intuitive colour-space that the reader can interrogate to observe geographic and tem-
poral variation in the broad phytoplankton community assemblages that are inferred from
remote-sensing.

Furthermore, filled circles are overlaid upon the subplots in Figure 3.17, corresponding
to in-situ phytoplankton samples. A discussion of these transects is presented in Fragoso
et al. (2017) and the original dataset is accessible at
https://doi.pangaea.de/10.1594/PANGAEA.871872
The colour of the samples is arrived at through CHEMTAX analysis of pigments derived
from HPLC analysis. Green samples are dominated by diatoms, red samples by Phaeocystis,
and blue samples are dominated by neither and most likely represent mixed populations
dominated by nanophytoplankton. It can be observed that the in-situ samples broadly show
a pattern of recurrent Phaeocystis blooms off the Greenland coast, while diatoms dominated
towards Newfoundland and Labrador. The central Labrador Sea usually supports mixed

populations. The bio-optical algorithm classifications produce a similar overall geographic
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pattern, providing confidence that the bio-optical algorithm developed in this chapter can
provide meaningful synoptic assessments of ecosystem state and dynamics.

An analogous Figure for monthly integrations of ocean-colour in the Barents Sea in July,
between 2002 and 2018, is presented in Figure 3.18. Comparison of these Figures illustrates
intriguing differences in the ecosystem dynamics of these two regions; while there are clear
geographic regions in the Labrador Sea that support distinct phytoplankton assemblages,
the distribution of assemblages across the Barents Sea is much more homogeneous. This
observation accords well with comments by Degerlund and Eilertsen (2010) that spring
blooms in the Barents Sea are homogeneous in their community composition, and that the
dominant mode of variation is inter-annual rather than geographical. We can perhaps per-
suade ourselves that coccolithophore blooms, indicated by white values, are restricted to the
southern Barents Sea. This observation is compatible with comments by numerous authors
(e.g. (Hovland et al. 2013; Neukermans et al. 2018; Oziel et al. 2020)). We may be able to
form hypotheses, interrogating these images, about secular change. The overall distribution
of coccolithiphores appears to expand eastwards towards the end of the time series, for ex-
ample, and there appears to be a greater contribution of Phaeocystis. Confirmation of these

observations requires rigorous statistical analysis and will form the focus of the next chapter.
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The datasets of optical properties used in the construction of the phytoplankton community
composition algorithm used in this study are available at
[d0i:10.5285/97daaTea-8792-6¢ff-053-6¢86abc0dd46]
[doi:10.5285/982b6da2-7e11-060a-e053-6c86abc09389)
[doi:10.5285/982b6da2-7e12-060a-c053-6¢86abc09389)
accompanying datasets for [chi-a] are available at
[doi:10.5285/97daa7ea-8793-6¢ff-e053-6¢86abc0dd46]
[doi:10.5285/982b6da2-7e13-060a-e053-6¢86abc09389)
[d0i:10.5285/982b6da2-7e14-060a-053-6¢86abc09389]

MODIS-A data is available from NASA’s website for ocean-colour.
[d0i:10.5067/AQUA /MODIS/L3SMI/]
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4.1 Prelude

This chapter was submitted as a manuscript to Philosophical Transactions of the Royal
Society A and published in the ‘Changing Arctic Ocean: Consequences for biological com-
munities, biogeochemical processes and ecosystem functioning’ special issue on the 315 of
August 2020:

https://royalsocietypublishing.org/doi/abs/10.1098 /rsta.2019.0357

The supplementary material can be also be accessed from the above hyperlink.

This chapter makes use of the bio-optical algorithm, developed in chapter 3, to interro-
gate a decadal-scale time series of ocean-colour data in July in the Barents Sea — a period of
the year in which a secular increase in net primary production has been attested. The fre-
quencies of occurrence of different Phytoplankton Functional Groups, and their geographic
distributions, are monitored and compared over this period. Convincing evidence of ongoing
further dispersal of coccolithophores in Atlantic inflow currents is found, conforming to pre-
vious studies and demonstrating the efficacy of our choice of statistical methods. Evidence
is found of an increasing predominance of Phaeocystis throughout the South and Western
Barents Sea. Phaeocystis is associated with enhanced cycling within the microbial loop and
decreased export efficiency. This finding therefore contributes to increased understanding of
the ecological and biological relevance of reported increases in remotely-sensed net primary
production. While ocean-colour is effectively the only available means to generate synoptic-
scale assessments of baseline ecosystem function in marine systems, it must be remembered
that changes in ocean-colour result from a network of many-to-one relationship between

ecosystem processes and the Inherent Optical Properties of the water-column.
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4.2 Abstract

Increasing contributions of prymnesiophytes such as Phaeocystis pouchetii and Emiliania
huxleyi, both of which possess chlorophyll-c3, to Barents Sea phytoplankton production have
been suggested based on in-situ observations of phytoplankton community composition, but
the scattered and discontinuous nature of these records confounds simple inference of com-
munity change or its relationship to salient environmental variables. However, provided that
meaningful assessments of phytoplankton community composition can be inferred based on
their optical characteristics, ocean-colour records offer a potential means to develop a syn-
thesis between sporadic in-situ observations. Existing remote-sensing algorithms to retrieve
Phytoplankton Functional Types based on [chl-a] or indices of pigment packaging may how-
ever fail to distinguish Phaeocystis from other blooms of phytoplankton with high pigment
packaging, such as diatoms. Moreover, variation in the photo-acclimation state of phyto-
plankton may result in variation in pigment packaging that is not indicative of community
compositional change, meaning that ancillary measures are needed to constrain inferred
community composition. We develop a novel algorithm to distinguish major Phytoplank-
ton Functional Types in the Barents Sea and apply it to the MODIS-Aqua ocean-colour
record, to study changes in the composition of Barents Sea phytoplankton blooms in July,
between 2002 and 2018, creating time series of the spatial distribution and intensity of coc-
colithophore, diatom and Phaeocystis blooms. We confirm a North-eastward expansion in
coccolithophore bloom distribution, identified in previous studies, and suggest an inferred
increase in [chl-a], reported by previous researchers, may be partly explained by increasing

frequencies of Phaeocystis blooms.
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4.3 Plain Language Summary

Previous research has suggested that phytoplankton assemblages in the Barents Sea have
been shifting from large diatoms to smaller prymnesiophytes often more commonly associ-
ated with temperate waters, such as Phaeocystis pouchetii and the coccolithophore Emilia-
nia huxleyi. There have also been reports in the literature of increasing concentrations of
chlorophyll-a in the Barents Sea in mid-summer, and some researchers believe this indicates
that overall photosynthesis is increasing and therefore provision of food to the ecosystem.
These two positions may be difficult to resolve, however, because smaller phytoplankton
species such as Phaeocystis pouchetii are often associated with smaller contributions of new
biomass to the ecosystem and may not sink as rapidly as large heavy diatoms, limiting their
ability to nourish organisms dwelling on the sea bottom.

I demonstrated, in chapter 3, that it should be possible to detect the presence of these
different assemblages (diatoms, Phaeocystis colonies, coccolithophores) in remotely-sensed
ocean-colour. Thus, I constructed a record of these phytoplankton groups, inferred from
remotely-sensed ocean-colour, for each July between 2002 and 2018, to investigate further.
I was able to show that increases in remotely-sensed chlorophyll-a concentrations in the
Barents Sea are partly driven by an increasing frequency of Phaeocystis blooms. This
conclusion therefore emphasises that changes in chlorophyll-a concentration, inferred from
ocean-colour, must be interpreted carefully. Ongoing changes in phytoplankton community
composition in the Barents Sea may mean that detected increases in chlorophyll-a cannot

be assumed to indicate greater nourishment of this rapidly changing Arctic shelf.

4.4 Introduction

The Barents Sea extends North of mainland Arctic Norway, spanning the continental shelf

region between the Svalbard Archipelago, Franz Josef land and Novaya Zemlya, occupying
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some 1.4 millionkm?, with a complex hydrography that results from the convergence of
warmer more saline Atlantic and fresher, cooler Arctic Waters (Reigstad et al. 2002). The
Barents Sea is predominantly shallow, averaging only ~230m depth. This shallow topog-
raphy means that the movements of water-masses are guided by bathymetry such as the
Barents Sea Opening (~470m deep), which serves as a gateway for the delivery of warmer
more saline and nutrient-rich Atlantic Water onto the shelf (Oziel et al. 2016). These ocean

dynamics are illustrated in Figure 4.1.

Figure 4.1: A bathymetric map of the Barents Sea, with inflowing Atlantic (red), Nor-
wegian Coastal Current (orange) and Arctic (blue) water-masses. A front forms be-
tween the warm and cold water-masses. The area of interest in this study is outlined
in green. Bathymetric data was sourced using the ETOPO1 NOAA global relief database
(https://www.ngdc.noaa.gov/mgg/global /) with the R marmap package (Pante and Simon-
Bouhet 2013).

Bathymetric features stabilise the position of the boundary between Atlantic and Arctic
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water-masses, known as the Polar Front, which means that the front’s position remains
relatively constant year-on-year, insensitive to inter-annual variation in the flux of Atlantic
Water caused by climatological variability, such as the Arctic Oscillation (Oziel et al. 2016).
Over the last 30 years, however, a sustained increase in the baseline rate of Atlantic Water
flux into the Arctic has doubled the volume occupied by Atlantic Water in the Barents Sea,
causing the Northward displacement of the Polar Front (Francis and Hunter 2007; Oziel
et al. 2016). As the Polar Front delimits the maximum extent of sea-ice cover (Barton
et al. 2020), its retreat has resulted in the recession of average sea-ice extent in the Barents
Sea, which has occurred at a disproportionately rapid rate compared with the rest of the

Arctic (Cavalieri and Parkinson 2012).

The hydrography and climatology of the Barents Sea create an environment conducive to
massive phytoplankton blooms, and the inter-annual variation in these environmental prop-
erties determine which phytoplankton groups will be most successful from year-to-year.
The surface ocean is charged with nutrients in the winter when dense Atlantic Waters
are brought to the surface by vertical mixing (Loeng 1991) and this nutrient complement is
further supplemented in spring by mineral-rich ice-rafted debris that is released by melting
sea-ice imported through the Fram Strait region (Krumpen et al. 2019). Thermal stratifica-
tion of the water-column in spring, and salinity-based stratification associated with melting
sea-ice, create a nutrient-replete sunlit surface layer that can support phytoplankton blooms
in which [chl-a] exceed 10mgm 3 (Bamstedt et al. 1991).
Reviews of the physical set-up of the Barents Sea, and its consequences for phytoplankton
phenology, can be found in Sakshaug et al. (2009) chapters 2 (ocean physical setup) and 7
(phytoplankton and primary production), and in products of the Nansen Legacy project,
such as Dong et al. (2020).

Historically, these blooms have usually been dominated by large-celled diatom gen-
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era such as Chaetoceros, Fragilariopsis and Thalassiosira that can reproduce very rapidly
when resources are abundant (Wassmann et al. 1999) and have been observed to form ice-
edge blooms that follow the receding Marginal Ice Zone through summer (Carmack and
Wassmann 2006). Outside of the Seasonal Ice Zone, in waters where perennial freezing
does not occur, summer mixing tends to be deeper and periodic recharging of the surface
nutrient reservoir may occur, favouring smaller phytoplankton species with larger propor-
tional surface areas, such as Emiliania huzleyi and Phaeocystis pouchetii (Wassmann et
al. 1999). These species have a long established presence in the Barents Sea (see Sakshaug
et al. (2009) chapter 7), and may become increasingly dominant in future. Indeed there is
already remote-sensing evidence of increasing abundances of Emiliania huzley: in histori-
cally Arctic-influenced waters (Oziel et al. 2020). Phaeocystis may also have the capacity
to adapt to variable light environments, and appears to be prospering in the under-ice
environment beneath a thinner and more dynamic ice-pack (Assmy et al. 2017; Kauko et
al. 2017; Pavlov et al. 2017). In addition, to haptophytes, there is chemotaxonomic evidence
of an over-looked biomass of picoeukaryotic prasinophytes in the Barents Sea (Pettersen et
al. 2011), such as Micromonas pusilla. Their small cell-sizes, and possible mixotrophy, may
leave them well-placed to prosper in a Barents Sea with an increasingly Atlantic-influenced

physical regime.

We should therefore expect that environmental changes in the Barents Sea, caused by
human-induced warming, will influence the community composition of phytoplankton blooms,
with ramifications for overall new production, phenology and hence the supply of food to
higher trophic levels in this great Northern fishery, and influencing the ecosystem services
that are rendered.

Indeed, in-situ investigations in the Eurasian Basin, during the summer 2012 sea-ice

minimum, revealed a rare mass-sedimentation of diatomaceous ice-algae filaments, consis-
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tent with the expectation of authors such as Krumpen et al. (2019) that thinner sea-ice,
carrying lower levels of exogenous sediment, should transmit more sunlight and hence per-
mit greater under-ice primary production. This carries potential implications for nutrient
cycling mechanisms and carbon sequestration in a future Arctic Ocean that may be more
conducive to perennial ice-algal sedimentation (Boetius et al. 2013).

In the pelagic realm, some authors have reported that coccolithophore blooms are mi-
grating Fastward, further into historically more Arctic-influenced areas (Oziel et al. 2017),
and sampling in the Fram Strait has revealed an increasing predominance of Phaeocystis
pouchetii and Emiliania huzxleyi (N6thig et al. 2015). Average annual primary production,
inferred from remotely-sensed [chi-a], has increased by 30% between 1998 and 2012 (Arrigo
and Dijken 2015), but this picture of increasing primary production is difficult to reconcile
with observations of declining end-winter silicic acid inventories in the Barents Sea (Rey
2012), critical for diatoms to build their frustules, and with studies of biochemical proxies in
Greenlandic ice-cores that imply a centennial scale decline in the productivity of subarctic
seas (Osman et al. 2019).

In addition, there is an increasing incidence of reports of under-ice phytoplankton
blooms, both pelagic in origin (and being advected underneath the sea-ice (Johnsen et
al. 2018)) and indigenous to the under-ice environment, where they are possibly encouraged
by decreasing ice thickness and higher transparency (Assmy et al. 2017).

Remote-sensing inference of a decadal increase in Arctic dimethyl-sulphide (DMS) pro-
duction (Gali et al. 2019) — often associated with prymnesiophyte species that do not require
silicic acid, such as Phaeocystis pouchetii or Emiliania huzxleyi, suggests that change in com-
munity composition may help explain these seemingly conflicting findings — although the
algorithm of Gali et al. (2019) is based on comparisons of estimated productivity and in-
ferred Mixed Layer Depth, rather than the recognition of optical signatures of community

composition.
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Time series of phytoplankton samples in the Barents Sea necessary to test the hypoth-
esis of community compositional change are, however, sporadic and usually do not exceed
the required decadal scales (Degerlund and Eilertsen 2010). We therefore may ask whether
a taxonomically-informed study of changes in ocean-colour over the 215¢ century, might help
elucidate the matter.

There already exist several approaches towards this end. Remote-sensing of ocean-
colour has successfully detected coccolithophore blooms (Smyth et al. 2004; Hovland et
al. 2013; Oziel et al. 2017), owing to the strong scattering properties of calcite liths. How-
ever, the detection of other Phytoplankton Functional Types has proved more challenging,
although numerous attempts have been made; such as semi-analytical approaches based
on forward-modelling from the optical properties of different phytoplankton groups to ar-
rive at ocean-colour signatures that may distinguish them (Sathyendranath et al. 2004;
Jackson et al. 2010) or the inversion of systems of equations relating ocean-colour and phy-
toplankton size classes retrieved with HPLC (High Performance Liquid Chromatography)
(Devred et al. 2011). Some authors have explored linear unmixing models — another form
of inversion — of phytoplankton light absorption (Zhang et al. 2018) to infer community
composition. However, the capacity to infer community composition from Inherent Optical
Properties measured in-situ is a distinct problem from investigating patterns in remotely-
sensed ocean-colour, which these methods have not yet been applied to.

There have also been attempts to detect optical signatures of specific phytoplankton
pigments (Cullen and Lewis 1995; Johnsen and Sakshaug 2000; Astoreca et al. 2008), which
have been demonstrated to be successful with in-situ radiometry, but have not yet been
extended to remotely-sensed observations.

Some existing remote-sensing algorithms for the inference of Phytoplankton Functional
Types initially assume some [chi-a] dependences in their construction (Devred et al. 2011),

which confounds the task of recognising shifts in Barents Sea bloom composition, given that

177



the inferred [chl-a] in this region has been increasing, and [chi-a] and community composi-
tional change may therefore be convolved (Oziel et al. 2017; Arrigo and Dijken 2015).

We also recognised that other algorithms to distinguish diatoms in high-latitude wa-
ters are predicated on differences in specific absorption coefficient between diatoms and
mixed populations (Sathyendranath et al. 2004). Pigment packaging is the phenomenon of
the flattening of absorption spectra of suspensions of pigment as distributions change from
dispersed to tightly packaged aggregates (Duysens 1956; Kirk 1994). Phaeocystis forms ag-
gregated colonies and therefore exhibits a normalised absorption spectrum that is indicative
of levels of pigment packaging similar to diatoms (Astoreca et al. 2008) (although photoac-
climation (Johnsen and Sakshaug 2007) may result in a wide variation in intra-cellular
pigment concentrations and therefore packaging (Rodriguez et al. 2006)), and we therefore
may expect its optical properties to resemble those of diatoms. Indeed, this is indicated in
Figure 2 of Alvain et al. (2008), who recognised a Phaeocystis-like group in ocean-colour
measurements in their development upon the PHYSAT algorithm for the inference of dif-
ferent Phytoplankton Functional Types.

Given diatoms and Phaeocystis blooms are typically associated with different styles of
production (with Phaeocystis associated with greater regeneration (Reigstad and Wassmann
2007)), remote-sensing approaches, which treat these two groups as synonymous, may pro-
duce results that provide misleading conclusions about ecosystem change. This is a salient
observation that bears special consideration in the Barents Sea where gradients in remotely-
sensed production anti-correlate with the mass of benthic megafauna (Degen et al. 2016),
suggesting that the direct interpretation of remotely-sensed production as an indicator for
export production is fraught.

We reviewed the the global PHYSAT algorithm and found that, while extensive Phaeo-
cystis-like blooms are identified in the Southern Ocean, PHYSAT describes the Barents as

nanophytoplankton-dominated (Alvain et al. 2008), suggesting that the global PHYSAT al-
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gorithm struggles to detect different Barents Sea phytoplankton communities. The ‘ Phaeo-
cystis-like’ group identified in PHYSAT is based on ocean-colour observations from the
Southern Ocean, where Phaeocystis antarctica predominates, as opposed to Phaeocystis
pouchetii in the Arctic, so differences in ocean-colour between these two species may ex-
plain more pervasive identification of Phaeocystis in the Southern Ocean.

We hence opted to construct our own experimental bio-optical algorithm tuned to the
bespoke Phytoplankton Functional Types (coccolithophores, nanophytoplankton, diatoms
and Phaeocystis) and conditions prevailing in the Barents Sea, to classify ocean-colour
observations (see chapter 3, ‘Development of a Bio-Optical algorithm,” for a detailed de-
scription).

In the near future, NASA’s PACE (Plankton, Aerosol, Cloud, Ecosystem) mission aims
to measure ocean-colour at a 5nm spectral resolution (Petro et al. 2020), which may offer
researchers the capacity to detect subtle hyper-spectral features in ocean-colour attributable
to key taxon-specific phytoplankton pigments, and may therefore facilitate increased con-
fidence in the identification of distinct phytoplankton groups from ocean-colour. However,
the legacy of ocean-colour measurements already collected will still represent a rich historic
dataset and we should therefore retain an interest in exploring the detection of distinct
phytoplankton groups in existing satellite records (e.g. Sathyendranath et al. 2004; Alvain
et al. 2005; Devred et al. 2011) and assessing the extent to which bio-optical algorithms
can be marshalled to describe ecosystem baselines or detect incipient signals of ecosystem
change in our warming climate (Quere et al. 2005; Nair et al. 2008; Sathyendranath et
al. 2014; Dutkiewicz et al. 2019), especially as it is this historical record that will place
future observations in context.

Here we develop a bio-optical algorithm in the mould of Alvain et al. (2008). We con-
structed a training dataset of ocean-colour, in order to inform a Linear Discriminant Analy-

sis to identify blooms of phytoplankton with a high degree of pigment packaging (hereafter
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referred to as ‘highly-packaged phytoplankton’), such as diatom or Phaeocystis blooms. We
employ an adaptation of the experimental chlorophyll-c3 algorithm of Astoreca et al. (2008),
which compares the inferred absorption by phytoplankton at 469 nm (indicative of the bio-
marker chlorophyll-c3) to adjacent wavelengths, to test whether it might also be possible
to distinguish Phaeocystis from diatom blooms in the Barents Sea and assess whether it is
possible to confirm isolated reports of changing phytoplankton community composition and
extend our understanding by using ocean-colour to construct a regional synthesis. Previous
authors have shown that detection of bio-marker pigments, such as chlorophyll-c3, from
in-situ absorption spectra can indicate the presence of a range of species that form harmful

algal blooms — including Phaeocystis (Johnsen and Sakshaug 2000).

4.5 Methods

Level-3 daily binned ocean-colour observations during the month of July 2002-2018 were
downloaded from the MODIS-Aqua website, for A = 412,443, 469, 488, 531, 547, 555,
645,667 and 678 nm (OBPG 2019) between 0-50° East and 70-85° North. We chose to
investigate only ocean-colour observations from July, because while annual net primary
production has been increasing (Arrigo and Dijken 2015) lower ice extents are associated
with decreased [chl-a] biomass in spring (Oziel et al. 2017). We hence chose to study sum-
mer blooms alone to avoid the convolution of these antithetical changes.

Our experimental algorithm is a stack of 3 individual algorithm modules, which can
be visualised as a flow-chart (see Figure 3.14). The first module masks ocean-colour ob-
servations that are classified as being influenced by sediment, Coloured Dissolved Organic
Matter (CDOM)-rich river plumes or coccolithophore blooms. These masks were based
on MODIS-Aqua ocean-colour observations from July 2014 between 0-80° East and 70-85°
North. Modes of ocean-colour variance associated with the Ob river plume — a feature of

high CDOM output, the Svalbard coast — high sediment load, and coccolithophore blooms
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in the central Barents Sea were identified and used to inform criteria to establish masks (see
Figures 3.7, 3.8). Only un-masked ocean-colour observations are passed on to the second
module.

The second module applies a Linear Discriminant — trained on a collection of Level-
3 daily binned MODIS-Aqua ocean-colour observations, measured on the same day and
within 1° latitude or longitude of as a series of natural phytoplankton samples collected in
2017-2018. This LDA is used to distinguish whether ocean-colour properties are compat-
ible with blooms of highly-packaged phytoplankton (either diatom or colonial Phaeocystis
cells). The use of Level-3 daily data for the purpose of identifying distinct phytoplank-
ton groups follows from the example set by the development of the PHYSAT algorithm,
and our 1° criterion follows from that used in PHYSAT validation (Alvain et al. 2005; Al-
vain et al. 2008). Hold-p-out cross-validation on our training dataset demonstrated that
highly-packaged phytoplankton could be distinguished from nanophytoplankton effectively
(97 and 80% of diatom and Phaeocystis-affiliated ocean-colour observations were assessed
to be highly-packaged, and some 68% of nanophytoplankton were correctly identified).

After ocean-colour observations are classified as highly-packaged phytoplankton or as
unicellular nanophytoplankton populations, [chi-a] estimates are recalculated, using the
Lab-OC4L diatom algorithm for all highly-packaged phytoplankton and the Lab-OC4L
prymn relationship for all nanophytoplankton populations. We justified our choice to use
the Lab-OC4L diatom algorithm to estimate [chi-a] for all highly-packaged phytoplank-
ton (whether they would subsequently go on to be classified as diatoms or as Phaeocystis)
because Cota et al. (2003) had described remote-sensing algorithms developed by Arrigo et
al. (1998) for the inference of diatom, Phaeocystis and (diatom+ Phaeocystis) communities
as ‘very similar, perhaps indistinguishable’ (Cota et al. 2003; Arrigo et al. 1998).

The final module takes all observations classified as blooms of highly-packaged phyto-

plankton and uses the algorithm developed by Astoreca et al. (2008) to distinguish between
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Phaeocystis and diatom blooms. This is done on the basis that Stuart et al. (2000) had used
chlorophyll-c3 as a marker pigment to distinguish diatom and prymnesiophyte-dominated
samples. Discrimination is informed by a suite of HydroLight simulated ocean-colour re-
flectances based on optical properties of in-situ samples of diatom and Phaeocystis com-
munities. It was found the ratio of retrieved [chl-a] to inferred chlorophyll-c3 absorption
separated these simulations. We recognised that MODIS-Aqua ocean-colour reflectance
may not be amenable to the detection of subtle hyperspectral features, so we performed a
sensitivity analysis to evaluate the effects of noise and variable band-width on the resolution
of this feature, and diatom and Phaeocystis HydroLight simulations remained distinct. We
found that our discriminant for Phaeocystis from diatoms, when applied to our training
dataset, corresponded to a bimodal feature in the optical properties of highly-packaged

phytoplankton (see Figure 3.13).

We found that a significant shift in mean retrieved chlorophyll-c3 signal (we use the term
‘signal’ rather than ‘absorption’ here because this metric sometimes takes negative values.
For example, Astoreca et al. (2008) recorded a diatom bloom with an apparent negative
chlorophyll-c3 absorption) occurred after 2009 in disparate parts of the global ocean (see
Figures 3.15, 3.16) and adapted the method of Taylor et al. (2018), who corrected for drift
in the output of the TASI (Infrared Atmospheric Sounding Interferometer) platform. Cor-
rected chlorophyll-c3 absorption signal was then used in module 3 of our algorithm to infer
the presence or absence of Phaeocystis blooms. The bio-optical algorithm was validated
against a yearly time series of spring phytoplankton samples in the Labrador Sea, reported
by Fragoso et al. (2017)

(dataset accessible at https://doi.pangaea.de/10.1594/PANGAEA.871872). A linear re-
gression between the yearly Phaeocystis proportion of in-situ samples, collected by Fragoso

et al. (2017) (defined as the portion of [chl-a] associated with Phaeocystis divided by the
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sum of [chl-a] associated with either Phaeocystis or diatoms) shows a highly significant
correlation with the yearly Phaeocystis proportion in ocean-colour classifications (defined
as the ratio of Phaeocystis to the sum of Phaeocystis and diatom classifications) (Figure
4.2). The relationship between the inter-annual differences of these two curves is also highly

significant. None of the curves show a significant linear trend over the time period 2005-2014.
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Figure 4.2: a) Year-to-year variation in the dominance of Phaeocystis blooms in the in-
situ observations of Fragoso et al. (2017) (black line) and from ocean-colour classifications
across the Labrador Sea (red line). in-situ estimates of the Phaeocystis proportion were
sought from chemotaxonomic analysis of pigments performed by Fragoso et al. (2017). b)
Year-to-year variation in the inter-annual difference of Phaeocystis dominance.

We noted that the Phaeocystis dominance estimated across the Labrador Sea from remote-
sensing was often biased high, compared to the in-situ samples (Figure 4.2a). This may be
because the dataset of Fragoso et al. (2017) does not contain observations along the East-
Greenland coast, which we found was often pervaded by Phaeocystis classifications (see

Figure 3.17 years 2007-8, 2010-12). We believe we have demonstrated that our bio-optical
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algorithm facilitates the construction of time series of diatom and Phaeocystis blooms that
show biogeographical patterns consistent with in-situ observations in another Subarctic At-

lantic system.

4.6 Results

We first tested for changes in the geographic distribution of phytoplankton blooms with
time. We discuss the example of coccolithophores to clarify our approach. We controlled
for changes in the geography of the sampled area, as a result of the inter-annual recession
in sea-ice extents for example, by excluding pixels poleward of 80° North — the approximate
limit of ice at the start of our time series. We also excluded observations in the box between
10-30° East and 76-80° North, because the coastal regions of Svalbard are often identified
as coccolithophore-dominated. It is not clear whether these classifications are spurious, but
even if they are genuine their association with the coast means that they do not reflect any
biogeographic changes in open-ocean coccolithophore blooms. We took all the unique pixels
in our time series and computed the relative frequency of coccolithophores in each pixel for
a given year. A pixel observed once as coccolithophore-dominated is 100% coccolithophore-
dominated and a pixel observed four times, but classified as coccolithophore only twice,
is 50% coccolithophore-dominated. The accuracy of the frequency estimate increases with
greater observations. We then calculated the longitudes and latitudes of the quantiles of the
pixel distribution, weighted by the coccolithophore frequencies in each pixel, for 10 equally-
spaced values of 7 (the quantile being used for quantile regression; e.g. 7 = 0.5 if a researcher
is interested in estimating the conditional median of the dependent variable) between 0.1
and 0.9, corresponding to the 10" and 90" quantiles of the distribution. We performed
this exercise for each year in the time series. We then took our time series of latitudes and

longitudes for each quantile value and performed a linear regression with time, weighted
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by the number of coccolithophore observations in each year, so that a year with a strange
geographic distribution but few observations would not exert undue influence. Finally, we
inverted the linear models to predict changes over time in latitude and longitude for each
value of 7. We built multiple linear regressions for all latitude-longitude combinations of
varying 7 against time, and assessed their significance by calculating p-values. The result
is a field of vectors, which visually describe the change in coccolithophore distribution with
time (Figure 4.3). The most North-eastern vector corresponds to the model for change
in geography of the 90*" quantiles for both latitude and longitude, while the most South-

0" quantiles

western vector corresponds to the model for change in the geography of the 1
for both latitude and longitude. Coccolithophores were the only phytoplankton community

which demonstrated significant changes in biogeography between 2002 and 2018.
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Figure 4.3: Left: changing distributions of coccolithophore ocean-colour observations
between 2002 and 2018. Significant (p-value < 0.05) vectors are coloured blue. Centre:
vector field for Phaeocystis distribution change, no significant vectors. Right: vector field
for diatom distribution change, no significant vectors.

The Eastern limit of coccolithophore blooms has shifted some 7° Eastward over the study
window, while the Northern limit has expanded about 1.5° poleward, in accord with the
findings of previous studies (Oziel et al. 2017; Hovland et al. 2013). Interestingly, Figure
4.3 also shows that the Western limit of coccolithophore blooms has expanded Westward

by 4°. The vector field of coccolithophore distribution change in Figure 4.3 implies that
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there are distinct Eastern and Western coccolithophore blooms. It appears that the Eastern
bloom dominates the distribution and is migrating to the North-east, while a minor branch
of Western blooms is migrating towards the Fram Strait region. These two pelagic blooms
may be diverging as they migrate North, because the Svalbard archipelago separates the
Western and Eastern portions of the Barents Sea, and consequently warm ocean currents
bifurcate as they head North, steered by bathymetry (Figure 4.1). Coccolithophore blooms
identified by Smyth et al. (2004), between 1987 and 2002, were typically centred between
30 and 40° East and rarely extended beyond 40° East. By contrast, this study shows that
it has become routine in recent years for coccolithophore blooms to extend past 40°.

We also constructed time series of the proportion of all pixels in the study area dominated
by different phytoplankton communities (Figure 4.4). Hovland et al. (2013) commented that
a large mass of Atlantic Water penetrated far into the East of the Barents Sea during 2007,
compared with 2010, which was a year with relatively less Atlantic influence. Figure 4.4
shows that 2007 has a greater proportion of coccolithophore detections than 2010, con-
forming to the results of these earlier studies. Although inter-annual variations in diatom
frequency are large, varying between 10% and 25% of observations, no discernible pattern
of biogeographic change prevails over the study window and there is no significant linear
trend in their occurrence between 2002-2018 (Figure 4.4). Sub-significant patterns in the
vector field of Figure 4.3 imply a slight gravitation of diatoms towards the Atlantic inflow
region and this may reflect a local increase in diatom identifications here (Figure 4.5). By
contrast, Phaeocystis frequency is low at the start of the study window, but climbs rapidly
in 2010 (Figure 4.4). We find this particularly interesting, given that previous authors found
a massive increase in the occurrence of Phaeocystis and associated marine gels in the Fram
Strait in 2010 (Engel et al. 2017). We also note a positive anomaly in Phaeocystis detec-
tions in 2006, coinciding with reports of an increase in Phaeocystis in the Fram Strait by

No6thig et al. (2015). We consider increasing Phaeocystis predominance compatible with the
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predictions that Atlantification of the Barents should be expected to increase Phaeocystis
frequency and result in a Northward expansion of more Atlantic-associated species such as

E. huzleyi (Rat’kova and Wassmann 2002).
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Figure 4.4: Evolution of the dominance of different phytoplankton groups in the Barents
Sea in July. Phaeocystis proportion is defined as the number of Phaeocystis classifications
divided by the sum of diatom and Phaeocystis classifcations. All other subplots record
the number of classifications of a specific phytoplankton group as a proportion of the total
number of observations. Linear regressions with time are represented by red dashed lines.
Coccolithophores were identified by performing a rotation on ocean-colour data and masking
measurements above a threshold value. Diatoms were identified by multiplying ocean-colour
data by a set of discriminant coefficients designed to represent pigment packaging. Phaeo-
cystis was identified by the combination of possessing an ocean-colour signature indicative
of high pigment packaging, and a high ratio of inferred chlorophyll-c3 to [chl-a].

Given that a pronounced change in phytoplankton community structure was found over the
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study period, difference maps showing the change in the frequency of occurrence of different
phytoplankton groups were created, so that we could identify the geographic regions driving
these patterns (Figure 4.5). We limited the temporal extent to within 2005-2014 to match
the period of our validation scheme in the Labrador Sea (Figure 4.2), so that we could
have confidence in the results. The difference maps were derived by computing linear
models of the variable of interest, such as [chl-a] concentration or relative frequency of
coccolithophores, in each unique pixel location as a function of time. We calculated the
average change in each pixel that the linear models predicted and inferred significance
of plankton community shifts from their p-values (expressed in Figure 4.5 as ‘Certainty’,
defined as 1- p-value).

Figure 4.5 shows that there have been increases in the mean July [chi-a] concentration in the
Western Barents Sea, Southern Fram Strait and far South-eastern Barents Sea. The largest
increases exceed 1 mgm™3, West of Bjgrngya. There is an equivocal pattern of change in
the frequency of diatom occurrence; while there are strong increases in the Atlantic inflow
region West of Bjgrngya there are decreases further down-stream in the Northern Fram
Strait or over the Sentralbanken. Phaeocystis increases are also achieved throughout much
of the Western and Southern Barents Sea, but are absent beyond the typical position of the
Polar Front in the Arctic-derived waters of the North-east. Changes in patterns of coccol-
ithophore occurrence are in agreement with Figure 4.3. The frequency of coccolithophores
has declined in the South-west of their geographic range and increased in the North-east.
The migration of coccolithophores into the Sentralbanken region may offer an explanation
for declines in the frequency of diatom detections here. Curiously, patterns of change in SST
data from the ESA SST CCI reprocessed SST analyses, (temperature maps for the 15" of
July in each year downloaded from CMEMS; Copernicus Marine Envrionment Monitoring
Service: http://marine.copernicus.eu/ ) did not correspond clearly to changes in phyto-

plankton community composition. The pattern of change reproduces the regional change

188



described for 2005-2016 in Figure 2C, Barton et al. (2020), with the exception that there
is slight cooling in the inflow region, where Barton et al. (2020) detected only insignificant
changes of low magnitude. This suggests that SST evolution in the Barents Sea exhibits
seasonal structure. This hypothesis is supported by assessments of SST evolution in chap-
ter 5, which show that the inflow region exhibits either an ambiguous or warming signal in
September (see Figure 5.3).

We might tentatively suggest that a broad region of declining SST in the Atlantic inflow
region aligns with increasing [chl-a] concentrations, while warming regions of the North-
ern Fram Strait align with declines in diatoms and increases in Phaeocystis. Interestingly
patterns of temperature change in the Fuglpya Atlantic inflow section (corresponding to
the Barents Sea Opening: https://ocean.ices.dk/iroc/) show that there has been a broad
increase in sea temperatures between 50 and 200 m between 2002-2018, whereas surface
temperature data from CMEMS implies a decline over this same period. This emphasises
that consideration of SST in isolation may provide misleading explanations for variation in
the state of ecosystems.

The sum of all the changes to phytoplankon community composition that have been

found in this study are presented in a synthesis as a single cartoon in Figure 4.6.
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Figure 4.5: Maps of the changes of phytoplankton [chl-a], temperature and community
composition 2005-2014. The top-left sub-plot is a map of the average number of ocean-colour
observations in a typical July. Colour-bars in the right-hand subplots display trend (hue)
and certainty (saturation) of the occurrence frequency of coccolithophores, Phaeocystis and
diatoms through this interval. 190



coccolithophore migration

increasing Phaeocystis

Figure 4.6: A synthesis of all the changes to phytoplankton community composition
found in this study. Warm inflowing currents are represented in red, whilst cold waters
flowing from the Nansen Basin are represented in blue. There is a general pattern of
dispersal of coccolithophore blooms further into historically more Arctic-influenced areas
as Atlantic inflow currents intensify. There is an ambiguous change in the predominance
of diatom blooms; while they may be increasing close to the Atlantic inflow region, their
incidence is in decline more broadly. The incidence of ocean-colour measurements indicative
of Phaeocystis is broadly increasing throughout the Western Barents Sea, suggesting that
ascendant Atlantic influences are benefiting this group.
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4.7 Discussion

4.7.1 Phytoplankton community shift in the context of “Atlantification”

The most significant trend we have uncovered is an inferred increasing predominance of
Phaeocystis in midsummer in the Barents Sea. The distribution of change illustrated in
Figure 4.6 suggests that the findings of ship-board sampling by Nothig et al. (2015) apply
generally to the more Atlantic-influenced portions of the Barents Sea, consistent with expec-
tations expressed in Reigstad et al. (2002). This may well be consistent with predictions by
Randelhoff et al. (2018) that enhanced Atlantic Water input onto the Western shelves of the
Barents Sea would alleviate late summer nutrient limitation and hence support increased
pelagic primary production. It is also compatible with the report of Oziel et al. (2017) of
increasing [chl-a] in the Barents Sea in late Summer, and the observation of Arrigo and Di-
jken (2015) of increasing annual pelagic primary production in the region. The Fram Strait
region has also experienced a significant increase in Phaeocystis occurrence, consonant with
the existing literature (Nothig et al. 2015). Given the association of Phaeocystis blooms
with the influx of warmer Atlantic derived waters into the Fram Strait (N&thig et al. 2015)
it is perhaps no surprise that the least Atlantified waters of the Barents Sea prove the most
resistant to increases in Phaeocystis predominance.

These findings are complementary to our investigations of coccolithophore biogeogra-
phy, that extend upon the work of authors such as Oziel et al. (2017), Smyth et al. (2004)
and Hovland et al. (2013), showing that coccolithophore blooms have dispersed downstream
in Atlantic inflow currents. The co-association of these changes is strongly suggestive of a
signal of ‘Atlantification’ in midsummer Barents phytoplankton communities — especially
as patterns in change appear to be delimited by the position of major fronts — implying
a bottom-up control of inter-annual variation in phytoplankton community structure. We

think it is curious that no significant change in biogeography for Phaeocystis was recov-
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ered, but this may be a result of this genus already having a cosmopolitan distribution in
the Barents Sea (Degerlund and Eilertsen 2010). We note that increases in Phaeocystis
incidence illustrated in Figure 4.6 generally occur downstream of the sites of intense coc-
colithophore blooms and beyond the ‘Southern Front’ identified in Oziel et al. (2016) but
not beyond the Polar Front, perhaps implying that phytoplankton communities of different
Barents water-masses exhibit subtly different responses to environmental change. Diatom
detections exhibited a complex change between 2005-2014, increasing their incidence in in-
flow regions but declining further downstream. This might result from the dual changes of
increasing Atlantic inflow and decreasing Atlantic inflow silicic acid inventories (Rey 2012).
Proximal to the inflow, silicic acid may not be limiting, so an increased flux may justify
higher diatom growth, but further downstream, the declining silicic acid content of Atlantic
Water may mean that phytoplankton groups less reliant on this nutrient are favoured.

We stress that simple studies of [chl-a], or the use of bio-optical algorithms that do
not sub-divide highly-packaged phytoplankton into diatom and Phaeocystis-dominated as-
semblages, would provide a much coarser impression of ecosystem change (for example see
Figure 4.5 [chl-a] change). Coarser products such as these might be interpreted as be-
ing concomitant with suggestions of increasing new production (Arrigo and Dijken 2015).
However, our finding of increasing Phaeocystis predominance suggests that the style of
production is likely becoming increasingly regenerated in character. This was explicitly
considered by Arrigo and Dijken (2015) as a possibility, and might be inferred from isolated
in-situ records (Nothig et al. 2015; Engel et al. 2017), but we have here provided the first
bio-optical evidence of this. Other authors have also pointed out that deepening mixed
layers in midsummer could explain greater regenerated production (Oziel et al. 2017), a
hypothesis compatible with increasing Phaeocystis, which is a shade-tolerant genus that
prospers under conditions of deep mixing (Fragoso et al. 2017). These interpretations are

consistent with observations that remotely-sensed [chi-a] are concentrated in mid and late
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summer, when episodic mixing prevails, and that [chi-a] detected in spring — when pro-
duction depends on the nutrient inventory stocked over winter — have declined in years
with lower sea-ice (Wassmann et al. 1999; Oziel et al. 2017). This shows that the retrieval
of dominant phytoplankton groups from ocean-colour can inform a more nuanced under-
standing of incipient ecosystem change in the Arctic in the face of human-induced climate
change. We anticipate that the launch of hyper-spectral sensors (PACE) into space will

further invigorate taxonomically-informed approaches in the study of ocean-colour.

4.7.2 Implications

The ecological significance of increasing Phaeocystis predominance is difficult to ascertain.
Previous authors have argued that zooplankton may modify their diets, buffering any sub-
stantial effects on higher trophic levels (Vernet et al. 2017). By contrast, other authors have
suggested that the efficiency of the biological pump should decline under Phaeocystis pre-
dominance (Wassmann 1994), because descending Phaeocystis aggregates are reminerliased
faster than diatoms (Reigstad and Wassmann 2007) — an observation consistent with the
faster sinking rates reported for more massive diatom cells (Falkowski et al. 1998; Jiang et
al. 2005). Suggestions of declining biological pump efficiency can be contrasted in turn with
rare reports of mass-sedimentation of Phaeocystis (Wassmann et al. 1990), when colonies
are ballasted by gypsum crystals rejected from sea-ice (Wollenburg et al. 2018), or the
frustules of senescent diatom blooms (Peperzak et al. 2000a; Cadée and Hegeman 1991).
Phaeocystis blooms frequently succeed diatoms in the Barents Sea and the co-occurrence
of diatoms ballasting Phaeocystis colonies has been frequently recorded (Sazhin et al. 2007;
Verity et al. 2007). Hence, there are credible reasons in the literature to believe that in-
creasing Phaeocystis should decrease carbon export, perhaps increase it or have little effect
at all.

Empirical studies of benthic carbon flux and trawls of benthic organisms also yield con-
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flicting results. Lalande et al. (2013) reports greater biogenic and faecal pellet export under
high sea-ice conditions — suggesting a warmer less diatom-dominated Barents Sea should
have a weaker biological pump, while Cochrane et al. (2009) report lower macrobenthic
animal biomass and sediment carbon content North of the oceanic Polar Front, implying
that Atlantification and the Northward recession of the Polar Front ought to increase nour-
ishment to the benthos. These conflicting reviews can perhaps be resolved by Jgrgensen
et al. (2014), who notes that the benthic expression of the Polar Front extends much further
South than the ocean surface outcrop. Jorgensen et al. (2014) found that megafaunal (>
1 cm body length) biomass distribution differed from macrofaunal (> 1 mm body length, but
< lcm), with greater biomass North of the benthic Polar Front. Jgrgensen et al. (2014)
hypothesised that a longer equilibration time-scale for larger benthic animals may mean
changes in the benthos lag environmental change and subsequent research showed that gra-
dients in benthic megafaunal biomass are decoupled from surface production and therefore
that carbon flux must be controlled to a first order by biological pump efficiency — perhaps
mediated by bloom composition, dynamics or ice-edge physics (Degen et al. 2016).

We may therefore synthesise these findings to suggest that a history of frequent fast-
sinking diatom blooms justify greater megafaunal biomass in Northern sites, and that the
Atlantification of these waters, and a switch to Phaeocystis predominance, will result in
a poorer nourishment of the benthos and a shift in the long-term to lower megafaunal
biomass. We must also consider that, during mid and late summer, phytoplankton blooms
in the Barents Sea descend toward the nutricline to form Sub-surface Chlorophyll Maxima
(SCMs) (Slagstad and Stgle-Hansen 1991), meaning some production is missed by remote-
sensing approaches. In this study, this may have the effect of giving us the false impression
that phytoplankton communities North of the Polar Front are resistant to environmental
change (Figure 4.5), when communities residing at depth here may in fact be changing. As

there is currently much debate in the literature as to the effects of neglecting the SCM on
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production estimates
(e.g. Hill et al. (2013) and Arrigo et al. (2011) and Bouman et al. (2020)), Arctic shelf

SCMs clearly warrant further investigation.

4.7.3 Limitations to our experimental bio-optical algorithm

Overall, much greater confidence can be invested in the detection of coccolithophore blooms,
which are clearly defined by the characteristic light-scattering properties of their shed coccol-
iths. We should, however, consider that, while coccolithophores may shed a large number
of liths, and therefore dominate variance in ocean-colour signals, their blooms have pre-
viously been reported to be concomitant with diatoms, chrysophytes and dinoflagellates.
Coccolithophore may only make relatively minor contributions to inventories of biomass
and [chl-a] in such settings (Volent et al. 2011).

Our approach is also necessarily limited by the available spectral resolution of the
MODIS-Aqua sensor and by the underlying assumption in our bio-optical algorithm’s con-
struction that CDOM is invariant. This assumption is fair in the Barents Sea, where CDOM
absorption remains constant even across major hydrographic features (Hancke et al. 2014),
but is not true outside of the Barents Sea, limiting the wider application of our algorithm
to other Arctic regions. We must also acknowledge that Astoreca et al. (2008) caution that
their reflectance algorithm for the retrieval of chlorophyll-c3 may require modification in
turbid waters and that accurate quantification of chlorophyll-c3 concentrations may not be
possible even under ideal conditions — only the recognition of high concentrations indicative
of Phaeocystis blooms.

We believe that we have taken care to use the algorithm of Astoreca et al. (2008) within
these limitations. We might also regard the requirement to use the MODIS landbands (such
as 469 nm) as a limitation, but we note that previous authors, such as Hu et al. (2010), have

made successful use of these bands for the inference of Phytoplankton Functional Types (Hu
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et al. 2010). We caution that our approach to correct for temporal drift in the inferred signal
of chlorophyll-c3 absorption is specific to the MODIS-Aqua r2018.1 ocean-colour reprocess-
ing, and that this approach may need to be modified for future reprocessings, which may
subtly vary the values of different ocean-colour bands. The results from our bio-optical al-
gorithm suggest that it is possible to construct regional algorithms for the retrieval of major
Phytoplankton Functional Types in the Arctic, and that the output from such algorithms
can form a useful supplement to incomplete in-situ records of phytoplankton community
composition.

We must also be aware that sea-ice often precludes detection of ice-edge or under-ice
phytoplankton blooms. Where the ice-field or ice-edge currents are dynamic, phytoplank-
ton blooms may be advected beneath the ice (Johnsen et al. 2018), or low-light acclimated
blooms may be exposed should the ice recede (Assmy et al. 2017). Photo-acclimation can
influence overall intracellular pigment concentrations and complements, and therefore may
bias remote-sensing ocean-colour algorithms that seek indices of pigment packaging or the

ratios of taxon-indicative pigments.

4.8 Conclusions

We have developed a bio-optical algorithm to retrieve dominant phytoplankton groups in
the Barents Sea and probed its applicability to investigate incipient changes in community
composition. We have presented evidence that an expansion of coccolithophore range fur-
ther down-stream in Atlantic inflow currents is ongoing, consistent with the expectations
of previous authors. We have suggested that Phaeocystis predominance in the Barents
Sea in midsummer is likely increasing in more Atlantic-influenced regions, which is con-
sistent with a signal of Atlantification in the Barents phytoplankton community and the
expectations of several previous authors. The combination of these changes may mean that

reported increases in remotely-sensed production in the Barents Sea are driven in part by
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higher standing stocks of phytoplankton associated with regenerated styles of production
increasingly mediated by the microbial loop — a change with potential significance for higher
trophic levels. The retrieval of these signals of Atlantification by our bio-optical algorithm
emphasises that existing records of ocean-colour will remain useful for interpretation along-

side newer ocean-colour products from up-coming missions such as PACE.

The datasets of optical properties used in the construction of the phytoplankton community
composition algorithm used in this study are available at
[d0i:10.5285/97daaTea-8792-6¢ff-053-6¢86abc0dd46]
[doi:10.5285/982b6da2-7e11-060a-¢053-6¢86abc09389)
[d0i:10.5285/982b6da2-7e12-060a-e053-6¢86abc09389)

accompanying datasets for [chi-a] are available at
[doi:10.5285/97daa7ea-8793-6¢ff-e053-6¢86abc0dd46]
[doi:10.5285/982b6da2-7e13-060a-e053-6¢86abc09389)
[d0i:10.5285/982b6da2-7e14-060a-e053-6¢86abc09389)

MODIS-A data is available from NASA’s website for ocean-colour.

[d0i:10.5067/AQUA /MODIS/L3SMI/
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5.1 Prelude

Thus far, this thesis has investigated functional variety in Barents Sea phytoplankton as-
semblages and explored their consistent definition and detection from bio-optical properties;
developed a bespoke bio-optical algorithm to detect Phytoplankton Functional Types in the
Barents Sea; and explored recent changes in the biogeography and community composition
of phytoplankton blooms in the Barents Sea in mid-summer. This work has provided a syn-
optic perspective that aids the integration of isolated and temporally discontinuous in-situ
studies.

We have therefore pre-eminently concentrated on community compositional change, but
must now turn our attention to an equally salient aspect of Arctic change; phenology. His-
torically, Arctic shelf seas were typified by a single-bloom phenology, in which an intense
spring bloom occurs concomitant with sea-ice melt — resulting in a trophic cascade that
provides nourishment to the ecosystem for the remainder of the year. This differs from
typical temperate double-bloom phenologies, in which wind-induced mixing resulting from
de-stabilisation of the autumnal atmosphere can cause vertical mixing and upwelling of
nutrients. Temperate shelf seas may therefore host two equinoctial blooms each year. In
recent decades, such autumnal blooms have begun to occur in Arctic shelf settings, perhaps
prompted by a decline in sea-ice extent that has facilitated greater action of wind upon the
sea and provided greater illumination more conducive to photosynthesis. However, while
this hypothesis has broadly been validated over the interior Eurasian shelves, evidence of
increasing autumnal blooms and their drivers has proven more elusive in the Barents Sea.

In order to investigate this question, we exploit a decadal-scale record of ocean-colour
to investigate September [chl-a] in the Barents Sea and make use of model reanalyses of
climatological conditions to explore potential environmental drivers of variability in autum-
nal bloom occurrence. We use a standard off-the-shelf [chl-a] product, based on OC-CCI

ocean-colour, which is agnostic to Phytoplankton Functional Types. While OC-CCI lacks
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spectral resolution at blue wavelengths required to distinguish Phytoplankton Functional
Types, the longer period of observations is necessary in order to perceive robust changes in
autumnal bloom occurrence.

We, furthermore, elected not to attempt to retrieve Phytoplankton Functional Types
in Autumnal time series because the Arctic PRIZE communities we have described thus
far are exclusive to the Spring and Summer. In the absence of knowledge of autumnal
phytoplankton bloom compositions and their a,, () variety, we are unable to confidently
infer phytoplankton compositions in remotely-sensed ocean-colour within the autumn. We
specifically identify the further investigation of autumnal bloom composition as a subject
of future research. We believe our decision not to attempt to infer Phytoplankton Func-
tional Types accords with our previous commentary that estimates of this property from
ocean-colour must be integrated with in-situ sampling campaigns. In addition, we remind
the reader that we assumed in our appraisal of the physics of remote-sensing that angle-
dependent changes in R,s are not a strong function of A. This assumption will become
more difficult to defend as solar zenith angles increase (as the sun becomes lower in the
sky), which is the case in equinoctial periods.

Our investigation produces evidence of increasing autumnal bloom intensity — as shown
by higher September [chi-a] — in the Barents Sea, but the strongest increases are concen-
trated in perennially ice-free regions, calling the role of declining sea-ice persistence into
question. Our analysis suggests that the delivery of Atlantic Waters, a key contributor to
Barents Sea macronutrient inventories, is critical to the establishment of conditions permis-
sive to autumnal blooms.

As our analysis is agnostic to Phytoplankton Functional Types, and relatively few Arctic
sampling missions — including Arctic PRIZE — have sampled phytoplankton communities
in the autumnal bloom, discerning the compositional identity and functional significance of

autumnal blooms for ecosystem functions remains a fertile area of potential future research.
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5.2 Abstract

Arctic seas are typified by a single spring bloom. This contrasts with temperate seas, where
subsidiary autumnal blooms occur routinely. Local controls, such as nutrient limitation,
are often invoked to explain the absence of autumnal Arctic blooms. Alleviation of nutri-
ent limitation by high winds has been implicated in recent reports of rising frequencies of
autumnal Arctic blooms. However, despite consistently high winds, autumnal blooms have
only become routine more recently in the Barents Sea, one of the most productive regions
of the Arctic Ocean.

We perform geographically-resolved regressions between remotely-sensed September
[chl-a] and environmental conditions in the Barents Sea. We rule out a positive relationship
between high winds and autumn bloom intensity, clearly distinguishing autumnal bloom
controls here from other Arctic shelves. We find that Atlantic inflow currents are strongly
associated with autumnal bloom intensity, highlighting the need to extend understanding

of bloom controls beyond 1-dimensional conceptual models.

5.3 Plain Language Summary

A majority of annual Arctic phytoplankton productivity occurs in single spring blooms,
contrasting with seas in temperate regions, where smaller secondary blooms often occur
in the autumn. It is widely believed that local conditions, such as dwindling sunlight or
exhaustion of nutrients, prevent autumnal Arctic blooms.

In recent years, high winds — which cause the upwelling of deep nutrient-rich waters —

have accompanied an increase in autumnal blooms over much of the Arctic Ocean, but not
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in the Barents Sea.

We investigated further by exploring the relationship between Barents Sea phytoplank-
ton bloom intensity, inferred from satellite observations, and environmental conditions such
as high winds, Sea Surface Temperature and current speeds. We found that there was no
significant relationship between high winds and bloom intensity in the Barents Sea. We
found that the speed of currents delivering nutrient-rich Atlantic Waters is strongly related
to autumn bloom intensity in the Barents Sea.

This emphasises that outside influences, rather than only local forcing, need to be fur-
ther considered by biological oceanographers who seek to understand how environmental

conditions coincide to control the occurrence of phytoplankton blooms.

5.4 Introduction

The Arctic shelf seas are a productive Northern ecosystem that has historically been typ-
ified by a single intense period of phytoplankton blooms, associated with the recession of
melting sea-ice and the consequent establishment of a shallow and nutrient-replete surface
mixed layer (Bamstedt et al. 1991; Wassmann et al. 1999). This contrasts with temperate
‘double-bloom’ seasonalities of the adjacent North Atlantic region (Gonzilez Taboada and
Anadén 2014), whereby an initial spring bloom is curtailed by nutrient exhaustion and a
secondary autumnal bloom occurs as fall storm systems promote the upwelling of nitrate-
replete deep waters (Findlay et al. 2006). While autumnal blooms have been recorded in
the Barents Sea, they have been comparatively less common than spring blooms and require
special conditions to occur (Strass and Nothig 1996).

Typical explanations for the absence of autumnal blooms in Arctic settings have em-
phasised limitation by local controls, such as grazing by zooplankton (Cushing 1959) or
depressed photosynthesis due to falling light levels in high Northern latitudes (Platt et
al. 2009).
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In recent years, double-blooms have increased in frequency in Arctic shelf settings, and
investigation has demonstrated their occurrence to be associated with an increasing inci-
dence of high winds, sufficient to cause vertical mixing, as in temperate waters (Ardyna et
al. 2014). Ardyna et al. (2014) hypothesised that decreased sea-ice extents and increasing
frequencies of storms coincide to alleviate nutrient limitation. It is implicit in this hypoth-
esis that neither low autumn light or persistent grazing prevent autumnal Arctic blooms.
Indeed, Ardyna et al. (2014) comments that declining sea-ice extents may increase light
availability as well as predisposing the ocean to overturning by storms. Fundamentally, this
conceptual model remains similar to previous hypotheses of limitation, in that it emphasises
local forcing and is inherently 1-dimensional in character.

The increasing frequency of autumnal Arctic blooms implies that, as anthropogenic
perturbation of the climate system results in reduced sea-ice extents (Francis and Hunter
2007; Cavalieri and Parkinson 2012; Shapiro et al. 2003; Kwok 2018), increased Sea Surface
Temperatures (SST) (Boitsov et al. 2012; Eriksen et al. 2017; Barton et al. 2020), and a
more energetic atmosphere (Simmonds and Keay 2009), the hydrography and stratification
of the Arctic shelf seas increasingly resemble temperate waters — with consequences for the
seasonality, community composition of phytoplankton blooms and the significance of their
production to higher trophic levels.

The Barents Sea, the Westernmost Arctic shelf sea of Eurasia (Figure 5.1), is the most
influenced by temperate Atlantic water-masses (Smedsrud et al. 2013), and we may there-
fore expect an increasingly Atlantic character to first manifest here, before propagating to
the interior shelves, as with other modes of climate variability such as the signal of the Arc-
tic Oscillation (Karcher et al. 2012). Indeed, an increasing inflow of Atlantic-derived waters
to this region is already undermining haline stratification (Polyakov et al. 2017), reducing
physical barriers to wind-induced vertical mixing. Yet, in a time series of blooms between

1998 and 2012, the Barents Sea was not clearly characterised by a greater incidence of
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autumnal blooms than the Kara or Laptev Seas, and the increase in autumnal Barents Sea
blooms (~25%) was well below the increases sustained on the interior shelves (~48-56%)
(Ardyna et al. 2014).

More recent time series have, however, pointed to the development of a more defini-
tive prevalence of autumnal blooms in the Barents Sea, with fall productivity peaking in
September (Oziel et al. 2017; Dong et al. 2020). We may therefore question why autumnal
blooms first increased farthest from the influence of Atlantic water-masses, before progress-
ing towards the Atlantic inflow, especially as it is those seas closest to nutrient-rich Atlantic
inflow that have historically supported the greatest productivity (Carmack et al. 2006; Sak-
shaug 2004) and the richest fisheries (Wassmann et al. 2006a). Investigating this question
may improve insight into the physical mechanisms that regulate productive Northern shelf
seas and the nature and pattern of change to phytoplankton productivity and seasonality
that should be anticipated under continued warming.

To this end, we have produced a time series of monthly integrations of inferred sur-
face chlorophyll-a ([chi-a]) concentrations in the Barents Sea, and sought to relate them
to reanalyses of SST and the frequency of energetic winds. We extend beyond considering
1-dimensional local controls on bloom evolution, by investigating the role of inflow currents

that deliver macronutrients onto the Barents Shelf, essential to support primary productiv-

ity.
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Figure 5.1: Map of the geographic context of the Barents Sea (enclosed in green) in the
Global hydrography and Arctic region (encircled in white), and the pattern of recirculating
pathways of Atlantic (red), Arctic (blue) and Coastal (orange) Water delivery, guided by
its shelf topography. The primary region of Atlantic inflow is surrounded by a teal box.
Bathymetric data downloaded and plotted using the R marmap package (Pante and Simon-
Bouhet 2013).

5.5 Dataset and methods

5.5.1 Satellite data

Daily OC-CCIv5 (Ocean Colour Climate Change Initiative (Sathyendranath et al. 2019))
data were downloaded from the thredds server
(https://www.oceancolour.org/thredds/catalog-cci.html), for the ocean-colour wavebands
A= 412, 443, 490, 510, 560 and 665 nm, at a nominal 4km resolution, for September be-
tween 2002 and 2019.

The OC6_MERIS ocean-colour algorithm was employed to estimate [chl-a] concentra-
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tions from these ocean-colour data (O’Reilly and Werdell 2019). Coccolithophore blooms,
which tend to occur in late summer in the Barents Sea (Oziel et al. 2017) were masked, em-
ploying a method based on principal component decomposition, similar to that in Orkney
et al. (2020). It was necessary to mask coccolithophore blooms as their calcite liths enhance
scattering, resulting in a flattened blue to green ratio that can manifest as apparently high
[chl-a] (Table 5.2).

Following the application of a coccolithophore mask, daily [chl-a] estimates were then
averaged over each September period, within 1° lat.-lon. grid cells between 0° East; 70°
North; 60° East, 85° North and compiled into a stack of 18 images. Individual observations
were weighted by their surface area, a function of latitude, when computing the mean value
within grid cells.

A preliminary analysis of the temporal evolution of monthly [chl-a] implies that sam-
pling biases, caused by variable ice and cloud cover, do not significantly result in a direct
distortion of remotely-sensed [chl-a] estimates in September (Figure 5.7). A 1 year lag be-
tween variation in wind field and monthly satellite coverage is evident over the time series
however Figure 5.7, showing that there is an interaction between some environmental vari-
ables and the possibility of inter-annual persistence. Analyses must therefore be designed

to take temporal autocorrelation into account.

5.5.2 Environmental data

We sought monthly environmental data for hydrographic variables from the
ARCTIC_REANALYSIS_PHYS_002_003 dataset, which we obtained from CMEMS (Coper-
nicus Marine Environment Monitoring Service: https://marine.copernicus.eu/).

ARCTIC_REANALYSIS_PHYS_002_003 is a reanalysis product offering SST, salinity and

current speed data, based on a coupled ocean and sea-ice data assimilation (TOPAZ4) and
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the HYCOM ocean model, which performs well reproducing surface measurements (Xie
et al. 2017).

The SST and salinity data were averaged within 1° lat.-lon. grid cells between 0° East;
70° North; 60° East, 85° North, in order to create a stack of 18 images of September con-
ditions over the Barents Sea. Current speed was averaged in a similar fashion, computed
as the FEuclidean distance defined by the meridional and longitudinal vectors for each data
point, and then averaged within each grid cell.

Daily September wind speed data was also sought from CMEMS, from the
WIND_GLO_WIND_L3_REP_OBSERVATIONS_012_005 gridded scatterometer-derived wind
speed measurements. Data at a 25km resolution from ascending passes of the SeaWinds
instrument aboard the QuikScat satellite were downloaded for the interval September 2002-
2009, while data at a 25 km resolution from ascending passes of the ASCAT instrument of
the MetOp-A satellite were downloaded for the interval September 2010-2019. The number
of days experiencing wind speeds above 10ms~! (the metric for energetic wind events used
by Ardyna et al. (2014)) was then computed for each unique location, and the mean number
of such windy days within each grid cell was computed, taking care to weight observations
in accordance with their latitude (as the projection was not stereographic).

A complete stack of 18 images of gridded SST, salinity, current and wind speed data
was thus assembled.

The time series of inferred [chl-a], SST, windiness and current speed in the Atlantic

inflow region (teal box in Figure 5.1) are presented in Figure 5.2.

5.5.3 Analysis

As oceanic variability can have a year-to-year persistence, it was necessary to design an
analytical approach robust to temporal autocorrelation. We decided to use a lag-time of 1

year, as the length of our time series (18 years) is relatively short and we did not expect
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Figure 5.2: Plots of the temporal evolution of inferred [chi-a], SST, windiness and current
speed in the Atlantic inflow region, showing long-term trends and patterns of inter-annual
variability.

longer modes of autocorrelation to be manifest in these data. Our approach conforms to
practice elsewhere in the literature (e.g. (Santer et al. 2008)).

We performed Generalised Least Squares (GLS) regressions with the gls() function of the
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nlme R package, version 3.1-144 (Pinheiro et al. 2020), both with and without 1 year auto-
correlation represented. Autocorrelated fits were implemented with the corAR1() function
of the R nlme package. The R stats analysis of variance ( anova() ) function was then used
to compare fits and the autocorrelated model was selected if it was significantly favoured
at a 0.05 alpha level. An example application of this statistical approach is provided in the
mathematical methods section on temporal autocorrelation and hyperlinks are provided to
an example code and dataset.

Our initial analysis simply computed the linear trends in the variation of [chl-a], SST,
windy days and current speed within grid cells. We then computed the linear relation-
ships between gridded [chl-a] and SST, windy days and current speed, in order to ascertain
whether the environmental variables individually explain variation in autumnal bloom in-
tensity. We also computed the relationship between gridded SST and windy days, as we
expected that vertical overturning of the ocean, engendered by windy events, might alter
SST. This therefore represents a test of the realism of the interaction of reanalyses we em-
ployed to represent environmental variability.

We investigated the relationships between [chl-a] and the current speed in the inflow re-
gion of the Barents Sea (which we defined as being South of 75° North and West of 20° East-
see Figure 5.1); between the inter-annual differences of these two variables; and between the
inter-annual differences of [chi-a] and the frequency of windy days. In these final analyses
we projected maps of confidence intervals of the geographic occurrence of Atlantic-derived
water-masses (defined as having SST >3°C and a PSU >34.8%0 (Oziel et al. 2016; Vage
et al. 2016))

We have also plotted the variance-normalised shelf-wide trends in [chl-a] and the envi-
ronmental variables, weighted by surface area, so that the variation in the time series at a
synoptic scale may be inspected visually.

Generalised Least Squares models were computed for pairwise combinations of [chi-a]
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and the environmental variables, for Barents-wide time series. GLS models featuring 1
year autocorrelation are presented when preferred at an alpha level of 0.05. The Akaike

Information Criterion (AIC) was computed to facilitate model comparison.

5.6 Results

Table 5.1: Summary of Generalised Least Squares model results.

B SST C; W
B AIC =50.27887 p=0.0059 | AIC =43.73159 p=0.0002 | AIC’ =51.9273 py = 0.0158
SST AIC =54.91231 p=0.0787 | AIC* = 53.54153 p* = 0.0355
C; AICY = 55.19371 Py = 0.2792
w

Note. GLS regressions fitted with the gls() function, relating [chl-a] (B), SST, inflow current speed (C;) and the windy
events index (W). An ‘A’ subscript indicates a lag-1 autocorrelated model is preferred at an alpha level of 0.05. “*’
superscripts indicate negative relationships. Model fits are described by their Akaike Information Criterion (AIC) and
p-values.

We found strong evidence of increasing autumnal bloom intensity in the Barents Sea,
(Figure 5.3a), with increases most pronounced near the Atlantic inflow region (Figure 5.1).
SST increases were consistent with previous reports in the literature (Figure 5.3b) (Barton
et al. 2020). Changes in wind field were uncertain, with the exception of increases in the
far North-east (Figure 5.3c), while current speeds showed evidence of increasing inflow onto
the shelf (Figure 5.3d) but declining speeds in the Fram Strait. We suggest this pattern
of wind and current changes is consistent with the expectation that winds in the Northern
Barents Sea regulate pathways of Atlantic Water delivery (Lien et al. 2013).

We found that SST is well-correlated with autumnal bloom intensity, especially close to
the inflow region (Figure 5.4a). The pattern of association to windy days simply reproduces
secular change (Figure 5.4b), suggesting any relationship is driven by a mutual relationship
to time; we do not recover the strong positive relationship reported more widely across the
Arctic by Ardyna et al. (2014). Geographically-resolved current speed shows some signifi-
cant positive association with autumnal bloom intensity in the inflow region (Figure 5.4c).

An assessment of wind and SST shows the anticipated physical relationships — windy days
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Figure 5.3: Slopes of linear models of the temporal evolution of [chl-a] (B) (mgm™2) (a),
Sea Surface Temperature (SST') (Kelvin) (b), windy days (W) (c) and current speed (C)
(ms~!) (d), between 2002 and 2019. Stipples mark significant (p < 0.05) trends. Triangles
indicate an autocorrelated fit is preferred. Secular increases in biomass and SST are evident.
Trends in windy days and current speeds show regional complexity.

mix warmer waters to the surface in the far Northern haline-stratified sea, while they re-

trieve cooler deep waters in the more Southern temperature-stratified seas (Figure 5.4d)
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Figure 5.4: Slopes of linear relationships between [chl-a] (B) (mgm~3) and SST (Kelvin)
(a), [chl-a] (mgm™3) and windy days (W) (b) , [chl-a] (mgm™2) and current speed (C')
(ms~!) (c), and between SST (Kelvin) and windy days (d). Stipples mark significant
(p < 0.05) trends. Triangles indicate an autocorrelated fit is preferred. There is a strong
positive relationship between biomass and SST, but not between biomass and wind. There
is an ambiguous relationship of biomass and regional current speeds, and relationships
between SST and winds vary between Atlantic and Arctic Water-masses.
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(Carmack 2007).

Inflow current speed (defined as the current speed in the inflow region of Figure 5.1)
and autumnal bloom intensity show a strong positive relationship (Figure 5.5a), as do their
inter-annual differences (Figure 5.5b), with the strongest signal evident in the Atlantic inflow
region. We suggest that a relationship between autumnal bloom intensity and SST (Fig-
ure 5.4a) results from SST acting as a tracer of Atlantic Water delivery. The inter-annual
differences of autumnal bloom intensity and wind show a slightly negative relationship in
the inflow region (Figure 5.5¢), indicating that windier years are associated with depressed
bloom intensity in this region.

The secular variance-normalised trends in bloom intensity, SST, inflow current speed and
windiness are displayed in Figure 5.5d, where it is clear inflow current speed possesses the
strongest relationship to bloom intensity. These results are reinforced by our Generalised
Least Squares models (Table 5.1), revealing that the lowest p-value and AIC are common
to a model relating bloom intensity and inflow current speed. Wind possesses broadly neg-
ative relationships to inflow current speed, bloom intensity and SST, with the former two
possessing significant auto-correlation, which may suggest a role for multi-annual feedbacks

such as the wind-loop (Smedsrud et al. 2013).
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Figure 5.5: Slopes of linear relationships between [chi-a] (B) (mgm™3) and inflow cur-
rent speed (C;) (ms~1) (a), the temporal differences of [chi-a] (B) (mgm~3 yr—!) and inflow
current speed (C;) (ms~'yr—!) (b), the temporal differences of [chl-a] (mgm—2yr—!') and
windy days (W) (c), and the temporal evolution of mean regional variance-normalised [chi-
a], SST, inflow current speed and windy days (d). Stipples mark significant (p < 0.05)
trends. Triangles indicate an autocorrelated fit is preferred. Thin, medium and bold con-
tours map the 5%, 50% and 95% occurrence intervals of the geographic distribution of
Atlantic Water in the time series, based on salinity (>34.8 %o) and temperature (>3°C).
Strong positive relationships between biomass and Atlantic inflow currents are evident, es-
pecially within the region occupied by Atlantic Waters. Inter-annual variability in windiness
anti-correlates with biomass.
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5.7 Discussion

The frequency of high autumnal winds has not changed significantly across our time series
over much of the Barents Sea (Figure 5.3c), meaning a different physical mechanism must
be driving autumnal blooms here, compared with those identified by Ardyna et al. (2014).

In addition, alleviation of light limitation — resulting for example from reduced sea-ice
extents — cannot be implicated to explain greater autumnal [chl-a], as the Southern Barents
Sea is perennially ice free (Shapiro et al. 2003).

We turn to Findlay et al. (2006)’s analysis of a system of three ordinary differential equa-
tions, describing development of temperate autumn blooms, to seek alternative hypotheses.

Findlay et al. (2006) states that change in the Mixed Layer Depth, M, can be repre-
sented as

dM
== = h(b), (5.1)

where ¢ represents the evolution of the system with time, and h is some linear rate of
change in the Mixed Layer Depth. Observe that this equation depends on no variables other
than time; it is going to force the system.

Change in phytoplankton biomass P can then be represented as

PN m + h(t)
o MP —gp— 2T MY
i renMP-g M

p, (5.2)

where the first term is the growth rate attributable to uptake half-saturation k of nu-
trients N within the context of light-dependent (M) photosynthesis that declines as the
depth of mixing increases. ¢ is simply a general linear loss term, while the third term is
composed of loss due to diffusion m beneath the mixed layer, which will evolve as a function
of change in its depth h(t).

The inventory of nutrients is, as a consequence of phytoplankton uptake, constrained to
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evolve as:

dP N m + h(t)
T —mr(M)P + T(NO —N), (5.3)

where it can be seen that all phytoplankton uptake results in loss, and loss is replaced
by diffusion of a deep source of nutrients Ny, that will evolve as the Mixed Layer Depth
changes.

Should the Mixed Layer Depth be held constant (h(t) = 0), then the phytoplankton and
nutrient equations possess equilibrium solutions.

We can see that, by rearranging to make N the subject of equation 5.2, that we we will
reach a statement that

céTltD
Na—r(M) y— (5.4)
As we cannot divide by zero, we must therefore state that the equilibrium can only be
achieved if light is not so limiting that loss will exceed growth.

We can also reason that Ny must be sufficiently high that diffusion of new nutrients
from the deep sea can support the loss of nutrients taken up by sinking phytoplankton.

We can then see that, at equilibrium, N will take a value determined by Ny; decreasing
with more efficient phytoplankton uptake (1/k), but increasing with loss of phytoplankton
through mortality or diffusion out of the mixed layer, and modulated by the difference be-
tween potential growth rate r(M) and overall losses.

Phytoplankton concentration at equilibrium must necessarily be positively related to
new nutrient, diffusing over a depth defined by the mixed layer, and inversely related to
loss or diffusion of phytoplankton out of the mixed layer.

This would imply that a greater Mixed Layer depth would attenuate phytoplankton
concentrations by spreading them out over a larger depth interval, decreasing average light

availability and increasing the length-scale over which new nutrients must diffuse to reach

phytoplankton. We can also see that greater mortality of the phytoplankton will depress
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their concentration even further.

Therefore, we can see that — at equilibrium — a deeper mixed layer by itself cannot be
expected to establish conditions for high biomass.

Findlay et al. (2006) therefore concludes that autumnal blooms are inherently dise-
quilibrium processes, depending on sudden mixing events. We can permit phytoplankton
concentrations to grow, for example, if the upwelled nutrients are injected much faster than
sinking phytoplankton particles can remove them from the mixed layer. This is, however,
conditional on the mixed layer deepening being shallow enough that illumination remains
high enough to permit rapid growth of the phytoplankton (if M extended to infinity there
would be a phytoplankton concentration in the surface ocean of 0 and the available light
for phytoplankton would be 0). Furthermore, sources of mortality such as grazers, must be
small enough so as not to control the evolution of phytoplankton biomass.

Findlay et al. (2006) was therefore able to conclude that autumnal blooms are transient
phenomenon that will only occur while change in the Mixed Layer Depth is evolving in a
specific parameter space, with a strong influence from the initial conditions established by
the previous history of the water column (for example the concentration of deep nutrients,
the presence of grazers, existing stocks of phytoplankton and so forth). If the Mixed Layer
Depth’s evolution should stop, the system will reach equilibrium and therefore phytoplank-
ton stocks will decline to a lower value commensurate with a decreased availability of light.

We can present this in plain English; rapid deepening of the mixed layer may dilute
grazer concentrations, or retrieve deep nutrient stocks — both of which may cause a phy-
toplankton bloom. However, should the same physical conditions develop gradually, then
the delivery of deep nutrient stores will occur at a more modest rate and grazer population
growth or phytoplankton loss to sinking may keep pace with phytoplankton growth, pre-
venting a bloom.

It is in the context of this mechanistic understanding of autumnal bloom dynamics that
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we can reach a fuller appreciation of the reason for the recent emergence of more intense
autumnal blooms in the Barents Sea.

We might hypothesise that, in the salinity-stratified North-eastern waters of the Bar-
ents Sea, and the interior Eurasian shelves, windy days represent significant excursions from
equilibrium and therefore prompt blooms by retrieving a deep nutrient stock. By contrast,
in the South-western Barents Sea, windy days are routine. The historic depth of the mixed
layer over the season means that the deeper nutrient stock has already been more depleted
by periodic upwelling. Therefore a rapid deepening of the mixed layer may not retrieve suf-
ficient new nutrients to trigger autumnal blooms. Instead of rapid mixed layer deepening,
the occurrence of autumnal blooms then becomes controlled by the deep stock of nutrients,
which is strongly influenced by Atlantic inflow deliveries. This provides an explanation for
the clear relationship uncovered here between the inflow current speed — the main source
of macronutrients to the Barents Shelf — and the concentration of autumnal [chl-a]. We
remark that, contrary to the mechanisms outlined by Cushing (1959), Platt et al. (2009),
and Ardyna et al. (2014), it is the influence of changes outside the Barents Sea that are
controlling these aspects of seasonal cycles of phytoplankton activity, rather than local con-
ditions.

This hypothesis also provides us with an explanation for the relationship between au-
tumnal [chl-a] and SST, especially in the South-west (Figure 5.4a). SST acts as a tracer of
the delivery of warm Atlantic-derived waters to the shelf. The single region in the Atlantic
inflow that does not exhibit a significant relationship between [chl-a] and inflow current
speed is typified by a slight increase in high winds (Figure 5.3c), and inter-annual differ-
ences of [chl-a] and storminess anti-correlate significantly here (Figure 5.5¢). This suggests
that the action of storms diluting surface [chl-a] plays a role in modifying inferred [chl-a]
and that it may potentially obscure relationships between [chl-a] and other environmental

variables. Alternatively, repeated vertical mixing of the phytoplankton may impose light
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limitation, impeding their ability to bloom in spite of high nutrient supplies (Edwards et
al. 2004; Platt et al. 2003)

5.7.1 Limitations

The temporal resolution of our analyses may not be fine enough to detect complex high-
frequency interactions. For example, wind may cause an instantaneous decrease in [chi-a]
by diluting surface [chi-a], but justify a greater [chi-a] later as a result of enhanced nutrient
upwelling.

We note that it is understood that the delivery of krill populations, that may graze
phytoplankton blooms, is controlled by inflow events (Eriksen et al. 2017), and that grazer
delivery may have some relationship to Barents Sea autumnal blooms. However, we con-
sider testing this beyond the limitations of our current research.

We also note that inventories of essential macronutrients in the Barents Sea, such as
nitrate (Oziel et al. 2017), and silicic acid (Rey 2012), have been declining — and that these
declines have been attributed to upstream processes outside of the Barents Sea (Hatun
et al. 2017). This may represent a potential challenge to hypotheses of increasing inflow
currents providing enhanced nutrient supply to autumnal blooms in recent years. The sig-
nificance of nutrient inventory declines depends on whether enhanced delivery of Atlantic
Waters is sufficient to overcome nutrient limitation in autumnal conditions.

Between 1980 and 2011, the Atlantic Water volume in the Barents Sea doubled (Oziel
et al. 2016), equivalent to a change of 6.45% per year (assuming linearity). End-winter
silicate concentrations in the Western Barents Sea decreased from approximately 6 Mol to
4.5 pMol between 1990 and 2015. Again, assuming linearity, this is a decline of 1% per year.
Nitrate, by contrast, showed a decrease of just 7% over 20 years (Rey 2012).

The Western Barents Sea has been dominated by Atlantic Water through this interval
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(Loeng 1991), and nutrient inventories in the Barents Sea can be regarded as being de-
pendent on Atlantic delivery (Tuerena et al. 2021). Therefore, we can observe that, even
though there has been a pronounced increase in Atlantic inflow, it has been insufficient to
restock silicate over-winter in the Western Barents Sea. Hence, rather than secular increases
in concentrations of nutrients below the Mixed Layer Depth, Autumnal bloom occurrence
must be modulated either by variation in access to this nutrient stock, or by temporal het-
erogeneity in nutrient delivery. A greater rate of delivery of Atlantic Waters could ‘top-up’
regions that have become depleted, or could thicken the submarine layer of Atlantic Water
in stratified regions (and therefore reduce the depth of Mixing required to retrieve nutri-
ents).

Atlantic inflow can be highly variable (Ingvaldsen et al. 2002), and therefore pulses of
greater delivery possess the capacity to explain corresponding pulses in [chl-a] (Figure 5.5 d)
even if a secular decline in nutrient inventories is occurring. The secular increase in [chl-a]
would only be incompatible with declining Atlantic nutrient inventories, if inflowing con-
centrations should fall below the concentrations limiting for phytoplankton growth (2 pMol
for diatoms (Egge and Aksnes 1992)). As a value of 4.5 uMol is well above this threshold,
our results do not appear incompatible with secular trends in nutrient inventories in the
Atlantic inflow waters — although we must comment that end-winter inventories represent
the integration of an entire season of nutrient resupply.

Our remote-sensing approach and use of a global algorithm, agnostic to phytoplankton
bio-optical variation, may mean that some variation in perceived biomass is driven by vari-
ability in phytoplankton community composition (Dutkiewicz et al. 2019), or that variation
in cloud and ice fields influences the likelihood of perceiving intense blooms. In addition,
variation in photoacclimation (Johnsen and Sakshaug 2007) state may significantly alter
intracellular pigment concentrations (Garrido and Zapata 1998), which could result in bias

in the perception of remotely-sensed [chl-a]. We, furthermore, are unable to investigate
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ice-affiliated modes of production, or sub-surface blooms, which develop over summer and

may be re-invigorated by upwelling of deep nutrients in autumn.

5.8 Summary

Our findings highlight the unique hydrography and climatology of the Barents Sea, com-
pared with the rest of the Arctic. The great Atlantic influence in this Arctic gateway means
that conventional local mechanisms routinely invoked in the literature to explain phyto-
plankton dynamics of seasonal seas, such as rapid mixed layer deepening, have limited
influence here. Instead, it is upstream processes outside of the Barents Sea that ultimately
control the occurrence of autumnal blooms by delivering Atlantic Waters. We hypothesise
this results from dependency on Atlantic Waters for the delivery of macronutrient reserves
essential to support blooms. As the Barents Sea is one of the most productive regions in
the Arctic, our findings establish a mandate to extend mechanistic understanding of bloom

dynamics beyond 1-dimensional models.
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5.10 Supplement

5.10.1 Coccolithophore Mask

We rotated ocean-colour data onto a set of two new axes by multiplying the 6 Rrs OC-
CCIv5 remotely-sensed reflectance values by a series of wavelength-specific (A) coefficients,

summing, and subtracting a constant;

Si = (Eg\:laiARrS)\) —b;, (5.5)

where S; is the result, a; represents the slew of coefficients and b; is a constant.
Two sets of values were used (Table 5.2), such that two series of values, S; and S
were defined. Thereafter, all ocean-colour data, for which Sy > —0.557 + 0.0015 and

So < 0.4 51 4+ 0.003, were considered to represent coccolithophores and masked. An exam-
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Table 5.2: Wavelengths and coefficients employed to mask coccolithophores in ocean-colour

data.

Afnm) | 412 | 443 | 490 | 510 | 560 | 665
a1 0.47091009 | 0.48800140 | 0.49696639 | 0.43672448 | 0.31694570 | 0.04404408
as -0.5822403 | -0.3063442 | 0.1096942 | 0.3814065 | 0.6141931 | 0.1800353

Note. by = 0.008820334 and by = —0.0005476582.

ple of the application of this algorithm to ocean-colour data is provided in Figure 5.6.

[chi-a] (mg m™) B | _

2.5 5.0 7.5

Inferred chlorophyll Pseudo true—colour

%

Figure 5.6: Maps of [chl-a] inferred from application of OC6_meris to OC-CCIv5 data
in the Barents Sea on the 6" of July 2016 (left) and a pseudo true-colour representation
(right). An intense coccolithophore bloom is seen in the South-eastern Barents Sea (Hansen
et al. 2016), and corresponds to a local high in inferred [chi-a]. Our custom coccolithophore
mask is seen as a black contour in the left panel, correctly identifying this feature. [chi-a]
has been capped below 9mgm™3 in this image, to aid visualisation.

5.10.2 Preliminary analysis

Prior to analysis we explored the relationship between retrieved [chl-a] and sample com-

pleteness, in order to probe potential sources of bias in remotely-sensed [chl-a] integrations,
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so that we could have confidence they do not substantially affect the dataset. We con-
trived a sampling completeness ‘coverage metric’, by recording the total number of unique
latitude-longitude combinations perceived in any monthly increment. Should a persistent
ice or cloud field be present, that may prevent the observation of a strong bloom, we should
expect a relationship to exist between average monthly [chl-a] inferred by remote-sensing
and variation in the coverage metric.

Simple linear regressions were constructed between time series of variance-normalised

[chi-a] and the coverage metric within each September, and the inter-annual differences.

As seen in Figure 5.7, a significant increase in average monthly [chl-a] values is evident
across our time series, consistent with reports of increasing biomass in the Barents Sea (e.g.
(Siswanto 2020; Lewis et al. 2020)).

We note with concern however that the average September normalised coverage metric
is also increasing across our time series, which implies that some increases in perceived [chl-
a] may not reflect an increasing incidence of blooms, but simply an increasing likelihood
of remote sensors observing them as a consequence, for example, of declining ice or cloud
cover.

Overall, relationships between linear change in coverage and [chl-a], and their inter-
annual differences, are not associated with high R? values or significant p-values. (secular
trends: R? = 0.1519, p = 0.06144, interannual differences: R? = 0.05088, p = 0.193) We
interpret this as being compatible with the low sea-ice extents that normally evolve by
September, meaning that remote-sensing sampling completeness is more equitable between
years, as variable ice cover is not a substantial driver.

Lastly, noting patterns of inter-annual correlation and the possibility of periodicity in
[chi-a] and coverage, we seek to relate variation in September coverage to SST, storminess

and inflow current speed. Storminess was defined by the average number of days within

231



24
14
0] |
-11
d
-21
— - - - - - - - - - - - - - - - - —
NN N RN N DN RN NDNDDNDNDNDDNDNDNDDNDNWN
O O O O O O O O O O O O O o o o o o
©O & © © & & © O B P P P P P P P B P
N Wb 01O N 0 © O P N W M 01O N 00O ©
years
— B SST Ci W Co
Figure 5.7:  Variance-normalised monthly [chl-a] (B) inferred from application of

OC6_meris to OC-CCIv5 data in the Barents Sea, compared with the variance-normalised
coverage metric (Co), storminess index (W), SST and inflow current speed (C;).

1°lat.-lon. grid cells, with average wind speeds >10ms™!, based on
WIND_GLO_WIND_L3_REP_OBSERVATIONS_012_005 gridded scatterometer-derived wind

speed measurements, sought through CMEMS (see main manuscript for acknowledgement).
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SST and inflow current speed were derived from the
ARCTIC_REANALYSIS_PHYS_002_003 reanalysis product, sought through CMEMS. Only
the region between 70-75°North and 0-20°East was considered in the calculation of inflow
current speed.

The results of time series analysis (Figure 5.7) show that there are not only relation-
ships between secular trends among the different variables, but that there are also lagged
relationships, evidencing complex multi-annual resonances and feedbacks. For example, in
a simple linear regression, variation in the storminess index is significantly related to the
coverage metric of the previous year (p = 0.017). This is consistent with hypotheses of a
positive ‘wind loop’ feedback, whereby high Atlantic inflow causes high open ocean area —
hence a high coverage metric — and thereby facilitates greater loss of oceanic heat to the
atmosphere, resulting in low-pressure systems that draw in further strong Westerly winds
(Smedsrud et al. 2013). The 1 year lag in our time series suggests that the wind loop
feedback has an inter-annual persistence. It can also be seen that storminess and SST ex-
cursions anti-correlate, consistent with higher winds engendering greater open ocean area
and vertical mixing and hence enhancing heat loss to the atmosphere. There is an excep-
tionally close match between inflow current speed and perceived [chi-a]. We discuss the
relationships between perceived biomass and environmental variability in greater detail in
our main manuscript.

Suffice to say, from the evidence apparent here, open ocean area, a significant contributor
to coverage metric, is significantly related to multi-annual feedback mechanisms controlling
environmental variability in the Barents Sea. The potential bias that coverage has in the
perception of mean monthly [chl-a] cannot therefore be easily disentangled from potential
mechanistic drivers of [chl-a] variance, without the use of repeated in-situ measurements.
We conclude, for this reason, that it is best not to endeavour to remove signal associated

with variation in coverage. However, we do note that, given multi-annual feedbacks between
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environmental variables are evident, that it is necessary to account for temporal autocorre-

lation before analysis can decipher the mechanistic drivers of autumnal [chi-a] variation.
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Chapter 6

Conclusion and future work

6.1 Conclusion

A leading conclusion of this thesis is that functional relationships and differences perceived
in different phytoplankton assemblages are shaped by the methodological approaches used
to describe in-situ samples (Sosik et al. 2014). Additionally, while researchers may have
predetermined schemes of Phytoplankton Functional Types they wish to seek in remotely-
sensed imagery, such as size-structure (Devred et al. 2011; Liu et al. 2018), the necessity
that they must exploit ocean surface reflectance to infer this structure requires that there
is a robust relationship between the desired structure and bio-optical variety. However, In-
herent Optical Properties of the water column have a multifactorial dependence on a great
number of biological properties of phytoplankton assemblages, including their morphology
and pigment complement (Liu et al. 2019), which can both co-vary with eco-physiological
condition of the organisms, such as their photoacclimation state (Barros et al. 2003; Johnsen
and Sakshaug 2007; Lewis et al. 2019) and the availability of nutrients. Variation in eco-
physiology therefore means that relationships between size-structure, pigment ratios and

aph(A) can vary in complex ways, that are not a straight-forward consequence of community
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composition. Furthermore, the formation of colonies — which may even involve interspe-
cific interactions (Sazhin et al. 2007) — can alter bio-optical properties such as absorption
and backscattering (Assmy et al. 2017). Colony formation is not normally represented
in commonly-employed indices of size-structure such as cell-counts (e.g. Degerlund and
Eilertsen (2010)). Colony formation can strongly influence chlorophyll-specific absorption;
chapters 2 and 3 both demonstrate that colonial Phaeocystis is optically distinct compared
to unicellular nanophytoplankton communities.

In addition, variable concentrations of substances with wavelength-dependent bio-optical
properties, such as CDOM, are often assumed to covary with [chl-a] in the open ocean.
However, their concentration may become decoupled from phytoplankton biomass in some
productive shelf-environments, such as the Barents Sea (Hancke et al. 2014). This may act
to further obfuscate relationships between phytoplankton community structure and ocean-
colour. This represents an additional challenge to researchers seeking to infer aspects of
community structure, such as size-classes, from remotely-sensed ocean-colour.

This thesis presents a case-study in the Barents Sea, which quantifies differences in
inferred functional relationships, resulting from various representations of phytoplankton
community composition, providing researchers with a clear example that demonstrates the
influence of observational methods on the perception of Functional Types. While first-
order functional relationships are broadly found to be similar, regardless of the dataset
used to describe community composition, cell-counts yield a greater number of significant
environmental associations than bio-optics or pigment ratios. This may be attributed to
diatom species with specific environmental niches, that are not distinct from one another
in their pigment-ratios or bio-optical properties. It is also shown that cell-counts possess a
relatively low capacity to predict bio-optical functional assemblages. This may reflect the
routine practice of excluding abundant colonial forms, such as Phaeocystis, from cell-counts.

The analyses shows that colonial assemblages play an important role in overall bio-optical
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variety in the Barents Sea.

Analyses identifying distinct bio-optical phytoplankton assemblages in the Barents Sea
from measurements of apy(A) underpinned the development of a bio-optical algorithm to
detect dominant Phytoplankton Functional Types in remotely-sensed ocean-colour. The
pre-eminent conclusion of this work was that some phytoplankton assemblages can be dis-
tinguished much more reliably than others. The difference in bio-optical properties between
diatom and nanophytoplankton assemblages was stark, for example, as a result of perva-
sively stronger pigment packaging in diatoms. However, diatoms and colonial Phaeocys-
tis samples in the Arctic PRIZE a,,()\) dataset both possessed strong pigment packag-
ing. These two assemblages were most clearly distinguished by a stronger blue absorption
in Phaeocystis at around 469nm — which probably resulted in part from chlorophyll-c3,
which HPLC analysis demonstrated occurred at higher concentrations when this group was
present. This difference in spectral signatures, between diatoms and Phaecoystis, was rela-
tively small. It is important to consider variability in pigment packaging and the balance
of intracellular pigment species is observed as a photoacclimatory response across phyto-
plankton (Rodriguez et al. 2006; Johnsen and Sakshaug 2007; Brunet et al. 2011; Kauko
et al. 2019; Lewis et al. 2019), and therefore that different life-histories may result in vari-
ation in the spectral signatures of the phytoplankton assemblages identified in this thesis.
High pigment packaging can occur as a response both to low light (Lewis et al. 2019) and
as a self-shading protective mechanism in high light (Barros et al. 2003). The availability of
essential nutrients, such as nitrate, can control the ability of phytoplankton assemblages to
photoacclimate, by inhibiting the ability of phytoplankton to manufacture key proteins in
their photosynthetic machinery (Lewis et al. 2019). Therefore, the spectral signatures iden-
tified in the Arctic PRIZE a,,(\) dataset are not guaranteed to be reproduced in future

sampling campaigns, especially if the nature of the bio-geochemical and light environments
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in the Barents Sea are subject to change.

I also note that, while chlorophyll-c3 was employed as a marker pigment for Phaeo-
cystis-dominated assemblages in this thesis, there are a number of other phytoplankton
groups that possess this pigment, such as some diatoms, dinoflagellates and numerous other
prymnesiophytes (Johnsen et al. 1994; Johnsen and Sakshaug 2000; Roy et al. 2011).

It was clear that the ocean-colour reprocessing used (MODIS-Aqua) was specifically
curated to optimise retrieval of [chl-a], rather than preserving individual waveband ratios.
It was therefore necessary to contrive a correction scheme, so that inter-annual drift in the
MODIS-Aqua reprocessing did not exceed the fine margin between diatom and Phaeocystis
spectral signatures. This is a valuable case study for future researchers, who may seek to
develop bio-optical algorithms for the recognition of Functional Types from remote-sensing
platforms that are optimised for the retrieval of derived variables, such as [chi-a]. Thus,
while different phytoplankton assemblages may have distinct functional roles and contri-
butions to trophic structure and biogeochemical cycling, the bio-optical structure between
phytoplankton assemblages exerts a strong influence on functional relationships that are
perceptible to researchers exploiting remotely-sensed ocean-colour.

It must be emphasised that the seasonal Arctic PRIZE bio-optical dataset was limited
to measurements of app, (), and that variation in scattering and backscattering among differ-
ent phytoplankton assemblages can be significant (Pavlov et al. 2017). Unfortunately, it was
not possible to collect a comprehensive set of scattering and backscattering measurements
to match the ap,,(\) dataset, and this must necessarily therefore be identified as a subject
of potential future research. Furthermore, previous authors have demonstrated that the in-
tegration of a,, (M) data with fluorescence-emission spectra (quanta of light re-radiated as a
consequence of absorption by and excitation of bio-molecules) can provide useful information
about the physiological state of phytoplankton (Johnsen and Sakshaug 2007). Just as with

aph (), fluorescence-excitation varies as a function of the variety in intracellular pigments
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and the way in which they are complexed with proteins. Light harvesting pigments transfer
energy to the photosynthetic reaction centres, which are excited and consequently fluoresce.
In-vivo fluorescence-excitation does not carry a signal of photoprotective pigments, (as a
consequence of these pigment species not transferring energy to the photosystem II reaction
centre where the majority of fluorescent emission is produced). Therefore comparison of
aph(A) and fluorescence-excitation can provide insight into the functional roles of the intra-
cellular pigment complements responsible for bio-optical properties. Hence, future research
missions could be designed to collect a wider repertoire of bio-optical measurements. The
collection of in-vivo absorption, backscattering and fluorescence measurements in combina-
tion could provide improved insight into the functional significance of variation in a,(A),
and improve the accuracy of radiative transfer simulations aimed at modelling anticipated

R,s.

The custom bio-optical algorithm developed in this thesis, and an off-the-shelf [chl-
a] algorithm, were employed to investigate secular change in mid-summer Barents Sea
phytoplankton community composition and autumnal bloom phenology, respectively.

Overall the research herein demonstrates that existing records of remotely-sensed ocean-
colour can be investigated, in conjunction with in-situ sampling campaigns, to reveal pat-
terns of secular change in ecosystem function. This represents a valuable methodological
approach to investigate rapidly-changing ecosystems, such as the Arctic shelf seas. It was
possible to use ocean-colour records, in conjunction with isolated series of in-situ records
(e.g. Lalande et al. (2013) and No6thig et al. (2015)), to establish evidence of an increasing
contribution from Phaeocystis to Barents Sea primary production. The study of autum-
nal bloom intensity demonstrates that increasing [chl-a] concentrations in the Barents Sea
in September have a much stronger relationship to Atlantic inflow currents than to wind

events, which trigger autumnal blooms over much of the interior Arctic Ocean (Ardyna
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et al. 2014).

On reflection, the advent of new ocean-colour remote-sensing platforms, such as the
PACE mission (Plankton, Aerosol, Cloud, Ecosystem) (Petro et al. 2020), may expand the
capacity to apply bio-optical algorithms to study phytoplankton community composition
at synoptic scales in future. Although caution must be expressed, as high levels of au-
tocorrelation mean that ocean-colour wavebands are not statistically independent of one
another. This limits the amount of information that can be extracted from them (Cael
et al. 2020). Future researchers may therefore need to be prosaic not only in the selection of
bio-optically distinct Functional Types as targets for remote-sensing approaches, but also
the overall number of classes they hope to retrieve. Should authors attempt to solve for
too many pieces of information, they may discover that there are plural equally favoured

solutions.

6.2 Future work directions

6.2.1 Harmful Algal Bloom detection in Norwegian waters
Motivation

I am prompted to consider this future avenue of research, because assessment of the bio-
optical algorithm developed in chapter 3 (see Figure 6.1) lead to the recognition of an un-
expected spectral signature, inconsistent with any functional assemblage I had been seeking
to identify. I noted that accumulations of chlorophyll-c3 sometimes occurred in waters with
low perceived [chl-a], such as off the coast of Troms county in June 2019 (see Figure 6.2).
This satellite image coincided with a suspected bloom of Chrysochromulina leadbeateri that
devastated farmed salmon stocks around Troms (Hansen et al. 2019). It was not possible,

within the thematic scope of my thesis, to confirm whether this bio-optical signature was
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consistent with Chrysochromulina, as there were no available in-situ samples for validation.
Nevertheless, it is possible that these observations show that Chrysochromulina may oc-
cur in sufficiently dense concentrations and possess a sufficiently recognisable bio-optical

signature to be the target of future remote-sensing based research.
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Figure 6.1: Remotely-sensed ocean-colour from the Southern Barents Sea on Julian day
191, 2014. Top: plot of chlorophyll-a and absorption signal attributable to chlorophyll-c3
inferred from ocean-colour. Red: trend based on HydroLight simulations of ocean-colour
under diatom-bloom scenario (Mobley and Sundman 2012). Blue: trend under simulated
colonial Phaeocystis scenario. Light green: suspected diatom-dominated community in real
image. Dark green: suspected Phaeocystis. Teal: suspected unicellular nanophytoplankton.
Note that some nanophytoplankton have relatively high chlorophyll-c3 signals. Bottom:
pseudo-true colour image (left) and inferred phytoplankton functional types (right), with
coccolithophores masked in cyan and waters possibly influenced by sediment masked in
orange.
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Figure 6.2: (a) Pseudo true-colour image of the Norwegian coast, averaged between Ju-
lian day 156 and 167, Tromsg is marked by a green diamond. (b) Map of the relative
frequency of non-masked pixels that were putatively classified as Chrysochromulina. (c)
Map of the different prevailing classifications of sea-water in the region (blue; normal sea-
water, cyan; coccolithophores, orange; sediment-input, light-green; diatoms, dark-green;
Phaeocystis, red; Chrysochromulina). (d) Classification scheme for non-coccolithophore
or sediment-masked pixels- colours identical to (c). x-axis represents retrieved absorption
signal attributable to chlorophyll-c3, as defined in Astoreca et al. (2008).
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Chrysochromulina

Chrysochromulina leadbeateri is a nanoflagellate haptophyte, that has been associated with
several mass mortalities of fish stocks in Scandinavian waters since the late 1980s (Si-
monsen and Moestrup 1997). It has been suggested by some authors that chemical com-
pounds liberated by decaying fish may complex with haemolytic ichthyo-toxins produced
by Chrysochromulina. This results in the evolution of hyper-toxic chemicals implicated
in mass mortality. The growth of Chrysochromulina may even directly benefit from fish
mortality in oligotrophic settings, as the plankton may be able to metabolise rotting fish
and increase cell division (Johnsen et al. 1999). Indeed, release of ichyo-toxins in the genus
Chrysochromulina has been associated with oligotrophy, in particular low concentrations of
phosphate (Johansson and Granéli 1999) — a bio-mineral that is found in abundance in ver-
tebrate skeletons. This raises the possibility that Chrysochromulina leadbeateri behaves as a
predator of fish. Other harmful algae in the Nordic Seas include species of Pseudo-nitzschia,
which typically occur in oligotrophic contexts in summer (Wassmann et al. 2006a) and may
form complex commensalisms with the colonial haptophyte genus Phaeocystis (Sazhin et
al. 2007)

The study of Harmful Algal Blooms is increasingly relevant in extensively fished Euro-
pean waters, given their rising incidence in the Global Ocean (Gobler 2020). Phaeocystis,
and Emiliania huzleyi can also themselves form harmful blooms, as a result of excessive
DMS production; some dinoflagellates may also produce harmful blooms in Norwegian wa-
ters. This variety of species may all possess the bio-marker pigment chlorophyll-c3 (Johnsen
and Sakshaug 2000). It is possible that their more frequent occurrence might be related to

anthropogenic stresses acting on ecosystems.
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Future research

Future research may develop bio-optical algorithms to recognise Chrysochromulina (or sig-
nals of chlorophyll-c3 absorption indicative of other potentially hamrmful phytoplankton),
and apply them to study the occurrence and distribution of Harmful Algal Blooms on the
Norwegian shelf.

In previous work, authors have exploited absorption of chlorophyll-c3 at 469 nm to fa-
cilitate detection of this bio-marker (e.g. Astoreca et al. (2008)), but there are numerous
other pigment species that absorb in this region of the spectrum, namely the photoprotec-
tive carotenoids (PPC). Work by Johnsen et al. (1994) and Johnsen and Sakshaug (2007)
demonstrated that absorption of chlorophyll-c3 at 586 nm was unaffected by PPC and po-
tentially played a role transferring energy to photosystems, perhaps facilitating the efficient
capture of fluoresced light initially absorbed in the blue-green region, and resulting in the
ultra-efficient capture of light energy (see discussion of photophysiology of Chrysochromulina
polylepis in Johnsen et al. (1992)). Contemporary remote-sensing platforms lack the requi-
site spectral channels to monitor absorption at 586 nm, but future hyperspectral missions
(e.g. Petro et al. (2020)) will make it possible to investigate this less ambiguous spectral
region for signals of the bio-marker chlorophyll-c3.

Numerous potential research questions concerning the ecology and occurrence of Harm-
ful Algal Blooms would benefit from synoptical appraisals of their occurrence; relationships
to ocean-shelf nutrient transport, zooplankton, fish swarms and aquaculture could be ex-
plored.

In particular, extensive farmed salmon aquaculture is practised on the North-west coast
of Europe, from the Northern United Kingdom to inside the Arctic circle in Norway. It is
already understood that accumulations of farmed salmon can have deleterious influences on
wild salmon and on grander ecosystem function by, for example, their contribution to the

dispersal of parasite populations (Middlemas et al. 2013). We might hypothesise that an
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increasing incidence of Harmful Algal Blooms in the North-east Atlantic is a manifestation
of Le Chatelier’s law of equilibrium. This law states that a system, whose equilibrium is
disturbed, will approach a new equilibrium by processes that act to counter the initial distur-
bance. In this situation, declining nutrient contents in Atlantic inflows (Hatun et al. 2017)
and rising populations of commercially farmed fish, represent a disturbance to ecosystem
equilibrium, which is restored by agents in the ecosystem engendering mass mortality of the
farmed fish — liberating their nutrients (see Figure 6.3). A geographically-resolved study, of
time series of salmon aquaculture intensity and Harmful Algal Blooms in Norwegian fjords,

could test this hypothesis.
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Figure 6.3: a) Hypothesised role of farmed salmon stocks in restoring nutrient imbalance
through mass mortality in ichthyo-toxic blooms. b) Under a scenario where fish populations
are nomadic, and can actively avoid harmful algal blooms, mass mortality is more limited
and occurs in contexts such as the advection of zooplankton swarms into oligotrophic en-
closed fjords.
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6.2.2 Community composition of autumnal blooms
Motivation

Phytoplankton sampling campaigns in the Barents Sea have usually been concentrated in
the spring and summer, when climatological conditions are most amenable to research ef-
forts and phytoplankton productivity most intense. Consequently, autumnal sampling has
been eschewed. Indeed, Arctic PRIZE sampled extensively in the productive season, and
all the in-situ phytoplankton samples presented in this thesis come from the spring and sum-
mer. However, accumulations of autumnal phytoplankton have been sporadically recorded
in the Barents Sea for at least 4 decades; Heimdal (1983) observed diatom-dominated ice-
edge communities North-west of Svalbard in September-October, 1979. Chaetoceros, Lep-
tocylindricus, Nitzschia and Thalassiosira species predominated in biomass concentrations
>2mgm ™~ [chl-a]. In addition, Hegseth (1997) observed autumnal ice-edge blooms on the
shelf. Furthermore, recent studies, integrating in-situ and remote-sensing approaches, have
shown that weak autumnal blooms occur in early-mid September. These blooms, with very
low biomass concentrations of typically only >Imgm™3, progress from North to South,
where their concentrations and durations are largest (Dalpadado et al. 2020).

However, over this period, the evolution of climatological conditions means that autum-
nal hydrography has changed considerably. Hegseth (1997) encountered multi-year sea-ice
2-3m thick, now a rarity. Today, typical ice-thickness — if ice is present at all — would
be <1m (Kwok 2018). Historic autumnal ice-edge blooms probably represented a fading
continuity of summer primary productivity, as diatom-rich sympagic communities continue
to pursue the ice-edge until they become light-limited. This style of production cannot be
reproduced in modern autumnal blooms occurring far from the ice-edge.

Coupled with declining sea-ice extents and thickness, a secular increase in autumnal
bloom [chl-a], identified in chapter 5, establishes a mandate to further investigate autumnal

styles of production and their contribution to export. The occurrence of these blooms in
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perennially ice-free regions indicates they are probably underpinned by a distinct regulatory
mechanism from historic sympagic blooms. They may therefore be dominated by a distinct
phytoplankton community, and their significance for the function of the wider ecosystem
is therefore unknown. However, it is known that these September blooms can only possess
minor contributions from calcifying phytoplankton, as remotely-sensed ocean colour indi-
cates negligible Particulate Inorganic Carbon (Oziel et al. 2017). This finding is reinforced
by analyses in chapter 5, because autumnal blooms were detected despite coccolithophores

being masked in the remotely-sensed ocean-colour time series (see 5.6).

Future research

Future research could address this knowledge gap in the literature by undertaking a compre-
hensive phytoplankton sampling programme in September conditions. Research findings,
in chapter 5, indicate that autumnal bloom intensity is now underpinned by the delivery
of Atlantic water-masses onto the shelf, and that [chi-a] is most intense in the South-west
Barents Sea — an observation confirmed by Dalpadado et al. (2020). Future sampling cam-
paigns should therefore target Bjgrngyarenna, the Atlantic inflow trough between Bjgrngya
and Mainland Norway (see Figure 6.4).

Autumnal sampling for zooplankton populations is already undertaken regularly and
comprehensively across the Barents Sea (see (Eriksen et al. 2017; Dalpadado et al. 2020))
therefore a future sampling mission could be designed to exploit these ongoing sampling ef-
forts. Samples should be collected for enumeration with optical microscopy and analysis for
taxon-indicative pigments with HPLC, to constrain community composition. Bio-optical
measurements might, furthermore, reveal whether autumnal assemblages are comparable to
the bio-optical types identified in chapters 2 and 3. The deployment of sediment traps could
place constraints on autumnal pelagic-benthic coupling. Previous autumnal deployment of

sediment traps has largely been limited to the Fram Strait or fjordic environments in the
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Svalbard archipelago, far from the sites of interest (e.g. Hebbeln and Wefer (1991) and
Weydmann-Zwolicka et al. (2021)). Zooplankton surveys in spring might also be able to ex-
plore whether autumnal bloom occurrence substantially affects the survival of zooplankton

populations that enter diapause over winter.
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Figure 6.4: Bathymetric map of the Barents Sea, produced with the R marmap pack-
age (Pante and Simon-Bouhet 2013). Currents delivering Atlantic and Arctic Water are
portrayed in red and blue, respectively. Suggested locations for an autumnal fieldwork
campaign are illustrated as pink-bordered dots, following the Atlantic inflow onto the shelf.

Inter-annual variability in autumnal bloom intensity (see Figure 5.7) might be accom-
panied by variability in community composition or pelagic-benthic coupling. Therefore, a
sampling campaign distributed over multiple years would be ideal. In order to estimate
the influence of a greater number of yearly observations, I took the time series of variance-
normalised [chi-a] estimates in chapter 5 (see Figure 5.7) and divided into rolling time series

of increasing length, from 2 to 17 years. Rolling subsets were chosen, because this preserves
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temporal auto-correlation, which might influence variance structure. The standard devia-
tions of the subsets were computed for each temporal length (2 years, 3 years, 4 years...)
and the mean of these values was divided by the standard deviation of the whole time series.

The results are presented in Figure 6.5.
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Figure 6.5: Evolution of standard deviation of [chl-a] time series with greater length.

It is evident, from Figure 6.5, that there is no clear cut-off where it can be said that
inter-annual variability is adequately represented. Indeed, an 18 year time series may itself
not be long enough to fully represent inter-annual variability in autumnal [chl-a]. These
time-scales are much greater than that any individual sampling campaign strategy is usually
designed to meet. Therefore, the number of repeated autumnal deployments in an autumnal
sampling scheme is a subjective decision. Autumnal sampling must therefore be conducted
in the knowledge that variability in hydrography, climatological conditions, and the flux

of zooplankton populations onto the shelf, is high (e.g. Eriksen et al. (2017)) — and that
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this variability may both determine how representative datasets are as well as potentially
enhancing or disrupting causative relationships between primary production, sedimentation

and zooplankton populations.

6.2.3 The ascendancy of machine learning and the integration of mea-

surement platforms
Machine learning

This thesis has applied a range of widely-employed matrix-based multivariate statistical
methods. These methods have been used to engage biological questions by assessing vari-
ance structure, performing clustering and finding salient differences between pre-defined
classes. The majority of these methods, such as Principal Component Analysis (PCA) or
Linear Discriminant Analysis (LDA), were developed by pioneering mathematicians, statis-
ticians and biologists of the early twentieth century (see Legendre and Legendre (2012) for a
detailed discussion of these numerical methods and their history). Assumptions of linearity
in the fundamental relationships underlying data structure are essential to their application.
Their implementation and interpretation requires explicit supervision from the researcher.
For example, the retrieval of class differences in LDA requires statements a priori of class
memberships.

Thus, while these mathematical methods significantly reduce the dimensionality of
datasets, therefore allowing researchers to engage multivariate problems and develop al-
gorithms to study data at scale, the requirement for supervision in the construction of
algorithms (for example in the identification of relationships underlying Principal Compo-
nents, or in the assignment of class memberships and validation of Linear Discriminants)
requires significant researcher attention. This represents a significant obstacle to the inter-
rogation of large datasets. A time series of remotely-sensed ocean-colour observations could

easily contain millions of measurements for example and most researchers’ analysis of data
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structure must therefore focus on carefully chosen subsets that are reasoned to be repre-
sentative, and the researcher may be required to make informed transforms of the original
dataset to ensure that salient relationships are linearised. Take, for example, the develop-
ment of the PHYSAT algorithm (Alvain et al. 2005), which required a transformation of
R,s data to remove variation in signal attributable to [chl-a], that would have otherwise
represented a significant non-linear source of variance.

Mathematical methods for ‘less’-supervised exploratory analysis and classification of
salient data structure began development in the mid-to-late twentieth century. This plethora
of approaches is known as ‘machine learning’. Artificial neural networks are a key example
of machine learning techniques, which function by imitating the architecture of brain tissue.
The network is organised such that each node takes multiple inputs, weighted by a matrix,
and computes an output by application of some non-linear function (Bishop et al. 1995).
The network may be arranged in multiple layers, and a signal originating as input may be
allowed to pass between layers multiple times before finally leaving the network as ‘output’.
Layers that do not connect directly to researcher input or final output can be described as
‘hidden’. The topological architecture of neural networks may vary depending on the task
they are anticipated to perform (e.g. Hagen et al. (1996)) and their design is itself an active
field of research. By exploiting different architectures, researchers can ‘train’ artificial neu-
ral networks to perform tasks such as the recognition of classes, by providing pre-classified
training data. Dynamic variation of the matrices of weights inside the nodes is then applied
to change the network behaviour over many iterations, until the network is optimised for
the production of the ‘correct’ output for a training dataset. The complex nature of the
pathways individual data may follow, potentially passing through many nodes inside hidden
layers, means that direct interpretation of the operations performed on data by a neural
network is often not tractable to researchers. Consequently, artificial neural networks differ

from the mathematical methods applied in this thesis in being ‘black-box’ approaches.
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While the artificial neural network requires initial supervision in its construction, its
learning process proceeds in an autonomous fashion. Furthermore, simultaneous cross-
validation schemes with both a training and ‘test’ datasets can be employed to autonomously
improve algorithm robustness and reduce the risk of fitting functions to the training dataset
that are not representative of data structure found more widely in nature (Bricaud et
al. 2007). While this example application required researcher supervision, artificial neural
networks may also undertake unsupervised learning, allowing the expansion of learning to
include fully autonomous assessment of structure in data for which researchers have pro-
vided no a priori classification.

These approaches have been used by biological oceanographers to produce predictive
models that can distinguish contributions of algal pigments and size-classes to app(A)
(Bricaud et al. 2007), and to reconstruct benthic secondary production in marine ecosystems
from commonly-available suites of measurements (Brey 2012). Indeed, the latter example
was directly employed by Degen et al. (2016) in their assessment of environmental and bio-
logical correlates of megabenthic secondary production in the Barents Sea. The ‘black-box’
limitation of the opacity of artificial neural networks to researchers is illustrated by the
analytical choices made by Brey (2012) to assess the leading variables that explain variance
in inferred secondary production. A standard multiple linear regression was used to iden-
tify the salient variables (body mass of the benthic fauna and water temperature), and the
significance of the remaining variables was then established by constructing new artificial
neural networks devoid of the salient variables. It can therefore be seen that the perfor-
mance of the artificial neural network is being assessed empirically, and that mechanistic
understanding required the application of conventional linear statistical methods.

Artificial neural networks have been discussed here as an illustrative example, but a
wider repertoire of machine-learning approaches is being applied in biological oceanography

and remote-sensing, such as in Lewis and Arrigo (2020), in which a genetic algorithm (the
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algorithm is ‘mutated’ between iterations, new variants are compared by a cost function
and the fittest variants establish the initial characteristics for the next iteration) is applied
to discover the form of polynomial equations that could relate remotely-sensed ocean-colour
with in-situ measurements of [chl-a], CDOM and particulate backscattering. The conver-
gence of genetic algorithms upon the relatively fittest solution within a given landscape
of parameter variation is a process that is at least in part stochastic, and therefore not
immediately tractable to the researcher.

Other machine learning approaches for the assessment of remote-sensing data have in-
cluded random forests classifiers (a layered set of decisions, known as a ‘tree’ can be used
to classify input. In a random forest approach, many trees are produced and a consensus
is taken by finding the modal or mean output, depending on the task) seeking to identify
potential archaeological sites in the Shetland isles from a combination of spectral channels
and topographic information, (although, in this case, LDA was found to outperform random
forests) (Megarry et al. 2016).

Black-box machine learning approaches are likely to be employed increasingly in bio-
logical oceanographic studies as computational power continues to become cheaper, further
open-source software tools are developed and a bigger number of increasingly multivariate
large datasets become available (e.g. (Petro et al. 2020)). The utility that these approaches
provide must be carefully considered against the risk that researchers develop proxies for
ecosystem state that they do not fully understand. This is a prominent risk in remote-
sensing applications, for which sensor degradation or processing can significantly perturb
the retrieval of derived variables (Gregg et al. 2017). It it possible to imagine, for example,
that a researcher should train a machine learning algorithm to infer [chl-a] on a historic
dataset, and that changes in the underlying relationships between ocean optical properties
and phytoplankton biomass (Dutkiewicz et al. 2019) may evolve with time, that sensor per-

formance may degrade or that processing conventions might change. This will result in the
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temporal evolution of increasing error in [chl-a] with time, and the researcher may not pos-
sess a clear understanding of the mechanistic cause of this error if the algorithm they have
contrived is not readily interpretable. There is a case for favouring simple, tractable and
interrogable algorithms that can be well understood by researchers. Work by authors such
as Lewis and Arrigo (2020) may represent a blue-print for the future application of machine
learning in biological oceanography; while the genetic algorithm used to optimise retrieval
of [chl-a] from ocean-colour may be intractable, the empirical algorithms it developed were
composed from a family of polynomial functions. Therefore, any change in function of the

empirical algorithm will be interpretable.

Integration

The work conducted under this thesis required the explicit integration of in-situ measure-
ments and remotely-sensed ocean-colour. Arctic PRIZE has, furthermore, already pro-
duced publications that integrate data streams from remote-sensing platforms with measure-
ments from semi-autonomous submersible ‘gliders’ (Kostakis et al. 2020; Porter et al. 2020).
This practice reflects the evolution of broad multi-disciplinary research in marine ecosys-
tems, that has been essential to campaigns such as the Pro Mare (Sakshaug et al. 1991),
N-ICE, MOSAIC (Shupe et al. 2018) and Nansen Legacy projects.

Miniaturisation of electronics has, furthermore, contributed to the ongoing development of
smaller and cheaper semi-autonomous and autonomous robotic systems that can be de-
ployed at sea. Future researchers may be tasked, therefore, with the integration of diverse
data-streams from moorings, micro-satellites, ship-borne sensors, aerial drones and profiling
floats (Figure 6.6). The potential benefits of such ‘heterogeneous’ data collection are being

invited as a ‘paradigm shift’ (e.g. Berge et al. (2020) pages 241-275).
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Figure 6.6: A diverse range of instruments; space-borne, ship-borne, benthic, ice-tethered
or submerged, are increasingly forming the architecture for data collection in a changing
Arctic. Image adapted from Figure 9.1 in Berge et al. (2020).

The management of large and diverse data streams is a task of such complexity that
it may well demand the application of sophisticated machine learning approaches so that
researchers can concentrate their efforts on the interpretation of datasets and not only their
integration. Long-term sampling platforms, such as moorings, satellites and gliders, offer
the potential to provide useful information to direct the sampling of shorter-lived missions
such as ship-board sampling campaigns to procure in-situ samples. Semi-autonomous or
remotely-operated sensor platforms, furthermore, may help obviate seasonal biases in data-
collection towards the warmer and more quiescent periods of the year, because they do not

require the presence of the researcher in the field.
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Chapter 7

Appendix: Arctic PRIZE

7.1 Project outline

Arctic PRIZE (Productivity in the Seasonal Ice Zone) is a multi-disciplinary research
project designed to investigate the effects of ongoing anthropogenic climate change on the
hydrographic set-up and illumination of the Barents Sea, the consequences that these phys-
ical changes have for phytoplankton phenology and the cascade of effects at higher trophic
levels mediated by food-web interactions. Arctic PRIZE therefore seeks to gain a holis-
tic view of the Barents Sea ecosystem’s baseline functions — bringing together physicists,
chemists, pelagic and benthic ecologists. The sampling missions undertaken as part of
PRIZE were distributed across multiple years and seasons in order to fully establish the
role that variability in climatological and hydographic conditions plays in structuring ecosys-
tem response, and to ensure that our sampling was representative of the range of conditions

encountered in the region.

The University of Oxford contributed to work package 3 of the project, which is focussed on

the study of pelagic phytoplankton community production, phenology and composition. I
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participated in four research cruises in the Western Barents Sea upon the RRS James Clark
Ross of the British Antarctic Survey and the FF Helmer Hanssen of UiT (Norges arktiske
universitet) (Hopkins 2018,Cottier and Berge 2018a,Cottier and Berge 2018b,Cottier 2018).
Maps of the distribution of hydrographic and phytoplankton sampling completed aboard
these cruises are presented in Figure 7.1. The temporal distribution of these cruises is pre-

sented in Table 7.1

Table 7.1: Cruise durations

Cruise ‘ Vessel Julian days | Year
JR16006 RRS James Clark Ross 181-220 2017
HH180101 FF Helmer Hanssen 4-18 2018
HH180423 FF Helmer Hanssen 113-125 2018

JR17006 RRS James Clark Ross 162-187 2018

The distribution of the cruises across two years means that a component of inter-annual
variability is convolved in the variance of environmental conditions. This is especially evi-
dent in the variable ice conditions; while the Southern margin of the sea-ice extended to 78°
North on the mid-late summer cruise JR16006 in 2017, the ice-edge had receded to beyond
82° North in 2018 on the early summer cruise JR17006.

Prohibitive ice conditions in winter and spring determined the Northern limit of sam-
pling on cruises HH180101 and HH180423, which means that the collection of samples is
biased in favour of summer conditions and the geography of samples evolves as a func-
tion of hydrography. Sympagic communities are hence under-represented in contrast to
pelagic phytoplankton communities. Sampling sites were concentrated most densely along
the 30'" Meridian East, extending across the Polar Front into the Seasonal Ice Zone. This
transect represents a region of convergence of Atlantic-derived water-masses following the
Bjgrngyarenna Trough around the Eastern limit of the Spitsbergenbanken, and Arctic de-

rived Waters entering via the Franz-Victoria Trough East of Kvitgya.
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Figure 7.1: Maps of in-situ sampling on cruises a) JR16006 (July-August, 2017), b)
HH180101 (January, 2018), c¢) HH180423 (April-May, 2018), d) JR17006 (June-July, 2018).
Red sites represent locations where hydrography was sampled alone. Phytoplankton were
sampled in open-ocean conditions at all yellow sites, whereas green sites represent sampling
under ice-covered conditions.

Sampling was undertaken with Conductivity Temperature Depth (CTD) rosettes sup-

porting an array of instruments to measure temperature, pressure, salinity, in-vivo chlorophyll-
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a concentration (here-on referred to as [chi-a]) fluorescence and Photosynthetically Active
Radiation (Epar). CTD devices also carried Niskin bottles for the collection of water sam-
ples for nutrient assays and the assessment of phytoplankton communities. In ice-heavy
conditions, on cruise HH180423, a bucket was occasionally used to collect water and sea-ice
samples when CTD deployment did not prove possible.

Instrument cluster specifications for each cruise are provided in the cruise documenta-

tion (Hopkins 2018; Cottier and Berge 2018a, 2018b; Cottier 2018).

As in-vivo [chl-a] fluorescence may differ from real [chl-a]', I reviewed real-time read-
ings of chl-a fluorescence to select target depths for sampling with Niskin bottles. I took
triplicate subsamples from these Niskin bottles, typically of 0.2 Litre volumes, and filtered
through 25 mm GF/F filters (0.7 pm pore diameter) under a pressure of no more than one
half atmosphere. The filters were then submerged in 90% acetone solution and left to ex-
tract in the dark in a -20°C freezer for at least 10 hours prior to analysis with a Turner
Designs Trilogy fluorometer to determine chl-a concentration using the acidification method
(Holm-Hansen et al. 1965). Samples were also filtered for the analysis of bio-optical prop-
erties and accessory pigment ratios, and were immediately frozen at -80°C until analysis.
Additional seawater samples were preserved in Lugol’s solution for phytoplankton species
enumeration using optical microscopy. This sum of measurements was designed to provide a
comprehensive representation of phytoplankton community structure, and may additionally
also provide insights into life history (such as photoacclimation) and potential bio-optical
signatures for recognition of functional types from remotely-sensed ocean-colour measure-
ments.

Transects of hydrographic properties and sympathetic variation in phytoplankton biomass

and nutrient stocks are presented here, in order to serve as a record of the sampling missions

1. For example, as a result of sunlight-induced fluorescence quenching (Milligan et al. 2012).
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and a reference material to clarify key concepts.

7.2 Transects
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Figure 7.2: Evolution of temperature along the 30" Meridian. Isotherms are illustrated
at every integer value, with a bold contour representing the 0°C isotherm. A dashed white
line represents the Mixed Layer Depth. Micro-maps of meridional transects are visible at
the right. Lines represent CTD profiles. Cruises from top to bottom: JR16006 (summer
2017), HH180101 (winter 2018), HH180423 (spring 2018), JR17006 (summer 2018).
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Figure 7.3: Evolution of practical salinity along the 30" Meridian. Isohalines are illus-
trated at every integer value, with a bold contour representing the 34.8 PSU isohaline. A
dashed white line represents the Mixed Layer Depth. Micro-maps of meridional transects
are visible at the right. Lines represent CTD profiles. Cruises from top to bottom: JR16006
(summer 2017), HH180101 (winter 2018), HH180423 (spring 2018), JR17006 (summer 2018).
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Figure 7.4: Evolution of Total inorganic Oxides of Nitrogen concentration along the 30"

Meridian. Isopleths are illustrated at every integer value, with a bold contour representing
the 1 pM isopleth. A dashed white line represents the Mixed Layer Depth. Micro-maps of
meridional transects are visible at the right. Points represent in-situ sample sites. Cruises
from top to bottom: JR16006 (summer 2017), HH180101 (winter 2018), HH180423 (spring

2018), JR17006 (summer 2018).
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Figure 7.5: Evolution of silicic acid concentration along the 30" Meridian. Isopleths are
illustrated at every integer value, with a bold contour representing the 1 pM isopleth. A
dashed white line represents the Mixed Layer Depth. Micro-maps of meridional transects
are visible at the right. Points represent in-situ sample sites. Cruises from top to bot-
tom: JR16006 (summer 2017), HH180101 (winter 2018), HH180423 (spring 2018), JR17006

(summer 2018). Data absent for HH180101.
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Figure 7.6: Evolution of normalised Photosynthetically Active Radiation (EFp4g) along
the 30'" Meridian. Isopleths are illustrated at every integer value, with a bold contour
proxying the euphotic depth where values decline to 1% of the maximum Epagr value
recorded in each cruise. A dashed white line represents the Mixed Layer Depth. Micro-
maps of meridional transects are visible at the right. Lines represent CTD profiles. Cruises
from top to bottom: JR16006 (summer 2017), HH180101 (winter 2018), HH180423 (spring
2018), JR17006 (summer 2018). Aberrant pattern in HH180101 results from polar night
conditions.
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Figure 7.7: Evolution of fluorometrically-derived in-vivo [chl-a] concentration along the
30t Meridian. Isopleths are illustrated at every integer value, with a bold contour rep-
resenting the 1 mgm™ isopleth. A dashed white line represents the Mixed Layer Depth.
Micro-maps of meridional transects are visible at the right. Lines represent CTD profiles.
Cruises from top to bottom: JR16006 (summer 2017), HH180101 (winter 2018), HH180423
(spring 2018), JR17006 (summer 2018).
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Figure 7.8: Evolution of acetone-extracted fluorometrically-derived [chi-a] concentration
along the 30" Meridian. Isopleths are illustrated at every integer value, with a bold con-
tour representing the 1 mgm™3 isopleth. A dashed purple line represents the Mixed Layer
Depth. Micro-maps of meridional transects are visible at the right. Cruises from top to bot-
tom: JR16006 (summer 2017), HH180101 (winter 2018), HH180423 (spring 2018), JR17006
(summer 2018). Points represent sample depths. Point colour indicates bio-optical group:
green (diatom), red (colonial Phaeocystis), blue (nanophytoplankton), purple (dinoflagel-
late). Bio-optical group definitions are clarified in chapters 2-3.
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Figure 7.9: Evolution of oxygen saturation along the 30" Meridian. Isopleths are illus-
trated at every decile, with a bold contour representing the 100% saturation isopleth. A
dashed white line represents the Mixed Layer Depth. Micro-maps of meridional transects
are visible at the right. Lines represent CTD profiles. Cruises from top to bottom: JR16006
(summer 2017), HH180101 (winter 2018), HH180423 (spring 2018), JR17006 (summer 2018).
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Figure 7.10: Evolution of ammonium concentration along the 30" Meridian. Isopleths
are illustrated at every integer value, with a bold contour representing the 1 uM isopleth.
A dashed white line represents the Mixed Layer Depth. Micro-maps of meridional transects
are visible at the right. Points represent in-situ sample sites. Cruises from top to bot-
tom: JR16006 (summer 2017), HH180101 (winter 2018), HH180423 (spring 2018), JR17006

(summer 2018).
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Chapter 8

Appendix: Mathematical methods

8.1 Opening

This appendix serves as a guide to introduce readers to the mathematical methods employed
in this thesis. The complex nature of variation in biological systems requires the application
of sophisticated multivariate statistical methods, in order to discover and explore structure,
use existing datasets to classify new input, or explain variance — the key ambitions that
underlie the biological sciences. Open-source coding platforms, with pre-built statistical
packages, mean that such advanced statistical methods are more accessible to researchers
than ever, and there is great temptation for researchers to employ off-the-shelf statistical
packages as black-boxes. However, it is necessary that a researcher should possess a sufficient
understanding of these methods to ensure that they are applied carefully, with explicit
knowledge of their limitations, so that the researcher does not uncover illusory results.
This appendix provides a selection of illustrative examples, beginning by introducing and
describing widely-used multivariate statistical methods. It is hoped that, in so doing, the
nature of these mathematical methods is better clarified so that an astute reader may fully

understand the work conducted in this thesis, see potential avenues by which it may be
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improved upon and recognise any errors that may exist herein.

8.2 1 Principal Component Analysis

Principal Component Analysis (PCA) is one of the most widely employed multivariate
statistical methods in empirically-driven research, with applications in diverse fields from
sociology, geology, biology to economics and medicine.

A fundamental problem that confronts researchers in all these fields, is that a set of N
samples may be described by a matrix X, with N rows and P columns, representing P
variables. The researcher may wish to know in what ways the samples meaningfully differ
from one another — the variance structure. However, a large number of variables, which may
be intricately related to one another, can easily become intractable even to the experienced
researcher — especially if the researcher does not possess knowledge a priori of the likely
form of this structure.

A method is hence required to reduce the dimensionality (the total number of distinct
variables over which a researcher must consider variation; effectively ‘P’) and present a per-
spective on the dataset that summarises the key hypothetical axes over which this structure
in variance is distributed.

The researcher therefore desires a means to take the set of P variables describing variation,
and define a new set of variables P’, organised such that they represent the variance between
the N samples, while summarising any relationships that may exist between the P original
variables.

Assuming that any relationships between the P variables can be approximated as linear,

we can therefore state that the new set of variables P’ will take the form

Pz'/ =T\P,+T>P,..TpPp, (81)
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where the ;;, new variable is a linear combination of the P existing variables, weighted by
a set of coefficients (7).

In a simple case, we may imagine a varied batch of N currant buns available at a bakery
that can be described by the linear combination of P ingredients — flour, sugar, fat and
currants. The buns may vary widely in their total mass. The recipe of the bread mixture
is 2 parts flour and fat, 1 part sugar and 1 part currants. Random processes of mixing will
cause the exact balance to vary slightly across the buns, and this effect will intuitively be
most pronounced in currants, as some buns will have a larger number than others. Hence
we can intuitively see that deviation in the ratio of currants to dough from the expected
ratio is the principal source of variance between the buns.

As the ratio of all ingredients, besides currants, are fairly constant with respect to flour, we
can summarise the composition of the buns by producing a plot of currants against flour

(see 8.1).
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Figure 8.1: The ratio of currants to flour in a batch of bread buns. It is intuitive to us
that the deviation of the ratio of currants to dough (proxied by flour) from the average ratio
is the meaningful source of variance. However, conclusions like this may be more difficult
to reach in less tractable and more complicated datasets.
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It is intuitive from Figure 8.1 that there is a major axis of variation between currants and
flour, and that if we are interested in the flavour of buns it is actually deviation perpendicular
(or orthogonal) to this axis that should preoccupy us.

The prcomp() function, the standard implementation of PCA in R, can decompose the

variation between the ingredients, according to the singular value decomposition:

X =Usw7’, (8.2)

where U is an N-size square matrix, the columns of which are known as ‘left singular
vectors’, W is a P-size square matrix, the columns of which are known as ‘right singular
vectors’, ¥ is a rectangular N x P matrix, the diagonal entries of which (o; ;) are known as
‘singular values’ and T is a P-size square matrix of coefficients.

This description is opaque, however if we posit that the matrix of data X is a contortion,
that could be represented by r unique linearly-independent columns (or ‘dimensions’), then

we can state.

X => oUW, (83)
=1

from which it becomes evident that singular value decomposition is breaking down X
into a weighted sum of linear transforms of UiWiT.
This means of decomposition therefore immediately reminds us of our desire to find a new
set of variables P/ that are linear recipes of the original variables P, and we can see that wT
is a rotation matrix onto a new set of axes, and that the values ¥ describe the proportion
of variance of the N samples described by X along each of these new axes.
Hence the decomposition can be sorted into a set of new axes, analogous to P/, that can be
ranked by the variance they explain in X.

This is illustrated directly by a PCA performed on the matrix of currant bun ingredients.
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It is plain that the leading axes of this decomposition represent a rotation of the original
data in Figure 8.1, and that one of these axes described variation in currants perpendicular
to the relationship of currants to flour (demonstrated by a lack of any linear relationship of
PC2 with flour; see Figure 8.2).

We can, furthermore, by reviewing W7, see that the coefficients, also known as ‘load-
ings’ (see Table 8.1), that describe the rotation have discovered the recipe of our bread buns
(see PC1), and the computation of the dot product of vectors PC1 and PC2 = 0 and there-
fore shows that the second axis is orthogonal to the recipe. Inspection shows the highest
magnitude of loading on PC2 is the contribution of currants, conforming to our expectation

that it is variance in currants that meaningfully distinguishes the buns from one another.

Table 8.1: Rotation matriz from PCA performed on bread bun compositions.

Ingredient PC1 ‘ PC2 ‘ PC3 PC4

Flour 0.6239643 | -0.29057246 | 0.30554521 | -0.65793487
Fat 0.6263755 | -0.22581044 | 0.09860497 | 0.73955424
Sugar 0.3213863 | 0.02328317 | -0.93621242 | -0.14026785

Currants | 0.3391654 | 0.92953493 | 0.14291776 | -0.02249813

Hence, we have arrived at an intuitive understanding that PCA is an exploratory sta-
tistical method that can rotate an existing, convoluted, matrix of continuously-distributed
data onto a new set of axes that are convenient for exploring its variance structure. We have
gathered the understanding, in this process, that this method will only produce meaningful
decompositions for datasets where relationships between variables can be approximated as
linear, and we must acknowledge that as variance may include random variation, error or
relationships to variables that are not represented; that the output of PCA is not guaran-
teed to present a researcher with a meaningful synopsis of data structure.

That said, when the conditions necessary to use PCA are met, it represents a powerful
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Figure 8.2: A set of diagnostic plots, demonstrating that PCA operates as a rotation,
finding a series of orthogonal new axes to maximally describe variance in the original dataset.
It can be seen, for example, that PC1 is reproducing the original recipe of the dough (as
it correlates strongly with flour). A lack of correlation between PC2 and flour is consistent
with the orthogonal construction of the new axes.
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tool to make plain the salient structure of a dataset. The convenience of having a set of
new derived variables, ranked by explained variance, means the researcher can choose to
reduce dimensionality by discounting axes that explain less variance. Indeed, this is often a
necessary step, because the constraint that the new axes must be mutually orthogonal may
mean that higher axes do not themselves possess meaningful structure, but are simply an
echo of lower axes that explain greater variance.
A fuller, more mathematical description of the implementation of PCA in R can be found
in Venables and Ripley (2002).

I now turn to a real example, using ocean-colour data, to demonstrate the utility of
PCA and the operational procedure for its use in my thesis.

The codes required to perform this example analysis are available through:
https://github.com/aorkney/thesis

We will begin by downloading ocean-colour data for the 6 of July, 2016, in the Barents Sea,
during which there is a good example of a coccolithophore bloom (Hansen et al. 2016). The
data is distributed across six spectral channels (A = 412, 443, 490, 510, 560 and 665 nm).

The requisite data can be downloaded by running the following script:
Download_ocean_colour_data.R

The code required to perform analysis is found in the following script:
PCA_example_and_coccolithophore_mask.R

A PCA decomposition upon this data shows that almost all of the variance (97%) occurs
along the first axis, (Figure 8.3). The existence of several suborthogonal trends to this axis
along PC2 evidence an ‘arch’ effect, when PCA fails to distinguish all modes of variance
onto their own unique, mutually exclusive axes. This might occur because not all trends in

the original dataset are linearly independent of one another.
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Figure 8.3: PCA decomposition performed on ocean-colour data.

This distribution in PC1-2 space provides us with an indication that the ocean-colour
dataset we are exploring may contain multiple sources of variance that are convolved with
one another to some degree. In particular, we should consider that we are viewing a
dataset that represents an example of blooming coccolithophores; perhaps variation in
coccolithophore concentration is also convolved with ocean-colour signals attributable to
variable pigment biomass or sediment load in the water-column.

Let us explore this hypothesis by computing [chl-a] concentration (I use the OC6_
MERIS algorithm from O’Reilly and Werdell (2019)), and plotting it against PC1 (Fig-
ure 8.4).

We can easily see, from inspecting Figure 8.4, that [chl-a] correlates with PC1 for some
portion of the data, when PC1 exceeds 0. This implies that there is a source of variance

in our dataset that could bias the inference of [chi-a] — a worrisome conclusion that might
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Figure 8.4: Inferred [chl-a] (capped at 20mgm™?) plotted as a function of PC1. A red
dashed line is placed at PC1 = 0.

preoccupy the mind of a biological oceanographer who wishes that such derived variables
should be faithful. Let us explore further by plotting a pseudo true-colour image of our
data against the PC1 score, so that we might gain a greater insight into what exactly PC1
is reflecting (Figure 8.5).

Indeed, it becomes clear that PC1 is very likely proxying the concentration of coccoliths
in the surface ocean. These liths imbue the ocean with a milky colouration by scattering
incident light. This scattering flattens the blue-to-green ratio of reflected light from the
ocean surface. The algorithm we are using to infer [chl-a] also makes use of the blue-to-
green ratio, hence this probably explains the relationship in Figure 8.4. We can reason,
then, that we do not wish to include pixels influenced by coccolithophores in any remote-

sensing assessment of [chi-a], because substances other than [chi-a] are significantly biasing

287



s00- 48 s00- 8

PC1_score

.nua

0.06

775~

~
)
n

0.04

. 0.02

-000

Latitude
Latitude

~

o

=3
~
o
=3

725~ 725~

70.0- 70.0-

Longitude Longitude

Figure 8.5: Left: a pseudo true-colour image of the ocean-colour data. A coccolithophore
bloom is visible in the bottom-right, near Novaya Zemlya. Right: A filled contour plot
of PC1 score, showing a close correspondence to the geographic region occupied by coccol-
ithophores.

the inference of this derived variable. Let us then, observing that it is pixels in which PC1
exceeds 0 that PC1 and inferred [chi-a] correlate, mask all pixels in which PC1 exceeds 0
(Figure 8.6).

It is evident, inspecting Figure 8.6, that an effective mask for identifying ocean-colour
retrievals affected by coccolithophores has been discovered. We can therefore reflect on
the utility of PCA in allowing us to rapidly process this ocean-colour dataset and come to
some salient meaningful conclusions. Not only did we avoid the requirement to study the 6
spectral channels individually — greatly accelerating our analysis — but we also identified po-
tential sources of bias that could affect [chl-a]. This provides us with a clear understanding

for the reasons PCA is described as an ‘exploratory’ analysis.

288



[ehl-a] (mg m™) B . i

10 15 20

82.5- . 82.5-

Tr5- Tr5-

Latitude
Latitude

75.0-

~
o
o

725- 725-

70.0- 70.0-

Longitude Longitude

Figure 8.6: Left: Pseudo true-colour image of the Barents Sea. Green phytoplankton
blooms are visible in the North and coccolithophores in the South. Right: A field of
inferred [chl-a], and a black contour encircling pixels that should not be considered, for
they are influenced by coccolithophores.

8.3 2 Two Block Partial Least Squares

Having discussed PCA, let us now move on to discuss related exploratory statistical ap-
proaches. We shall begin by considering Two Block Partial Least Squares (2BPLS).

Let us consider the situation in which we have two different blocks of data; X7 and Xo,
which we expect are related by some unknown structure that can be approximated as a
series of independent linear functions, similar to those we have already encountered while
performing PCA.

Now that we understand Singular Value Decomposition, we can progress expeditiously to
using it to solve this problem.

We will first compute the covariance matrix between X; and X5, representing the pairwise
covariance between all constituent variables.

Let us call this matrix R, we can reason that R can be divided into quarters as in Table
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8.2:

Table 8.2
Ri1 | Rio
Ro1 | Roo

We can see that Ri; represents covariance internal to X, and that Roy represents
covariance within Xo. Rq9 and Rs; are transposes of one another, and represent cross-
covariance between X; and Xs. This is what we care about, but we need only consider one
of them.

Let us select R12. We can, as we did when investigating PCA, explore its variance structure

by performing Singular Value Decomposition.

Ry =USWT, (8.4)

where U will now represent an orthogonal series of vectors decomposing variance in X1,
W7 will represent the decomposition of X,, and ¥ is, again, a rectangular matrix in which
the diagonal elements describe the relative contributions to explained variance in Rjs.
We can see, from this description, that the decomposition will retrieve a series of pairs of
vectors — and that the distribution of the N samples over each of these combinations will
represent the way covariance is distributed between X7 and X5. Each pair of such vectors
is known as a ‘salience’, and each salience is mutually orthogonal to the others.
Let us elucidate these concepts further by performing a 2BPLS decomposition on an exam-

ple dataset.

The codes required to perform this example analysis are available through:

https://github.com/aorkney/thesis
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First, it is necessary to download the datastet

SST_and_storms.csv

This is a dataset I produced by downloading SST data from the

ARCTIC_REANALYSIS_PHYS_002_003

dataset, and wind-speed from the

WIND_GLO_WIND_L3_REP_OBSERVATIONS_012_005

dataset. Both of these datasets are available on

https://marine.copernicus.eu/

I averaged data for September, over a series of different years, within 1 degree latitude-
longitude boxes, so that the dataset is small and manageable. The csv file contains columns
for latitude, longitude, year, SST, and storminess. Storminess is computed as the average
number of days, within a grid cell, that wind speeds exceed 10 metres per second.

The following analysis can be performed by running the code
2BPLS_script.R

In the Barents Sea, we expect a South-west to North-east decline in Sea Surface Temper-
ature. We do not necessarily expect stormy days to have a strong relationship to geography
in a given year. Perhaps there will be more in the warmest waters, closest to the Atlantic
inflow region, where storms might enter the Barents Sea. A plot of SST and storminess in

September 2002 conforms to our expectations (Figure 8.7).
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Figure 8.7: Left: SST in the Barents Sea September 2002. Right: Storminess in the
Barents Sea September 2002.

Let us explore the covariance structure between the environmental conditions and ge-
ography; we will begin by separating our data in X;, a matrix of latitude and longitude
values, and X»; a matrix of corresponding SST and storminess. We then perform the 2BPLS
decomposition, and we can view the resulting structure of the leading mode of covariance
(salience) by plotting the first columns of U and W7 against one another (Figure 8.8).

It is evident, in Figure 8.8, that the first salience explains variance in temperature.
Reviewing salience 2 shows that it explains variance in storminess (Figure 8.9).

Furthermore, computation of the explained variance of these saliences;

E;=02/%_ 02, (8.5)

shows that the first salience explains almost all of the covariance (99%). If we view the left
and right PLS vectors (Table 8.3), we can see that the left component of first salience (PLS1)

is composed of increasing latitude and longitude, while the corresponding right component
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Figure 8.8: Left: Salience pair 1, showing a strong linear distribution of temperature
across the axes. Right: The distribution of storminess is less well organised across these

axes.

of the first salience (Table 8.4) is dominated by declining SST.

Table 8.3
variable ‘ PLS1 ‘ PLS2
latitude | 0.3524933 | 0.9358143
longitude | 0.9358143 | -0.3524933
Table 8.4
variable | PLS1 | PLS2
storminess | -0.1327878 | -0.9911445
SST -0.9911445 | 0.1327878

The second salience is shaped by declining storminess with increasing latitude.

Hence, we have used 2BPLS as an exploratory analysis, confirming our expectations that
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Figure 8.9: Left: Salience pair 2, showing a disorganised distribution of temperature
across the axes. Right: The distribution of storminess is more well organised across these
axes.

there should be a dominating South-west to North-east gradient in SST, and that there
should be a semi-independent pattern of storminess super-imposed upon this, with greater
frequencies of storms in more Southern waters.

We can, furthermore, envision computing goodness-of-fit metrics or effect-sizes on the re-
sultant saliences, to quantify their significance.

This example should emphasise the utility of 2BPLS as an exploratory method to probe
relatedness between pairs of input data blocks. A more involved description, complete with

biological morphological examples, can be found in Rohlf and Corti (2000).

8.4 3 Redundancy Analysis

Thus far our exploratory analyses have not posited any causal relationships between vari-

ables — exploring only the structure of variance across them.
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However, if we consider our dataset of SST, storms and geography, we can easily see that
there are dependent (affected causally) and independent (not causally affected) variables.
For instance, we understand that a gradient in radiative forcing with latitude will partially
cause the gradient in SST from the Southern to Northern Barents Sea. Conversely, we are
well aware that the temperature of a grid cell of seawater in the Barents Sea cannot cause
that grid cell to change its latitude; those are processes underlain by tectonic drift and are
agnostic to variation in the weather.

Let us then use this a priori knowledge of the network of causal relationships in our dataset
to our advantage, to explore it more rigorously.

In the trivial case, we can imagine that we might surmise that some portion of change in

SST is caused by variation in latitude, and we can solve the equation

Y =mX +C, (8.6)

where Y reflects the dependent variable SST, X reflects our independent variable, latitude,
and m and C' are constants to fit the relationship. We are assuming, in this construction,
that the relationship can be approximated as linear.

We could even generalise our modelled relationship to include variation in an arbitrary

number of independent variables:

Y =mi X1 +meXo +..mX; + C, (8.7)

and it would be relatively straight-forward to find solutions.
Consider, however, the more complex scenario where there may be multiple dependent
variables, which may have some structure of covariance.

Yl, YQ...Y;;OXm, XQ...XZ', (88)
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In this case, we need a more sophisticated analysis than simple multiple regressions;
we need some means of performing multiple regressions with both multiple dependent and
independent variables. Redundancy Analysis (RDA) offers us that capability.

Let us begin by simply undertaking what we know is trivial; let us perform multiple linear
regressions of each variable represented by a multivariate matrix Y against some other
multivariate matrix X:

Y = z[2/z]712'Y. (8.9)

We can, thereafter, conclude that we have produced some matrix of fitted values of Y
(Y), that vary linearly with combinations of X, and that there is some residual of unex-
plained variance.

However, we do not yet have a helpful synopsis of the relationship between our dependent
and independent variables.

We should stop and remind ourselves that we have already learned how to decompose ma-
trixes of data to understand and simplify the variance structure inside them; Singular Value
Decomposition. By performing PCA upon Y we can gain an insight into the variance struc-
ture in a Y that is explained by X. We can also, by reviewing the residuals of (Y') (which
can similarly be decomposed), understand the portion of variance that we have not been
able to constrain with the explanatory variables in X. The results of RDA lend themselves
to simple visualisation; variables in X can be projected as vectors across the distribution
of the first pair of Principal Components of Y, producing a ‘biplot’.

Let us clarify this mathematical description with an example, applying RDA to better

understand the dataset we previously reviewed with 2BPLS.

The codes required to perform this example analysis are available through:

https://github.com/aorkney/thesis
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First, it is necessary to download the datastet

SST_and_storms.csv

This is a dataset I produced by downloading SST data from the

ARCTIC_REANALYSIS_PHYS_002_003

dataset, and wind-speed from the

WIND_GLO_WIND_L3_REP_OBSERVATIONS_012_005

dataset. Both of these datasets are available on

https://marine.copernicus.eu/

I averaged data for September, over a series of different years, within 1 degree latitude-
longitude boxes, so that the dataset is small and manageable. The csv file contains columns
for latitude, longitude, year, SST, and storminess. Storminess is computed as the average
number of days, within a grid cell, that wind speeds exceed 10 metres per second.

The following analysis can be performed by running the code

RDA_script.R

The results of RDA, applied to the weather data in the Barents Sea September 2002,
are presented in Figure 8.10. I have scaled the axes in these plots to unity, and stated
that the explanatory variable projections should have line thickness indicating the degree

of variance they explain.
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Figure 8.10: Left: A projection of latitude and longitude across the first two RDA axes,
with the point distribution coloured by SST. Right: A projection of latitude and longitude
across the first two RDA axes, with the point distribution coloured by storminess.

It is evident, from Figure 8.10, that RDA has retrieved the expected salient structure in
the dataset; that variation in SST is strongly explained by latitude, with a minor longitu-
dinal component. Similarly, storminess is also observed to decline with increasing latitude.
Latitude and Longitude have similar contributions to explained variance in this dataset.
The first axis explains 99% of the constrained variance in Y. Overall 64% of variance in
Y is explained. Analysis of the principal components of unconstrained variance shows that
variation in storminess dominates, which is in keeping with our earlier observations that
the distribution of storms in a given year is not a strict deterministic function of geography,
but reflects stochastic variation in the weather (Table 8.5).

Let us now consider a more niche application of this statistical method. Let us say
we wish to know whether the structure of explained variance of weather by geography in
September 2003 is more similar to September 2002 than it is to September 2018. We might

expect this is true, because a background of secular change has altered the hydrographic
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Table 8.5

variable ‘ PC1 ‘ PC2
-5.3449 | -0.4257
-0.8896 | 2.5578

storminess
SST

conditions in the Barents Sea over this interval, with more Atlantic water flowing into the
shelf (potentially relaxing latitudinal variation in SST for example).

We can achieve this by computing RDA for each of these years. Then we can summarise the
relationships between the point distributions and the explanatory variables as a matrix of
angles between the centre of mass and the projected explanatory vectors. This information
can be presented in a variety of ways; a hierarchically-clustered dendrogram is one such
means. An example dendrogram, describing the similarity of 10 randomly chosen grid-cells
in September 2002, is presented in Figure 8.11.

A dendrogram (tree diagram) is a useful means to represent the data, because the
similarity of different dendrograms can be computed by comparing their average cophenetic
distances — the average number of branch differences between the same sample on two
different dendrograms (see Galili (2015) for a move involved description of this process).
For example, the dendogram in Figure 8.11 can be compared to the same sampling of grid-
cells from September 2003 (Figure 8.12), and it can be shown that — for this particular
selection of a very small number of grid-cells — there is a low degree of agreement about the
intersection between the sample ordination and the explanatory vectors.

An example application of this method is presented in Figure 8.13. This analysis was

produced by running the script:
RDA_script2

Note that I have used permutation analysis in order to compute a density distribution for

the cophenetic distance based correlation indices in Figure 8.13 a. I achieved this by re-
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Figure 8.11: An example of a dendrogram, produced by hierarchical clustering on a
distance matrix relating the angles between individual sampled grid-cells and explanatory
environmental vectors (latitude and longitude).

sampling the number of individual grid-cells I considered to 300 (a much larger sample than
the 10 previously considered). This means, of the several hundred grid-cells in the original
image, I randomly select which to consider some 300 times and I allow grid-cells to be cho-
sen more than once. I re-ran this analysis with fresh re-samplings 100 times, allowing me
to generate a range of probable correlation indices. This re-sampling procedure is known as
‘boot-strapping’, and is a useful means to generate statistics that describe the accuracy of
an estimate about a population of data without any necessary assumptions about the true

nature of the density distribution.

A different form of permutation analysis has also been used to assess the significance
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Figure 8.12: A tanglegram relating dendograms for September 2002 (left) and September
2003 (right). Relatively few hierarchical relationships are conserved between these two
example dendrograms (green) and the cophenetic-distance based correlation index is low
(0.20).

of the capacity of the explanatory vectors to constrain variance (presented in Figure 8.13
b). In this case, permutation is employed to produce randomised data structures, for which
it can be assumed that there are no significant relationships between the dependent and
explanatory variables. The reader is referred to Legendre et al. (2011) for a full description
of these methods. Simply, three statistical tests are presented here; ‘marginal’,‘term-wise’

and ‘pure’ effects and all of these compute the capacity of individual explanatory variables
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Figure 8.13: a: A violin plot of correlation indices relating different years in the dataset.
b: Variance explained by either latitude or longitude, as calculated by using permutation-
based marginal (M), term-wise (T) and pure-effects (P) tests. Only indices with p —values
below 0.05 are shown.

to constrain variance, compared with randomly permuted data structures.

Term-wise calculation of explained variance explores the contributions of each of i ex-
planatory variables sequentially. The explained variance for the i*" explanatory variable can
then be divided by the residuum of unexplained variance, to arrive at an estimate known as
the ‘pseudo-F-statistic’. A range of corresponding F-statistics can also be computed for the
permuted data structure, in which the rows of the dependent data matrix Y are scrambled.
Thereafter the researcher can simply ask what the proportion of permuted analyses were
that equal or exceed the pseudo-F-statistic for the non-permuted data structure, to arrive
at a facsimile of the p-value — the probability that a test statistic is equalled or exceeded by
chance. The process for the calculation of marginal effects is analogous, with the exception

that all ¢ explanatory variables are included, so that the only portion of additional variance
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explained by the " variable can be considered its ‘marginal’ effect. Pure effects, by con-
trast, are computed by first performing analysis with all variables other than ¢, and then
exploring the capacity of i to explain structure in the matrix of residual variation. This
therefore explores the capacity for the i*" variable to explain variance in Y that could not
be explained by any combination of the remaining variables.

In our simple example in Figure 8.13 b, we know that latitude and longitude are strictly
orthogonal to each other, and that geographic patterns in SST and storminess, which they
appear to describe well, can essentially be considered independent of one another (Figure
8.10). Hence we are not surprised that the term-wise, marginal and pure effect indices all
result in significant test results for both latitude and longitude, and we are not surprised
that the explained variance is similar across all analyses within each year.

Our examples have focussed on structures of Y for which data are continuously distributed
and described well by linear relationships to the explanatory variables in X. Redundancy
Analysis should not be used if there is no good reason to expect such ‘clinal’ patterns of
variation, or if variance in Y is dominated by outliers that could bias the fitting of linear
relationships. Highly non-normal distributions of the data in Y in multivariate space, or
non-linear relationships to X, might both be ameliorated by subjecting the data in Y or
X to transforms. For example, a matrix of cell-abundances might possess large outliers,
but the aberration of these outliers will appear comparatively reduced if the dataset is

log-transformed.

8.5 4 Linear Discriminant Analysis

Let us consider a situation in which we do not wish to explore variance in a dataset to dis-
cover salient structure, but where we already know that salient structure exists and that it
can be approximated as classes. Common examples of this might be that we have some raft

of diagnostic medical procedures, and we know that they can be summarised as describing
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patients as either well or diseased. Numerous other scenarios might be considered in the
biological sciences, but the most notable that have been discussed in this thesis concern the
identification of distinct functional assemblages of phytoplankton from some matrix of data
that may describe their pigment compliments, enumerations of cellular abundances, or the
reflected light from the ocean surface measured by some remote-sensing platform.

We are, in these scenarios, not interested in simply exploring the variance structure of a
dataset X, but in considering the variance in X that explains the difference between classes
in Y. These two properties may differ significantly. Consider, for example, a dataset in
which we wish to distinguish red and white wines by a collection of their properties, includ-
ing sugar content, tannin concentration and age. The greatest portion of variance between
the wines may actually be in their ages, but this has zero relationship to their colour —
which would be better proxied by tannin inventory.

How then should we proceed to investigate X7

The explanation that follows is abridged from the ‘canonical correlations analysis’ chap-
ter of Legendre and Legendre (2012).

Let us reflect on the fact that we are interested in maximising the relative differences
between the properties of classes, compared to the range of properties within then. We
therefore wish to maximise among-group variance and minimise within-group variance.
For any set of groups of Y we can find the corresponding rows in X and compute matrices

of the dispersion of the class properties as follows:

W, = [Xy — mean(X,)]'[ X, — mean(X,)], (8.10)

where W, is the sum-of-squares dispersion of the variables in X for samples n that belong
to class g known from Y.
Thereafter we can simply state that the entire within-group variance for all ¢ must be

the sum for each individual within-group dispersion;

304



W = Eg:Wg. (8.11)

g=1

Computation of the total sum-of-squares dispersion of X is trivial;
T = [X — mean(X)]'[X — mean(X)], (8.12)

and it is intuitive that the difference of T and W provides the variance between groups

(among-group) that we wish to maximise;

B=T—W. (813)

We can then construct the eigenvalue decomposition:
(W™B — 1 D)u = 0, (8.14)

where I is the identity matrix (diagonals of 1, off-diagonals of 0), Ik is a matrix of
eigenvalues and wy is a rectangular matrix of eigenvectors that describes the g — 1 axes
discriminating the g groups of Y.

This decomposition can be thought of as retrieving a matrix of ‘F-statistics’, comparing
among to within-group variance, to describe the multivariate differences between classes g.

As W~1B is rectangular, the eigenvectors of u; may not be orthogonal, which should
make intuitive sense; the orthogonality constraint made sense in PCA when we were sim-
ply exploring different modes of variance, but we have no grounds to expect the axes that
discriminate different classes in X to be distributed in a mutually orthogonal fashion.

It is clear that the decomposition is retrieving a set of new principal axes that separate
groups g by linear combinations of their properties in X. From this point axes may be

re-scaled for plotting, and discriminant functions can be produced to distinguish different
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classes. This information may be used either to quantify the structure of difference between
classes, or classify new data — for example by computing the posterior probabilities that a

new row of X belongs to different classes of Y.

Let us work through a simple example.

The codes required to perform this example analysis are available through:
https://github.com/aorkney/thesis
First, it is necessary to download the datastet

SST_and_storms.csv

This is a dataset I produced by downloading SST data from the

ARCTIC_REANALYSIS_PHYS_002_003

dataset, and wind-speed from the

WIND_GLO_WIND_L3_REP_OBSERVATIONS_012_005

dataset. Both of these datasets are available on

https://marine.copernicus.eu/

I averaged data for September, over a series of different years, within 1 degree latitude-
longitude boxes, so that the dataset is small and manageable. The csv file contains columns
for latitude, longitude, year, SST, and storminess. Storminess is computed as the average
number of days, within a grid cell, that wind speeds exceed 10 metres per second.

The following analysis can be performed by running the code
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LDA_script.R

We previously saw that there was a gradient of SST variation with latitude. Let us,
then, say we are interested in knowing whether a randomly chosen grid-cell from our dataset
belongs to either the Northern (> 76°N) or Southern Barents Sea. We should expect that

SST should allow us to discriminate these two regions (Figure 8.14).

SST (°C)
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Figure 8.14: Map of SST in the Barents Sea in September 2002, with a dashed horizontal
line at 76°N.

Let us construct a data matrix X, composed of SST, storminess and longitude. We
know SST should be predictive of latitude, and that longitude should not be. We may
suspect that storminess is not particularly well organised over latitude and therefore that

it may or may not be a useful classifier of latitude.
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We can use a permutation-based procedure to ascertain the capacity of variation in X
to predict the desired classes. Let us perform LDA on a subset of 100 randomly chosen
samples (with replacement) of X, and then use the resultant Linear Discriminant to predict
the classes of the remaining grid-cells. We can perform this process repeatedly, to generate
a density distribution of the predictions. We can then review how many of the predictions
were correct and incorrect for each class. The means of these density distributions can be
presented simply in a Table known as a ‘confusion matrix’ (Figure 8.15). In such a Table,
the ‘actual’ classes can be plotted along 1 axis (here I select the y-axis), and the predicted
classes across the second. The pairwise combinations then represent the proportion of

correct or incorrect guesses for each class.

Predicted
North South

Actual

& 0.05 0.95

Figure 8.15: A confusion matrix, representing our capacity to predict whether grid cells
originate from >76°N.

It can be seen, from Figure 8.15, that there is a very good capacity to predict the
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latitude of the grid-cells. It is also evident that we had more success predicting membership
to the Southern Class. Perhaps this is because SST is more variable in the Northern than
the Southern class; a review of Figure 8.14 shows us that the region west of Spitsbergen
possesses SST values above 5°C, which is more typical of Southern waters.

We can visualise any individual attempt to predict the class membership of the grid-cell

subsets, by plotting the posterior probabilities of the prediction (Figure 8.16)
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Figure 8.16: Posterior probabilities estimating class membership of a subsample of the
original dataset.

This shows us that the region west of Spitsbergen is indeed driving a higher failure to
recognise the Northern class.

Let us now inspect the coefficients of the variables in X that have been found to be
useful in distinguishing Northern and Southern classes. The density distributions of these

properties from the permutation-based procedure are presented in Figure 8.17:

The high magnitude of SST is not a surprise. Nor is the near-zero magnitude of stormi-
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Figure 8.17: Density distributions of the coefficients of the P variables in X that make
up the Linear Discriminant for separating Northern and Southern classes. A dashed line
marks a coefficient of zero magnitude.

ness; the distribution of storms was not very well organised over latitude and it therefore
does not confer great predictive power for membership to Northern or Southern classes.
However, the non-zero magnitude for longitude is intriguing, given that we know this prop-
erty is agnostic to latitude.

Inspection of Figure 8.14 provides us with some understanding; SST varies as a function
of longitude as well as latitude. Therefore, while longitude has no relationship to latitude
by itself, the combination of longitude and SST possess a stronger relationship to latitude
than SST alone. Linear regressions can be applied to confirm this, but an alternative way
of illustrating this is to re-run the permutation-based LDA with longitude excluded from

X (Figure 8.18).
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Predicted
North South
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Figure 8.18: A confusion matrix, representing our capacity to predict whether grid cells
originate from >76°N. when longitude is excluded as a predictive factor.

The diagonal values of the confusion matrix in Figure 8.18 are lower than those in Figure
8.15, demonstrating that longitude was a useful part of the discriminant function.

This discussion of LDA has shown us that multivariate approaches to discriminate
classes possess the capacity to retrieve relationships that may, at first, not be apparent
to the researcher. The expression of discriminant functions as linear combinations of ex-
planatory variables furthermore makes LDA an appealing mathematical method because
the researcher can investigate the causes of structure in the dataset. This can motivate fur-
ther hypothesis generation. Researchers employing LDA must consider, however, that this

is a method that assumes a continuously-distributed dataset of X, and that some re-scaling
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choices to find discriminant functions may assume that the distribution of clusters can be

approximated as multi-variate Gaussians with equal dispersions.

8.6 5 Fuzzy Clusters

In the previous section, we saw that it was possible to identify salient data structure dis-
tinguishing classes (or ‘clusters’) of data in a multivariate context, and that we were able
to adapt these methods to predict the identify of new data.
LDA required us, however, to have a priori knowledge of the clusters we wished to study.
There are many scenarios we may encounter for which we do not possess knowledge a priori
of the structure of clusters in a dataset. For example, we may have some dataset a,,())
of measurements of the absorption spectra of N phytoplankton samples. We may even
have corresponding observations for some of these samples, which lead us to suspect that
the dataset can be partitioned between several different prevailing communities of phyto-
plankton. Perhaps we know there is a diatom-rich community and a dinoflagellate-rich
community, for example, but we do not know the cluster identity of most of the samples
and we are not confident that we have a large enough number of known samples to assign
them by a means such as LDA.

We therefore need a means of discovering clustered structure in the dataset.
For our example, of phytoplankton ay, (), we might also reason that a,, () is an additive
function of a multivariate set of constituent phytoplankton in the sample. Therefore, it is
possible that some samples might be best described as a linear mixture of different clusters.

Fuzzy logic clustering can achieve both the goals we desire to meet here, by discovering
clusters in a dataset and assigning individual samples a vector of partial weights to those
clusters. Let us state that all samples n have membership to some number of clusters, c,
that varies between 0 and 1. We must also necessarily state that, since we wish to express

memberships as linear mixtures, that the sum of all memberships for any n must equal 1.
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Let us follow an abridged version of the description of fuzzy c-means clustering found

in Moore et al. (2001):

c N

Im = Z Z(ung)m‘Xn - Ug’2: (8.15)

g=1n=1

where wu,, is the membership of the n ™ observation to the g th cluster, | X, — vy is the
Euclidean distance between the vectors x,, and vy, m is some weighting exponent greater
than 1 (a measure of ‘fuzziness’ of the memberships), and ¢ is our total number of clusters,
and IV the total number of observations. v, represents guesses for cluster means.

Jm represents a function to be minimised. It is apparent from inspection of this equa-
tion, that the function computes the distances of the samples n (described by X) from a
guessed cluster centre. The memberships of those samples to the cluster can be varied, and
this process is performed for the full number of clusters.

Therefore, minimising this function is achieved by exploring variety in u,; and v, and the
minimum will describe a scenario in which samples’ networks of memberships to clusters
is optimised so that the weight of memberships is tightly aggregated around each cluster
centre. We can imagine the guessed centres migrating through a space, while sample mem-
berships vary, until this solution is found, where the partitioning of memberships among all
clusters has the lowest ‘cost’ (because it is intuitive that a sample which is very distance
from a cluster centre, but which has been attributed a high membership to it, is not being

well-described).

Let us work through a simple example.

The codes required to perform this example analysis are available through:

https://github.com/aorkney/thesis
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Phytoplankton absorption spectra can be obtained from the British Oceanographic Data
Centre BODC:

[doi:10.5285/97daa7ea-8792-6cff-e053-6c86abc0dd46] (JR16006)
[doi:10.5285/982b6da2-7e11-060a-e053-6c86abc09389] (HH180423)
[doi:10.5285/982b6da2-7e12-060a-e053-6c86abc09389] (JR17006)

You will need to also download the csv file
microscope_alone.csv

from the github repository. This dataset contains sufficient metadata to be stitched with
the data from the BODC. I have decided not to upload the fully compiled stitched dataset
to the github repository, because these are datasets which I was obliged to upload to the

BODC and researcher traffic should be directed towards their repository.

The following analysis can be performed by running the code
Fuzzy_clusters_script3.R

Let us begin by taking a,,(A\) between 400 and 700 nm and normalising to its integral.
PCA can then be performed to display the variance structure, and fuzzy clustering can be
performed on the data. The results of both are presented in Figure 8.19. I reasoned that
there are 3 phytoplankton assemblages that were recognisable from ship-board microscopy,
(diatoms, Phaeocystis, dinoflagellates), and an additional group that corresponded to a
lack of any observed microphytoplankton (and therefore probably represented a nanophy-
toplankton community). I therefore solved for fuzzy clusters under the conditions ¢ = 4

and m = 2 (following Moore et al. (2001)).
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Figure 8.19: Top: PC1-2-3 space with clear clustering of ship-board microscopy ob-
servations. Bottom: Fuzzy clusters with red, green, blue and black values indicating
memberships. The pattern of clustering corresponds well with the microscopy observations.

Hence, fuzzy clustering has allowed the retrieval of a data structure in the Barents
Sea app () dataset that was only partially evident from ship-board microscopy. This was a
supervised clustering technique and it was necessary to pay close attention to the correspon-

dence between expected and retrieved structure. This required subjective decision-making
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on the part of the researcher.
The mean apy, () for each cluster, weighted by fuzzy memberships, is presented in Figure

8.20
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Figure 8.20: Mean spectra for the different clusters identified in Figure 8.19 (normalised
to absorption at 621 nm).

Now let us consider a cautionary example of the potential pitfalls of clustering methods.
Let us say that we did not normalise the a,,()\) values to their integrals. This means that
variation in the overall magnitude of absorption will dominate the variance in ap,(X). We
can see that, if we attempt to solve for clusters in this dataset, that we simply partition
variance along PC1 (which is almost certainly an axis representing overall magnitude) and
that this clustering has little relations to the phytoplankton assemblages we were aiming to

characterise (Figure 8.21).
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Figure 8.21: Top: PC1-2-3 space with clustering of ship-board microscopy observations
(consult Figure 8.19 for identities). Bottom: Fuzzy clusters with red, green, blue and black
values indicating memberships. The pattern of clustering does not correspond well with the
microscopy observations.

We have therefore gained an appreciation of the utility of clustering analysis, but also
some limitations to commonly-employed clustering approaches. Many clustering approaches

assume that individual clusters have Gaussian distributions across the major axes of vari-
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ation, for example. It is also routine for clustering approaches to assume that each cluster
is populated by a similar number of samples. Therefore, should sampling originate from
a population with extremely uneven diversity, or possess a non-Gaussian variance struc-
ture, researchers may struggle resolving clusters. Ultimately, clustering analysis is often
an art form that requires explicit supervision from the researcher and visualisation of data
structure. Researchers should not be mislead into the belief that the resolution of clusters
with an algorithm means that those clusters are ‘scientifically’ supported or meaningful for

downstream analyses.

8.7 6 Temporal Autocorrelation

Temporal autocorrelation describes the scenario in which a system at time ¢ is itself a
function of the state of the system at some earlier time ¢ — ¢;44, where ‘lag’ is some time-
scale over which autocorrelation is occurring. Time series describing natural systems often
exhibit autocorrelation, as a result of periodicity in natural cycles (e.g. seasonality), or
feedback loops. For example, in the Barents Sea, there is a multi-annual feedback loop
between the velocity and pathways of inflowing currents and the wind-field at the ocean-
surface (Smedsrud et al. 2013).

Temporal autocorrelation concerns us, because it is assumed in ‘least squares’ type
regressions, that errors (the difference between fitted and actual values in the dependent
variable) are uncorrelated. Strong positive feedback loops can result in the errors of a fitted
function themselves possessing strong autocorrelation. For example, imagine a series of
daily cycles of air temperature through the summer. While the overall temperature grows
hotter through the summer, the instantaneous temperature follows a daily cycle; peaking
in the day and cooling at night. Therefore, given a temperature at night on one day, we can
predict that the temperature the following noon will be higher. It is intuitive, then, that

our n measurements in such a dataset are not independent of one another.
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So, why does this pose a problem? Structure in the residuals can result in flawed
assessments of significance for longer-term trends.

In least squares linear regression, where we are seeking to solve an equation of the form

y=mz+c, (8.16)

one of our objectives might be to test whether the residual sum of squares of the fit (the
difference between the fit and the actual measurements) is significantly smaller than the
residual sum of squares of an invariant model (y = 0z + ¢). We can compare the residual

sum of squares error (RSS) for models 1 (invariant) and 2, by computing the F-statistic:

RSS1—RSS

F=—Ta—, (817)

n—p2

Where RSS1 is the residual sum of squares of the invariant model, RS.Ss is that of the full
model, p represents the number of model parameters (just 1 for the invariant model, and 2
for the full model), and n is a set of statistically independent samples.

if the full model achieves smaller residuals than the invariant model, then the difference
between RSS; and RSSy grows, and the size of the denominator decreases, which means
that F grows. Hence larger F indicates greater favour for the full model over the invariant
model.

For a scenario, where y exhibits autocorrelation over z, and the n samples are not
independent; the ‘effective’ n is smaller. This means that, if we have failed to notice
autocorrelation, we have overestimated n. A larger n decreases the size of the denominator,
which inflates F', making it appear as though the full model is minimising residual error
more effectively than it genuinely is. Hence, this will result in an over-estimate of the
significance of the relationship between y and =x.

Let us illustrate this with a synthetic example:
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The codes required to perform this example analysis are available through:
https://github.com/aorkney/thesis
The first code to run is:
Autocorrelation.R

In this example, I have produced two time series of imaginary temperature over time; one
that is correlated with itself (y) at the previous time-step (lag time of 1) and one without
autocorrelation (z).

t

where € is random variation, and

y = (T + Tiag=1) — mean(z), (8.19)

Random error superimposed on the data make it difficult to spot the autocorrelation
from visual inspection. However, visual assessment of the residuals from fitted models makes
autocorrelation clear: Figure 8.22.

The fits of generalised least squares regressions indicate the p-value for the slope of the
model fit to the autocorrelated data is far lower (0.000025) than the fit the standard data
(0.0019), which might be attributable to the greater slope of the model, but could also be
influenced by a reduced number of independent samples.

The details of fitting a generalised least squares regression with an autocorrelated struc-
ture are involved (extensive discussion is found in the stochastic model building chapter of
Box et al. (1994)). Suffice to say that a correlation structure representing autocorrelation
can be incorporated into a generalised least squares regression.

When autocorrelation exists over a lag time of 1 time-step, as is the case here, this can

be achieved using the ‘corARI1() function of the nlme R package. This was undertaken
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Figure 8.22: Left: = (green series, dashed fit) and y (black series, solid fit) It is not
immediately clear whether either series exhibits autocorrelation. Right: Fit residuals and
lagged fit residuals for = (green) and y (black). Residuals for = form a bivariate Gaussian,
whereas residuals for y are distributed as an ellipsoid, indicating autocorrelation.

for both x and y. These regressions, adjusted for temporal autocorrelation, did not differ
considerably in their intercepts or slopes, compared to regressions assuming no temporal
autocorrelation. However, their p-values are much larger. The autocorrelated data is now
associated with a value of 0.036, while the data free of autocorrelation is associated with a
value of 0.0052 (note I have applied an autocorrelation correction to z here even though we
know this is not an appropriate choice).

This indicates that the original assessment of significance, using generalised least squares
regressions that did not incorporate temporal autocorrelation, provided an inflated esti-
mated of the significance of the relationship of the autocorrelated data to time. We can
also see that wrongly applying a correction for autocorrelation results in an underestimate
of significance (higher p-value for z results).

We therefore need a means of deciding whether it is appropriate to incorporate auto-
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correlation into a regression. We could visually inspect residuals and lagged residuals of
standard regressions, as in Figure 8.22, and could even automate this by computing corre-
lations and deciding a threshold value. A perhaps better alternative would be to compute
standard and autocorrelated regressions, and then compare the regression fits to see which
is a superior description of the series.

The‘anova()’ function of R can be used to compare regression models, rewarding smaller
residuals and penalising greater numbers of model parameters (an intuitive decision vis-a-
vis Occam’s razor) . The application of this function to generalised least squares regressions
of x and y, with and without autocorrelation represented, demonstrates that a standard
regression is preferred for x (p = 0.24 for preference of autocorrelated model over standard),
while an autocorrelated model is favoured for y (p < 0.001). Therefore, we can see that it
is possible to contrive a code that takes time series input, without knowledge of temporal
autocorrelation, and tests whether an autocorrelated fit with a lag time of 1 time step is
preferred.

Such a code is presented in
Autocorrelation2.R

and applied to assess relationships between SST, storminess and open water area in the

Barents Sea in September 2002-2019. These series are presented in Figure 8.23:

Open water area was defined as the total number of observed lat-lon ocean-colour mea-
surements in a given September (see chapter 5). I will explore potential geographic rela-
tionships between these time series. Generalised least squares models will be fitted to each
lat-lon grid-cell, with and without lag-1 temporal autocorrelation represented, and the pre-
ferred model will be presented. The relationship between SST and storminess is presented
in Figure 8.24

The results of Figure 8.24 are consistent with what we know; in the Northern Barents
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Figure 8.23: Barents-wide variance-normalised evolution of September open water area
(OWA), Sea Surface Temperature (SST) and storms (winds above 10m™!).

Sea, Atlantic waters are overlain by a lid of Polar waters, therefore mixing by winds in-
creases SST. In the Southern Barents Sea, the warmest waters are at the top of the water

column, so mixing causes cooling of SST. The relationships uncovered indicate that models
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Figure 8.24: Circles indicate a standard fit is preferred and has p < 0.05. Triangles
indicate an autocorrelated fit is preferred and has p < 0.05. We can see that SST is
modified by wind in different ways in different regions of the Barents Sea.

incorporating autocorrelation tend not to be preferred.

The relationship between SST and open water area is presented in Figure 8.25:

Figure 8.25 appears to show that a significant number of grid-cells prefer autocorrelated
models; SST and open water area in the South-east Barents Sea in particular, appear to be
associated. A mechanical explanation for this relationship is not as obvious as that between
SST and storms, but this observation could guide further investigation.

Finally, the relationship between storms and open water area is presented in Figure 8.26:

Even though Figure 8.23 appears to show evidence of a lagged relationship between
storms and open water area between the years 2010 and 2013, there is a lack of support for

autocorrelated models. The observation of a strong relationship of storms to open water
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Figure 8.25: Circles indicate a standard fit is preferred and has p < 0.05. Triangles indi-
cate an autocorrelated fit is preferred and has p < 0.05. It looks like there is a relationship
between September SST and open water area.

area in the South-west could be consistent with greater delivery of Atlantic-derived air-
masses or winds from the South-west. Such warm air-masses or south-westerly winds could
reduce sea-ice extents by encouraging melt or by forcing the ice to migrate to the North-
east.

Let us investigate the relationship between wind and the open water area the previous
year; we have reason to believe this should be significant (Smedsrud et al. 2013). The results
are presented in Figure 8.27:

Figure 8.27 shows the expected pattern; the open water area appears to predict the
storminess in the subsequent autumn over much of the Barents Sea, consistent with a

positive ‘wind-loop’ feedback. We must therefore reflect cautiously that significant lagged
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Figure 8.26: Circles indicate a standard fit is preferred and has p < 0.05. Triangles
indicate an autocorrelated fit is preferred and has p < 0.05. Years with greater open water
area tend to be associated with strong winds in the South-western Barents Sea.

relationships can exist in datasets, but that these may not result in autocorrelated models
being preferred (Figure 8.26). Incorporating an autocorrelation structure of the investigated

variables to time is not a test for lagged relationships between variables.
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Figure 8.27: Circles indicate a standard fit is preferred and has p < 0.05. Triangles

indicate an autocorrelated fit is preferred and has p < 0.05. Years with greater open water
area tend to precede years with more frequent autumn storms.
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