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ABSTRACT

Phytoplankton play a central role in the planetary cycling of important elements and compounds. Understand-
ing how phytoplankton are responding to climate change is consequently a major question in Earth Sciences.
Monitoring phytoplankton is key to answering this question. Satellite remote sensing of ocean colour is our only
means of monitoring phytoplankton in the entire surface ocean at high temporal and large spatial scales, and
the continuous ocean-colour data record is now approaching a length suitable for addressing questions around
climate change, at least in some regions. Yet, developing ocean-colour algorithms for climate change studies
requires addressing issues of ambiguity in the ocean-colour signal. For example, for the same chlorophyll-a
concentration (Chl-a) of phytoplankton, the colour of the ocean can be different depending on the type of
phytoplankton present. One route to tackle the issue of ambiguity is by enriching the ocean-colour data with
information on sea surface temperature (SST), a good proxy of changes in three phytoplankton size classes
(PSCs) independent of changes in total Chl-a, a measure of phytoplankton biomass. Using a global surface in-
situ dataset of HPLC (high performance liquid chromatography) pigments, size-fractionated filtration data, and
concurrent satellite SST spanning from 1991 to 2021, we re-tuned, validated and advanced an SST-dependent
three-component model that quantifies the relationship between total Chl-a and Chl-a associated with the
three PSCs (pico-, nano- and microplankton). Similar to previous studies, striking dependencies between model
parameters and SST were captured, which were found to improve model performance significantly. These
relationships were applied to 40 years of monthly composites of satellite SST, and significant trends in model
parameters were observed globally, in response to climate warming. Changes in these parameters highlight
issues in estimating long-term trends in phytoplankton biomass (Chl-a) from ocean colour using standard
empirical algorithms, which implicitly assume a fixed relationship between total Chl-a and Chl-a of the three
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size classes. The proposed ecological model will be at the centre of a new ocean-colour modelling framework,
designed for investigating the response of phytoplankton to climate change, described in subsequent parts of

this series of papers.

1. Introduction

Climate change is arguably the biggest environmental and eco-
logical concern mankind has faced in the last century and is among
the greatest threats to life on our planet (Dow and Downing, 2016).
The ocean covers approximately 71% of the Earth’s surface, com-
prises around 99% of the biosphere, and modulates the pace and
extent of climate change. Sea surface temperature (SST) is expected
to rise between 1.5 to 4.0 °C by the end of this century relative to
pre-industrial times (Rhein et al., 2013). Ongoing climate change is
expected to cause ocean warming, acidification, oxygen loss, reduced
near-surface nutrients, and lower ocean primary production (Bindoff
et al., 2019). Climate change is consequently modifying the physical
and chemical structure of the ocean with profound consequences for
pelagic ecosystems (Hoegh-Guldberg and Bruno, 2010). As a critical
component of the Earth’s system, phytoplankton operate at the base
of the marine food web and are responsible for ~ 50% of global
primary production (Longhurst et al., 1995; Field et al., 1998). They
provide key services in climate regulation through their critical role
in the global carbon cycle (Cermefio et al., 2008) and the cycling
of other key elements and compounds (e.g. nitrogen and phosphorus,
Falkowski et al., 1998). Given the central position of phytoplankton in
the pelagic ecosystem, understanding how phytoplankton are respond-
ing to climate change is among the most pressing questions in biological
oceanography (Hays et al., 2005).

Answering this question requires monitoring techniques capable of
making quantitative observations of oceanic phytoplankton synopti-
cally, at high spatial and temporal resolution (Lombard et al., 2019),
and that meet the need for sufficient measurement stability over the
long term (Henson et al., 2010). Prior studies have investigated the
response of phytoplankton to climate change using historical in-situ
data records that are limited in spatial and temporal coverage (Boyce
et al.,, 2010; Wernand et al.,, 2013), or through laboratory and/or
mesocosm experiments (Schaum et al., 2017), which are not always
representative of natural conditions or global in scope. At present,
satellite remote sensing of ocean colour is the only tool available that
provides information on surface ocean phytoplankton at high spatial
and temporal resolution, and is therefore recognised as the main source
of data for assessing changes in phytoplankton globally (McClain, 2009;
Siegel and Franz, 2010; Sathyendranath et al., 2019). Furthermore,
we are now approaching a point in time when we have a continuous
ocean-colour record that is sufficient in length to investigate the impact
of climate change on phytoplankton, at least in some areas of the
ocean (Hammond et al., 2020).

The influence of climate change on surface oceanic phytoplank-
ton can manifest in different ways, for example, through changes in
phytoplankton phenology (Kahru et al., 2010; Gittings et al., 2018),
biomass (Martinez et al., 2009; Boyce et al.,, 2010), primary pro-
duction (Behrenfeld et al., 2006; Gregg and Rousseaux, 2019; Kulk
et al., 2020), and community composition (Sharma et al., 2019; Sun
et al., 2019). Satellite ocean-colour algorithms need to be tailored to
detect these responses to climate change (Sathyendranath et al., 2017).
One of the major challenges to using ocean-colour data for detecting
information on phytoplankton is the problem of ambiguity (Defoin-
Platel and Chami, 2007). For example, for the same total chlorophyll-a
concentration (Chl-a), i.e., a measure of phytoplankton biomass, the
colour of the ocean can be different depending on the amount of other
optically active constituents present in water (e.g., non-algal particles
(NAP), coloured dissolved organic matter (CDOM)). Similarly, for the

same Chl-a, the colour of the ocean can be different depending on the
type (e.g., size) of phytoplankton present in the water, due to different
pigment compositions and inherent optical properties (Sathyendranath
et al., 2001; Alvain et al., 2005; Dierssen, 2010; Brewin et al., 2019a).
Standard phytoplankton Chl-a algorithms, which are widely used by
space agencies (e.g., OC4, O'Reilly et al.,, 1998), assume that these
optical constituents (i.e., phytoplankton, NAP, CDOM) and phytoplank-
ton type co-vary in a predictable manner with Chl-a (Brewin et al.,
2014b). However, in the context of climate change, optically-active
water constituents may be changing in different ways, for example,
total and group-specific phytoplankton absorption have been found
to vary with changes in SST (Brewin et al., 2019a), making standard
algorithms unsuitable for detecting long-term trends in phytoplankton
biomass. Consequently, there is an urgent requirement to develop
ocean-colour algorithms which are robust to the effects of climate
change (Sathyendranath et al., 2017).

The extent of the ambiguity problem depends somewhat on the
spectral properties (e.g., spectral resolution and bandwidths) of the
ocean-colour data. Hyperspectral ocean colour (generally with > 20
wavebands and < 15 nm bandwidths in the visible region of the
electromagnetic spectrum) is thought to contain more independent
information than multispectral data (usually with 3-10 wider wave-
bands in the visible and infrared electromagnetic spectrum), which
makes the problem less ambiguous (Lubac et al., 2008; Torrecilla
et al., 2011). There are new and exciting hyperspectral sensors in orbit
now (e.g., DESIS [DLR Earth Sensing Imaging Spectrometer], Gaofen-5,
PRISMA [PRecursore IperSpettrale della Missione Applicativa], EnMAP
[Environmental Monitoring and Analysis Program]) or expected to
be in orbit in the near future (e.g., PACE [Plankton, Aerosol, Cloud,
ocean Ecosystem], CHIME [Copernicus Hyperspectral Imaging Mission
for the Environment]) (Dierssen et al., 2021, and references therein).
Hyperspectral satellite sensors have proven effective for detecting sev-
eral major phytoplankton groups (Bracher et al., 2009; Losa et al.,
2017), and time series data from 2002 to 2012 have been produced
using SCIAMACHY data (SCanning Imaging Absorption spectroMeter
for Atmospheric CartograpHY, Bracher et al., 2017). However, long-
term records of hyperspectral ocean-colour data, of sufficient length
for climate-change studies, do not currently exist. Another potential
solution to the ambiguity problem is through the use of the fluorescence
signal of pigments. The fluorescence signal, which can be detected
by some ocean-colour sensors, is known to be phytoplankton-type-
dependent (Suggett et al., 2009), and impacted by primary production
and the structure of photosystems in the cells (Sathyendranath et al.,
2004). However, the signal is highly complex to interpret and is small
in most parts of the ocean (oligotrophic waters). A common approach
to tackle the problem of ambiguity is through enrichment strategies,
involving the use of ancillary information that is independent of ocean
colour (Defoin-Platel and Chami, 2007).

Previous studies have shown that the relationship between phyto-
plankton biomass (Chl-a) and size structure is sensitive to environmen-
tal conditions (e.g., temperature and light, Brewin et al., 2015, 2017;
Ward, 2015; Moore and Brown, 2020). For example, temperature has
a direct influence on phytoplankton size structure by impacting the
physiological properties of phytoplankton (e.g., uptake rates of nutri-
ents, Lopez-Urrutia and Moran, 2015), or an indirect control through
the covariation of temperature and resource supply (e.g., nutrients,
light, Maranén et al., 2015; Brewin et al., 2017). Among these envi-
ronmental variables, SST can be retrieved from thermal and microwave
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remote sensing with high accuracy, with records spanning from 1981
to the present day (Minnett et al., 2019), covering the whole ocean-
colour satellite time series. Furthermore, there is evidence that by
including SST as an explanatory independent variable in empirical algo-
rithms of ocean colour, which relate the ratio of blue-green reflected
light to Chl-a, model performance can be improved (Gholizadeh and
Robeson, 2016). It has also been demonstrated that the relationship
between phytoplankton absorption and Chl-a can be improved by
including information on temperature (Bouman et al., 2003; Brewin
et al., 2019a), and that temperature can be used to accurately estimate
size-fractionated photosynthesis-irradiance parameters (Robinson et al.,
2018).

Here, we present the first part of a series of papers with the aim
of providing a new global theoretical ocean-colour model framework,
which explicitly incorporates the influence of SST on the relationship
between phytoplankton biomass (i.e., Chl-a) and size structure. In this
first paper, we compile a large worldwide in-situ dataset of total and
size-fractionated Chl-a with concurrent SST data, and then re-tune and
advance an existing SST-dependent model of phytoplankton size struc-
ture (Brewin et al., 2017) for global application. We observe striking
patterns between the parameters of the model and SST, in support of
earlier regional studies. Using an independent validation dataset, we
test and compare the performance of the proposed models with those
from previous studies. Then, we investigate how the parameters of the
SST-dependent model may have changed over the past 40 years using
the satellite SST data record, in view of how the marine ecosystem is
responding to climate change. The ecological model presented here is
at the heart of a new theoretical ocean-colour model which will be
described in the subsequent parts of this series of papers.

2. Data and methods
2.1. In-situ datasets

2.1.1. Size-fractionated chlorophyll-a estimated from HPLC

A total of 34,312 High Performance Liquid Chromatography (HPLC)
samples collected from the surface global ocean between 1991 and
2021 were used in this study, spanning from equatorial to polar regions,
and covering both oligotrophic oceanic and eutrophic coastal regions
(Fig. 1). Table A.1 in the Appendix A defines all the abbreviations
and symbols used in the paper. The pigment dataset from Brewin
et al. (2015) was updated by adding more published datasets from
Western Channel Observatory (Smyth et al., 2009), TARA Ocean (Chase
et al., 2013), Rothera Research Station, NASA SeaWiFS Bio-optical
Archive and Storage System (SeaBASS, Werdell et al., 2003), Australian
Ocean Data Network (AODN, IMOS, 2021a,b), Government of Canada,
DataONE (Cota and Hill, 2007a,b; Hill, 2007a,b; DiTullio and Lee,
2019b; Palmer Station Antarctica LTER et al., 2020; Southern California
Bight MBON et al.,, 2021), Biological and Chemical Oceanography
Data Management Office (BCO-DMO, McGillicuddy, 2007a,b; DiTullio,
2011, 2015; Vaillancourt and Marra, 2011; Bidigare, 2012; Richardson
et al., 2013; DiTullio and Lee, 2019a; Lee, 2020; Landry, 2021), Envi-
ronmental Data Initiative Data Portal (EDI, Palmer Station Antarctica
LERT et al.,, 2018), PANGAEA (Taylor et al.,, 2011; Claustre, 2013;
Bracher, 2014a,b, 2015a,b,c,d,e, 2019; Clayton et al., 2014; Peeken
and Hoffmann, 2014; Peeken and Nachtigall, 2014a,b,c; Bracher et al.,
2015, 2020; Hepach et al., 2016; Bracher and Taylor, 2017; Peeken
and Quack, 2017; Peeken and Walter, 2017; Peeken et al., 2017a,b,c,d;
Taylor and Bracher, 2017; Bracher and Wiegmann, 2019; Liu et al.,
2019), and some published works (Sun et al.,, 2018, 2019, 2022).
More detailed information of the in-situ HPLC pigment data is shown
in Supplementary Table S1. To minimise the spatiotemporal auto-
correlation between training and validation datasets and provide more
accurate prediction errors (Stock and Subramaniam, 2022, and refer-
ences therein), the whole dataset are sufficiently separated based on
the sampling time (i.e., pre and post 2016). Therefore, 5607 samples
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in the HPLC dataset collected after 2016 were set aside and used for
independent validation, leaving 28,705 samples for model training.

The HPLC samples include concentrations of chlorophyll-a (here-
after denoted Chl-a, representing the sum of monovinyl chlorophyll-a,
divinyl chlorophyll-a, and chlorophyllide-a) and seven diagnostic pig-
ments, which are indicative of particular size classes. In this study,
only samples collected within the top 20 m (within the surface mixed
layer depth, de Boyer Montégut et al., 2004) of the water column
were used (Brewin et al., 2017). For stations with multiple observa-
tions within the top 20 m depth, each sample is treated as a discrete
measurement (rather than being averaged). To control the quality of
the pigment data, HPLC data for which Chl-a lower than 0.001 mg m~>
were removed, and diagnostic pigments lower than 0.001 mg m~> were
set to zero (Claustre et al., 2004; Uitz et al., 2006). HPLC data were
retained only if the difference between the total chlorophyll concentra-
tion and the total accessory pigments concentration was less than 30%
of the total pigment concentration (Aiken et al., 2009).

The fractions of Chl-a for three phytoplankton classes (i.e., pi-
coplankton (< 2 pm), nanoplankton (2-20 pm), microplankton (> 20 pm),
Sieburth et al., 1978), were calculated using diagnostic pigment anal-
yses (Vidussi et al., 2001; Uitz et al., 2006; Brewin et al., 2010; Hirata
et al., 2011). The total chlorophyll-a concentration, C,,, was estimated
from the weighted sum of seven diagnostic pigments, according to,

7
Co = Y WP, M
i=1

where W and P are the weights and the corresponding diagnostic
pigments respectively, with i = fucoxanthin, peridinin, 19’-hexanoyloxy
fucoxanthin, 19’-butanoyloxyfucoxanthin, alloxanthin, total chloro
phyll-b, and zeaxanthin. The weights were computed using multi-
linear regression on the training dataset (N = 28,705) in log;, space
(as data distribution close to log-normal), as shown in Table 1. The
values of weights are comparable with previous studies in the global
ocean (Uitz et al., 2006; Brewin et al., 2015), and C,, are in good
agreement with the in-situ Chl-a (C), with the correlation and root
mean squared difference (log;,-transformed) at 0.982 and 0.111, re-
spectively. Supplementary Figures Sla and S1b show that differences in
weights between the training dataset and the whole dataset were small.
Therefore, weights calculated from the training dataset were used for
the validation dataset, making the datasets fully independent.

Following Brewin et al. (2015), fractions of PSCs to total Chl-a were
computed using the following equations,

7
(—12,5CC+ DWsPs Zi:g”’r”f if C <0.08 mg m~?
F = >/ WP ! @
=g Pt if C > 0.08 mg m3,
5 '
125CWsPs Y W,PC‘ + WP, if C <0.08 mg m™3
P = 5 P w ()]
Sum PIAE P if C > 0.08 mg m~3,
and
2
2 WP — WP
Fy= i Wi IC 1 ln . 4

w

where F|, F,, and F; represent fractions of picoplankton, nanoplankton,
and microplankton, respectively. As fucoxanthin is also present in
nanoplankton, part of the fucoxanthin pigment was apportioned to the
nanoplankton pool (Devred et al.,, 2011), P, ,, which was computed
according to

Pl = ]oqlloglo(P3)+qzlog10(P4)’ (5)

SN

where P; and P, refer to 19’-hexanoyloxyfucoxanthin and 19’-butano-
yloxyfucoxanthin, and coefficients ¢, and ¢, were computed using the
training dataset in log;, space, as shown in Table 1. Note that when
P, , exceeded P;, the P , was set equal to P,. Consistency in P, when
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Fig. 1. Locations of in-situ datasets used in this study, including two independent datasets of HPLC pigments (circles, N = 34,312) and size-fractionated filtration (squares, N =
2278), N = 36,590. The letters A-U represent the sources of data, which can be found in Supplementary Table S1. (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)

Table 1

Weights of the seven pigments for diagnostic pigment analyses and coefficients of two pigments for the fucoxanthin adjustment used in this study and in previous studies (Uitz
et al., 2006; Devred et al., 2011; Brewin et al., 2015). Bracketed values refer to the standard deviations for each weight and coefficient. Note that weights and coefficients derived
from the whole dataset were included only for comparison. Additional results associated with the Table can be found in Supplementary Figure S1.

Pigments Weights
W, This study This study Brewin et al. (2015) Uitz et al. (2006)
(Training dataset) (Whole dataset) (Global Ocean) (Global Ocean)
Fucoxanthin (P,) W, 1.74 (0.01) 1.75 (0.01) 1.51 (0.01) 1.41
Peridinin (P,) W, 1.52 (0.03) 1.46 (0.02) 1.35 (0.02) 1.41
19’-Hexanoyloxyfucoxanthin (P;) w; 1.24 (0.01) 1.20 (0.01) 0.95 (0.01) 1.27
19’-Butanoyloxyfucoxanthin (P,) w, 0.55 (0.03) 0.60 (0.03) 0.85 (0.02) 0.35
Alloxanthin (Ps) W5 1.76 (0.02) 1.78 (0.02) 2.71 (0.05) 0.60
Total chlorophyll-b () W 1.78 (0.02) 1.84 (0.02) 1.27 (0.01) 1.01
Zeaxanthin (P;) w; 1.04 (0.01) 1.05 (0.01) 0.93 (0.00) 0.86
Pigments Coefficients
q; This study This study Brewin et al. (2015) Devred et al. (2011)
(Training dataset) (Whole dataset) (Global Ocean) (Global Ocean)
19’-Hexanoyloxyfucoxanthin (P;) q, 0.31 (0.01) 0.43 (0.01) 0.356 0.680 (0.074)
19’-Butanoyloxyfucoxanthin (P,) a0 1.16 (0.01) 1.07 (0.01) 1.190 0.680 (0.111)

using different pairs of coefficients from the training dataset and whole
dataset is shown in Supplementary Figure Slc. As with the weights,
coefficients (¢, and ¢,) calculated from the training dataset were used
in our study, resulting in a fully independent dataset for validation. The
fractions of each size classes were then multiplied by the corresponding
C to derive the size-specific Chl-a for picoplankton (C,), nanoplankton
(C,), microplankton (C;), and combined pico- and nanoplankton (Cj ,).

2.1.2. Size-fractionated filtration data

A total of 2278 size-fractionated fluorometric (SFF) chlorophyll-
a measurements collected between 1995 and 2018 were used in this
study (Fig. 1). The SFF dataset is composed of samples from previous
works (Marafion et al., 2012; Brewin et al., 2014c, 2017, 2019b), the
British Oceanographic Data Centre (BODC), and DataONE (California
Current Ecosystem LTER and Goericke, 2018; Sosik et al., 2021). More
detailed information of the in-situ SFF datasets are shown in Supple-
mentary Table S1. In general, the concentration of Chl-a contained
in the water sample passing through 2 pm filter is designated C,
(picoplankton), that passing through the 20 pm filter and retained on
the 2 pm filter is designated C, (nanoplankton), and that retained on
the 20 pm filter is designated C; (microplankton). The total chlorophyll-
a concentration is the sum of the size fractions for each class. Note
that, filters with pore size of 3 pm, rather than 2 pm, were used in the
two datasets (California Current Ecosystem LTER and Goericke, 2018;
Sosik et al., 2021, N = 1663). Considering that the number of size-
fractionated Chl-a estimated from HPLC method is much larger, the
influence of these samples with pore size of 3 um from SFF method

on model training and validation is small (or negligible). Similar to
the in-situ HPLC dataset, only samples collected within the top 20 m
of the water column were used, and 404 SFF samples collected after
2016 were set aside for independent validation, leaving 1874 samples
for model training.

Through comparing concurrent and co-located total and size-fract-
ionated Chl-a derived from SFF and HPLC pigments, previous studies
have observed systematic biases but significant correlations between
the two methods (Brewin et al., 2014c,d, 2017). Given the consistent
agreement between the influence of SST on the model parameters when
fitting the three-component model to HPLC and SFF data separately
(see Section 2.4.2), the two in-situ datasets were combined into a single
global dataset in this study, providing a total of 36,590 measurements
of size-fractionated Chl-a for further analysis, of which 30,579 samples
collected before 2016 were used for model development and 6011
samples after 2016 for validation. Among the whole dataset (N =
36,590), there are 6624 stations with multiple samples from different
depths within the top 20 m of the water column. Supplementary Figure
S2 shows that differences in fractions of PSCs between these vertical
depths and the shallowest depth are small, with median values of ratios
all close to 1, supporting our justification of a surface 20 m layer
depth being within the surface mixed-layer for the majority of the data
used. Supplementary Figure S3 provides a comprehensive frequency
distribution of different variables in the dataset, including the date,
geographical location, sample depth, bottom depth, SST, and Chl-a
concentration of sampling stations.
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2.2. SST datasets

2.2.1. Daily

Daily composites of Optimal Interpolation Sea Surface Tempera-
ture (OISST, version 2) data (1/4° resolution), spanning from 1991
to 2021, were obtained from the NOAA website (https://psl.noaa.
gov/data/gridded/data.noaa.oisst.v2.highres.html), distributed by the
NOAA PSL. Each PSC measurement from the global dataset was paired
with the SST data by matching each in-situ sample in time (daily tempo-
ral match-up) and space (closest latitude and longitude). In-situ samples
with unrealistic SST (i.e., > 40 °C or < —1.8 °C) were removed prior
to analysis. Among the whole in-situ size-fractionated Chl-a dataset (N
= 36,590), eight datasets have concurrent in-situ temperature records
(N = 4164) measured by a conductivity—temperature—depth profiler
deployed alongside the water samples, including six HPLC pigment
datasets (NAAMES2/3/4 cruises from NASA SeaBASS, Clayton et al.,
2014; Peeken and Hoffmann, 2014; Brewin et al.,, 2015; Sun et al.,
2018, 2019, 2022; Southern California Bight MBON et al., 2021) and
two size-fractionated filtration datasets (Maranén et al., 2012; Brewin
et al., 2019b). Supplementary Figure S4 shows that the matched daily
OISST data compare reasonably well with in-situ temperature measure-
ments, with a high correlation of 0.975. Therefore, to make full use of
the size-fractionated Chl-a dataset and ensure a consistent use of SST
measurements, daily OISST SST match-ups, instead of in-situ tempera-
ture measurements, are used in this study for model development and
validation.

2.2.2. Monthly

Monthly composites of OISST (version 2) data (1° resolution), span-
ning from December 1981 to November 2021, were obtained from
the NOAA website (https://psl.noaa.gov/data/gridded/data.noaa.oisst.
v2.html), and used to illustrate spatial and temporal patterns in the
parameters of SST-dependent models.

Monthly composites of SST data (1° resolution) from the ESA Sea
Surface Temperature Climate Change Initiative (SST-CCI, Obs4MIPS
monthly-averaged sea surface temperature data, v2.1), spanning from
September 1981 to December 2017, were also used in this study, which
were downloaded from the CEDA Archive website (https://data.ceda.
ac.uk/neodc/esacci/sst/data/obs4MIPs/UReading/ESA-CCI-SST-v2-1/
mon/tos/gn/v20201130).

2.3. Auxiliary datasets

2.3.1. GEBCO gridded bathymetric dataset

The bathymetric depth of each sample was extracted by matching
each in-situ sample in space (closest latitude and longitude) with
a gridded bathymetric data (GEBCO2021 Grid), acquired from the
GEBCO website (https://www.gebco.net/data_and_products/gridded_
bathymetry_data/#global). In-situ samples with the bottom depth above
0 m sea level elevation were removed prior to analysis.

2.3.2. OC-CCI chlorophyll-a dataset

A monthly climatology of global chlorophyll-a concentration (4 km
resolution) from Ocean Colour Climate Change Initiative (OC-CCI, ver-
sion 5.0, Sathyendranath et al., 2021) was obtained from the OC-CCI
website (https://climate.esa.int/en/projects/ocean-colour/), and was
used to help illustrate patterns and changes in the parameters of the
three-component model.

2.4. Model developments

2.4.1. SST-independent model of Brewin et al. (2010)

The three-component model of Brewin et al. (2010) is designed to
estimate fractional contributions of PSCs as a continuous function of
Chl-a, which is based on the application of an exponential function,
first proposed by Sathyendranath et al. (2001) for two size fractions.
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The fraction of total Chl-a (C) from combined pico- and nanoplankton
(F; ) and from picoplankton (F;) are expressed as,

m Dy
Pl = exp(—a2C)]

cr,
Fp = — 6)
and
Cr1 — exp(-25C)]
F = ! @

C ;
where parameters Cl"fz and CY" are the asymptotic maximum values, and
D, and D, determine the fractions of Chl-a as total Chl-a tends to zero
in the two size classes, respectively. The Chl-a fraction of nanoplankton
(F,) and microplankton (F;) are calculated as F, = F;, — F
and F; = 1 — F),, respectively. To derive the single set of model
parameters, Egs. (6) and (7) were fitted to in-situ C, F ,, and F), using
the non-linear least-squares minimisation (‘Imfit’ package in Python).
Parameter values and confidence intervals within two standard devia-
tions are provided in Table 2, which are comparable with values from
previous studies (Brewin et al., 2011, 2015, 2017).

2.4.2. SST-dependent model of Brewin et al. (2017)

By relating the parameters of the three-component model to SST,
Brewin et al. (2017) proposed a SST-dependent model that estimates
Chl-a for four populations of phytoplankton (i.e., picoplankton,
nanoplankton, dinoflagellates, and diatoms) as a function of Chl-a and
SST. To investigate the impact of temperature on the model parameters,
we followed a similar approach to Brewin et al. (2017). The whole
global training dataset was partitioned into lower and higher tempera-
ture waters, with the temperature threshold set at 10.5 °C (see Table 2
in Racault et al., 2012, where 10.5 °C is within the temperature range
for phytoplankton growth at + 40-50° latitudes), and model parameters
were fitted separately to the two sub-datasets, as shown in Supplemen-
tary Table S2 and Figure S5. Different values of model parameters of the
SST-independent model were observed for low and high temperature
waters, indicating that model parameters vary with SST. Moreover,
PSCs derived from two in-situ datasets (i.e., HPLC pigments and SFF)
were further partitioned at SST = 10.5 °C, and model parameters were
re-fitted to each partition. Model parameters, obtained from fitting
the three-component model to the different methodologies (HPLC and
SFF) at low and high temperature waters separately, showed similar
changes in parameters with SST (Supplementary Figure S5), confirming
consistency in the relationships between SST and size-fractionated
Chl-a derived from HPLC pigments and SFF methods.

The training dataset was then sorted on the SST in the ascending
order, and a running fit of Egs. (6) and (7) was conducted as a function
of SST for various bin sizes ranging from 3000 to 10,000 samples,
at increments of 1000 (background lines in Fig. 2). For the running
fit of each bin size, it involved sliding the bin from low to high
temperature at the increment of one sample and fitting equations each
time the bin slides. Relationships between SST and parameters D,
and D, were similar to those from Brewin et al. (2017), with values
increasing with increasing SST. While for cr, and CY', values derived
from the global dataset exhibit more complex relationships with SST,
when compared with those found by Brewin et al. (2017) in the North
Atlantic region. For different bin sizes, dependencies between SST and
model parameters were slightly different (Fig. 2), especially for CT",.

The relationships between parameters and SST were represented
using logistic functions, as described in Brewin et al. (2017), such that,

G
cro=1 - a Gy b, 8
12 {1 + exp[—G,(SST - G.)] + "} ®
cm o= 1 Hy +H ©)
1 1 + exp[-H,(SST—H,)] [’
J
D, = a +J, 10)

1 + exp[—J,(SST—J,)]
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https://www.gebco.net/data_and_products/gridded_bathymetry_data/#global
https://www.gebco.net/data_and_products/gridded_bathymetry_data/#global
https://www.gebco.net/data_and_products/gridded_bathymetry_data/#global
https://climate.esa.int/en/projects/ocean-colour/
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Parameter values for the SST-independent model and SST-dependent models in this study and in previous studies (Brewin et al., 2011, 2015, 2017). Bracketed values of results in
this study refer to the 5.55 and 94.45% confidence intervals (i.e., within two standard deviations) on the distribution. Note that parameters used in this study were rounded to
two decimal places, which explained why values of some parameters lie outside the confidence intervals.

Model SST-independent model SST-dependent model SST-dependent model
(16-parameter) (17-parameter)
Study Brewin et al. Brewin et al. Brewin et al. This study Model Brewin et al. This study Model This study
(2011) (2015) (2017) parameters  (2017) parameters
Region  Global Global North Atlantic ~ Global North Atlantic Global Global
N 256 5841 2239 30579 2239 30579 30579
G, -1.51 -0.56 u, 0.003
o o8 0.77 0.82 0.95 . (—11‘2557 - -1.43) (—30.75962 - —0.549) ; (0600()829 - 0.0030)
12 ) 72 - 0. .76 - 0. .927 - 0. b o - b e
©7 0.84) (0.76 - 0.88) (0.927 - 0.968) (-1.41 - -1.25) (—4.053 - —3.549) (—0.086 — —0.084)
G, 14.95 1.92 u, 1.61
(14.87 - 15.05) (1.888 - 1.944) (1.610 - 1.619)
G, 0.25 —0.14 / /
(0.23 - 0.26) (-0.142 - -0.137)
r 0.98 0.78 r 0.81
H, 0.29 -0.28 v, 0.52
(0.28 - 0.30) (-0.279 - -0.272) (0.521 - 0.522)
H 3.05 1.13 vV, 12.71
0.13 0.13 0.17 b b
cr 0.15 (2.87 - 3.26) (1.070 - 1.187) (12.696 - 12.714)
1 - - -
(0.12 - 0.14) (0.12 - 0.13) (0.167 - 0.174) u, 16.24 5.03 v, 8.95
(16.19 - 16.29) (4.957 - 5.103) (8.939 - 8.966)
H, 0.56 0.89 v, 0.30
(0.55 - 0.57) (0.892 - 0.898) (0.298 - 0.302)
/ / / Vv, 27.52
(27.469 - 27.579)
/ / / v, 4.61
(4.557 - 4.656)
r 0.91 0.79 r 0.99
J, 0.370 0.39 J, 0.39
R 00 0.94 0.87 0.87 S (10i1267 -0.373) (()0:.33390 - 0.392) y E)O;;QO - 0.392)
12 . _ _ _ b . . b .
(0.93 - 0.95) (0.86 - 0.89) (0.868 - 0.878) (1.10 - 1.16) (0.330 - 0.333) (0.330 - 0.333)
J, 14.89 8.02 J, 8.02
(14.87 - 14.91) (8.000 - 8.047) (8.000 - 8.047)
J, 0.569 0.55 J, 0.55
(0.566 - 0.571) (0.546 - 0.547) (0.546 - 0.547)
r 1.00 1.00 r 1.00
o, 0.503 0.65 o, 0.65
R 075 0.80 0.73 0.67 o (10535301 - 0.505) (()0.26247 - 0.650) o 5)0.26247 - 0.650)
! : 78 - 0.82 .71 - 0. 658 - 0. g : : g .
(0.78 - 0.82) 7 0.76) (0.658 - 0.675) (1.31 - 1.37) (0.222 - 0.224) (0.222 - 0.224)
o, 17.31 12.79 (o 12.79
(17.28 - 17.32) (12.772 - 12.800) (12.772 - 12.800)
o, 0.258 0.09 o, 0.09
(0.256 - 0.259) (0.085 - 0.087) (0.085 - 0.087)
r 1.00 1.00 r 1.00
and and therefore, the relationship could be represented using a quadratic
0, polynomial function, such that,
- o an

D, = +0y,
U7 1 + expl-0,SST-0,)] ' ¢

where G, and G, control the upper and lower bounds of CY,, G,
represents the slope of the change in C}', with SST, and G, is the
SST mid-point of the slope between cr, and SST. For C{", D;, and
D,, H;, J; and O; (i = a-d) are analogous to G; for cr,. The 16
parameters in Egs. (8)-(11) were derived by fitting the equations to
SST, Cfi’z, Cl, Dy, and D,. For the fits, we applied the non-linear
least-squares minimisation (‘Imfit’ package in Python) on a running-fit
bin size of 6000 samples, and the results are shown in Table 2 and
Fig. 2. This model is referred to as the 16-parameter SST-dependent
model henceforth. The derived parameters were relatively insensitive

to bin size as illustrated in Supplementary Figure S6.

2.4.3. A new SST-dependent model with 17 parameters

The relationships between the asymptotic maximum values (i.e.,
CK‘Z and Cf") and SST (background lines in Figs. 2b and 2c) were
found to be complex, compared to the 16-parameter model (Fig. 2b).
For example, in low and high SST regions (i.e., < 5 °C, > 23 °Q),

the CT", values are higher than those in the intermediate SST range,

Cl'y = U,SST? + U,SST + U,. (12)

Additionally, the C{" has a significant peak between 10 and 15 °C,
a trough between 20 and 25 °C, and a potential peak over 25 °C
(Fig. 2), in agreement with niche partitioning of three picoplankton
groups along a temperature gradient (Flombaum et al., 2020). This
relationship could be represented with a two-term Gaussian function,
such that,

ST - V,

S
Y1 + Vyexpl-(———2)1, 13)
Ve ¢ Ve

=, expl- (L~
where parameter V, and V, are the height of peaks, V, and V, are the
position of peak centres, and V, and V, control the width of curves.
As for D, and D, their relationships with SST remain the same as
Egs. (10) and (11). This SST-dependent model is referred to as the
17-parameter SST-dependent model henceforth. The 17 parameters in
Egs. (10)—(13) are shown in Table 2 and illustrated in Fig. 2. Statistical
tests indicate that the 17-parameter SST-dependent model explains
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Fig. 2. Relationships between SST and D,, and D, (a), C{", and C{" from 16-parameter model (b), and C{', and C}" from 17-parameter model (c). The background lines show the
relationships between SST and parameters, which were derived from fits with different bin sizes from 3000 to 10,000 samples, at increments of 1000. Blue and red lines represent
relationships fitted between parameters and SST using the 6000-sample running fit through non-linear least squares minimisation, with the parameter values provided in Table 2.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

more of the variance in the asymptotic maximum values than the 16-
parameter model, with higher correlations at 0.81 and 0.99 for CY", and
CY', respectively.

2.5. Statistical tests

2.5.1. Model evaluation

The performance of the model was quantified using the following
statistical tests: Pearson linear correlation coefficient (r), p-value (p),
bias (6), mean absolute difference (MAD, ¢), and root mean squared
difference (RMSD, y) between measured and modelled data. The 4, e,
and y were computed according to,

N
1 E M
5§ = — XE — xMy, (14)
N i=1 '
| N
€ = NZ IXE — xM|, (15)
i=1
and
1 N
v =I5 2 XF - XM 16)

i=1
where X is the variable (e.g., Chl-a concentration or fraction), E
and M represent estimated and measured variables, respectively, and
N is the number of samples. Considering that Chl-a concentrations
are distributed log-normally in the ocean (Supplementary Figure S3),
statistical tests for concentrations were performed in log;, space, while
for Chl-a fractions, statistical tests were calculated in linear space. In
addition, the Akaike Information Criterion (AIC) was obtained from
the non-linear least-squares minimisation (‘Imfit’ package in Python)
and included for comparing the quality of models by quantifying the
balance between the goodness of fit and simplicity. More information
about the AIC statistic can be found on the following website (https:
//Imfit.github.io/lmfit-py/fitting.html).

2.5.2. Time-series analysis

40-year trends of SST and SST-derived model parameters were
computed using linear regression, as described in Brewin et al. (2014a),
such that,

Y = SX + I, a7)

where Y is the monthly anomalies of SST or model parameters, calcu-
lated by subtracting the corresponding climatological monthly means
over the entire period from each monthly composite on a per grid point
basis, X is the time in decimal years, S is the slope of the regression,
and I is the intercept. Trends (.S) are shown only where correlations
(r) in Eq. (17) are statistically significant (p < 0.05).

3. Results
3.1. Independent validation

The independent validation dataset (N = 6011) was used to verify
and compare the performance of the three proposed models. Both SST-
independent and SST-dependent models are seen to have reasonable
accuracy in estimating concentrations of PSCs (Fig. 3), with r over
0.920, 0.858, 0.843, and 0.582 for C;, C|,, C,, and Cy, respectively.
The overall accuracy improves using the SST-dependent models, with
higher correlation coefficients, lower bias, MAD, and RMSD for all
the size classes (Fig. 3). Significant improvements are observed for
picoplankton in the SST-dependent models, with r increasing from
0.582 to 0.729 (0.689) and y decreasing from 0.400 to 0.329 (0.348)
for the 16-parameter model (17-parameter model). The AIC of SST-
dependent models are found to be lower than the SST-independent
model (Supplementary Table S3), indicating that the introduction of
more environmental variables (i.e., SST) and model parameters results
in higher model performance. Statistical tests on the Chl-a fractions
of PSCs also suggest that SST-dependent models perform better than
the SST-independent model, and the performances of the proposed
SST-dependent models in this study are found have better statistical
performances than those presented in previous studies (Hirata et al.,
2011; Brewin et al., 2015, 2017; Liu et al., 2021, see Supplementary
Table S4), acknowledging that some of these models have not been
developed for global application.

Compared with in-situ measurements, histograms of the density
distribution of Chl-a show that all three models have comparable
capability in estimating C; (Fig. 3d). However, densities of smaller
size groups, i.e., C;, and Cy, derived from the SST-independent model
reach their maximum at 1.0 and 0.2 mg m~3, respectively, and deviate
from the density distribution of in-situ Chl-a measurements, as expected
from the constrained static asymptotes in Figs. 3a2 and 3a4 (dashed
purple lines). By comparison, validation results indicate that the SST-
dependent models have a better capability in capturing the variability
of C, and C; at high concentrations (Figs. 3b2, 3b4, 3c2, and 3c4),
in better agreement with the density distributions of the in-situ Chl-
a measurements (Fig. 3g). In general, 16-parameter and 17-parameter
SST-dependent models have broadly similar performances in estimating
both Chl-a concentration and fractions for the three size classes (Fig. 3
and Supplementary Table S4). The 16-parameter model with logistic
functions shows slightly better accuracy for all the size classes, while
the 17-parameter model, with the additional polynomial and Gaussian
functions, has advantages in estimating picoplankton at higher concen-
trations, which can be seen from the density comparison of Chl-a and
from the bias approaching zero (Figs. 3c4, 3g).


https://lmfit.github.io/lmfit-py/fitting.html
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Fig. 3. Independent validation between in-situ and modelled size-fractionated chlorophyll-a concentrations derived from the SST-independent model (al-a4), 16-parameter SST-
dependent model (b1-b4), and 17-parameter SST-dependent model (cl-c4), with statistical tests shown in each subplot. Histograms of density between in-situ measurements
and modelled results (d-g) from the three rows above. Dashed purple lines in a2-a4 represent the maximum attainable concentrations for different size classes when using the
SST-independent model. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

To investigate which of the SST-dependent model parameters have
the largest impact on model retrievals, we fixed C{i’z and C}" at 1.22
and 0.32, respectively (i.e., mean value of the 6000-sample running
fit), leading to an 8-parameter SST-dependent model (i.e., Egs. (10)
and (11) for D;, and D,), and re-ran the validation, as shown in
Supplementary Table S4. Statistical tests indicate that by fixing the
asymptotic maximum values, the 8-parameter model performed better
than the SST-independent model, and exhibits similar (albeit slightly
poorer) accuracy than 16-parameter and 17-parameter models. Results
imply that the dependency on SST of D,, and D, is more important
than that of CI"’Z and C}" in the SST-dependent models.

3.2. SST-dependent model parameter trends from 1981 to 2021
Before investigating the impact of changes in SST on SST-dependent

model parameters, a comparison of SST trends was conducted be-
tween monthly OISST and SST-CCI products over the same time frame

(i.e., from December 1981 to December 2017), as shown in Supple-
mentary Figure S7. A similar geographical distribution of trends are
observed for both datasets globally, with only a few areas showing
slight differences (e.g., polar areas), suggesting consistency between
monthly OISST and SST-CCI products. Considering the longer time
coverage for both daily and monthly products, and that it was used
for model training and validation, we used OISST monthly datasets
hereafter for analysis of trends in model parameters.

Fig. 4 shows the global map of the 40-year trend (i.e., from De-
cember 1981 to November 2021) in monthly OISST data. Significant
increasing trends (p < 0.05) are observed in most of the global ocean
(~ 71%), particularly along the Gulf Stream in the North Atlantic, the
Kuroshio in the North Pacific, the Brazil Current in the South Atlantic,
and the East Australia Current in the South Pacific. In the western
equatorial Pacific Ocean, values of the SST trend are not as significant
as those in other areas (light grey pixels). The ~ 12% of the global
ocean that was found to have significant decreasing trends, included
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Fig. 4. Global map of the trends in monthly OISST SST data from December 1981 to November 2021. Only significant trends (slope) are shown (where p < 0.05). Light yellow
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is referred to the web version of this article.)

the Greenland Sea in sub-polar North Atlantic, the Peru Current region
in the South Pacific, and large parts of the Southern Ocean. These
SST trends in Fig. 4 are in good agreement with those from a daily-
based global climate SST analysis (European Union-Copernicus Marine
Service, 2019).

Using monthly OISST data as input to the 16-parameter and 17-
parameter SST-dependent models allowed us to reconstruct 40-year
trends in model parameters (C;f'z, Cl, Dy, and D;), as shown in
Fig. 5. Not surprisingly, considering the positive relationships shown
in Fig. 2a, the geographical patterns in the trends of D;, and D,
are similar to that of SST. The increasing (decreasing) SST leads to
higher (lower) D, , and D;. The trends in cr, and C" derived from 16-
parameter model (Figs. 5¢ and 5d) have smaller areas with significant
positive and negative slopes globally, at ~ 7% and ~ 12% respectively,
which reflect the fact that relationships between these parameters and
SST are fixed at temperatures greater than about 5 °C and 10 °C
in the 16-parameter model (Fig. 2b). As a result, the majority of
significant trends in C}', and C}' using the 16-parameter model are
observed in polar regions (Figs. 5¢ and 5d). In agreement with the
16-parameter model, the 17-parameter SST-dependent model produces
similar trends in sz and CY" in these polar regions. Here, the Cfi’z
trends are in general the opposite to those of C{". At lower latitudes, the
17-parameter SST-dependent model yields more areas with significant
positive and negative trends in C]"jz and C}' than the 16-parameter
model (~ 81% and ~ 70% respectively at global scale, Figs. 5e and
5f). In these middle and low latitude regions, cr, trends in the 17-
parameter SST-dependent model are similar to those of SST, given the
positive relationship between C;’fz and SST above 10 °C (Fig. 2c). The
trends in C}" in these middle and low latitude regions are more intricate
(Fig. 5f), as anticipated from the non-monotonic relationship between
C{" and SST above 10 °C in the 17-parameter model (Fig. 2c).

To illustrate potential changes in phytoplankton size structure over
the 40-year period, caused solely by SST-dependent changes in model
parameters and independent of any change in total Chl-a, we computed
global maps of model parameters in March 1984 and March 2020 using
OISST data, then computed global maps of the fractions of each size
class using the same OC-CCI Chl-a March climatology as input. We
selected 1984 and 2020 (rather than 1981 and 2021) to minimise the
influence of El Nifio events (values of MEL.v2 were close to zero at both
FM (February-March) and MA (March-April) in 1984 and 2020, https:
//psl.noaa.gov/enso/mei/). Fig. 6 illustrates the differences between
the two periods (i.e., March 1984 and March 2020) in the fractions of
the three size classes. Since the same Chl-a climatology (i.e., March)
was used in the analysis, simulated differences over the 37 years
are caused solely by SST, and assume no change in total Chl-a. In
general, differences in fractions are more evident at higher latitudes
than lower latitudes. Microplankton fractions derived from the 16-
parameter model declined to the north/south of + 30° latitudes, such

as the 40° latitude in North Pacific Ocean, and some increases were
observed in the northern North Atlantic Ocean and Southern Ocean,
while there was no evident difference around the equator. Nanoplank-
ton showed an overall decrease in low and middle latitude regions
(around + 30° latitudes), with the exception of an increasing trend
in the East Pacific Ocean. Picoplankton showed the most noticeable
differences globally, which were opposite to those of microplankton.
The differences between 16-parameter and 17-parameter models are
mainly in the variations of nanoplankton and picoplankton at lower
latitudes, with larger areas of increases (decreases) of nanoplankton
(picoplankton) fractions observed in the equatorial Indian and Pacific
oceans using the 17-parameter model. For regional studies, we recom-
mend evaluating the 16-parameter and 17-parameter models using an
independent regional validation dataset, prior to selecting an approach.

4. Discussion
4.1. Selection of the three-component model

There is a wide range of models that relate Chl-a to PSCs, including
statistical (Uitz et al.,, 2006), empirical (Hirata et al., 2011; Moore
and Brown, 2020), and conceptual methods (Sathyendranath et al.,
2001; Devred et al., 2006, 2011; Brewin et al., 2010, 2015, 2017).
The method of Uitz et al. (2006) is based on a statistical analysis of a
broad range of trophic conditions partitioned into stratified and mixed
waters, using information on Chl-a, mixed-layer depth and euphotic
depth. Other methods are based solely on Chl-a; for example, the
method of Hirata et al. (2011) is purely empirical. These statistical
and empirical models were developed from data collected in the past,
which may not reflect a future ocean under climate change. The three-
component model of Brewin et al. (2010) relates Chl-a to PSCs using
an underlying conceptual model (Sathyendranath et al., 2001). It is
constrained in its flexibility to fit the data with this underlying concept,
unlike the methods of Uitz et al. (2006) and Hirata et al. (2011), but
it is a parsimonious model which requires only four parameters (C;'f2,
Cl, Dy, and D,) that are interpretable (Sathyendranath et al., 2001;
Devred et al., 2006; Brewin et al., 2011).

Of these available models, the three-component model was selected
in this study for two reasons. Firstly, it has been extensively evaluated
and validated (both directly and conceptually) in a wide range of
environments, using large amounts of in-situ data and numerical model
simulations (see Supplementary Table S5 that list 69 studies using
the model). Consistent with the assumptions of the three-component
model, field observations and model simulations have shown that as
the total phytoplankton biomass increases, smaller size classes reach
the maximum biomass asymptotically, allowing larger size classes to
thrive (e.g., Gin et al., 2000; Ward et al., 2012). Secondly, the three-
component model is conceptual, which is more desirable for developing
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Fig. 5. Global maps of the trends in monthly SST-derived model parameters, D, and D, (a, b), C{, and C}" from 16-parameter model (¢, d), and Cy, and C{" from 17-parameter
model (e, f), from December 1981 to November 2021. Only significant trends (slope) are shown (where p < 0.05). Light yellow pixels represent land or invalid data, and light
grey pixels represent areas with insignificant trends. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

ocean-colour algorithms in climate change studies (Sathyendranath
et al., 2017), when compared with empirical approaches. Parameters of
the model, such as the asymptotic maxima (cr, and C{"), have direct
relevance to ecosystem studies and ecology, which are impacted by
bottom-up processes, such as changes in the growth rates of different
size classes from changing nutrient input, temperature or underwater
light (Raimbault et al., 1988; Sathyendranath and Platt, 2007; Marafi6n
et al., 2012), and by top-down processes, such as size-dependent grazer
control (Goericke, 2002).

4.2. Relationships between model parameters and SST

Relating the parameters of the three-component model to environ-
mental variables extends the approach from a purely abundance-based
method to an ecological one (Brewin et al., 2015, 2017, 2019b). Rela-
tionships between model parameters and SST (Supplementary Figure
S5) are in broad agreement with those proposed by Ward (2015,
see their Figure 2), showing a general decline in picoplankton and
an increase in micro- and nanoplankton with decreasing temperature.
The relationship between temperature and model parameters could
be direct, for example, through a direct metabolic response of phy-
toplankton to temperature (Lopez-Urrutia and Moran, 2015), and/or
indirect, for example, due to changes in nutrients (e.g., upwelling) or
light availability that correlate with temperature (Finkel et al., 2009;
Marafién et al., 2012, 2015). At high latitudes, decreasing SST is often
associated with enhanced surface mixing and/or weakening of solar
radiation. Larger cells (e.g. diatoms) are known to thrive in such turbu-
lent waters (Marafnoén et al., 2012; Xi et al., 2021), perhaps explaining
the shifts to larger cells in the model with decreasing SST. Increases in
D, and D, over the last 40 years at high latitudes (Fig. 5) are con-
sistent with increases in smaller phytoplankton in some polar regions
(Fig. 6), supporting observations of shifts from larger- to smaller-sized
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phytoplankton in the Arctic Ocean (Ardyna and Arrigo, 2020, and
references therein) and Northern Antarctic Peninsula (Ferreira et al.,
2020). This poleward expansion of smaller size classes under global
warming could be explained by enhanced stratification, a reduction in
nutrient supply, and an increase in light availability (Li et al., 2009;
Marinov et al.,, 2010; Moran et al.,, 2010; Siegel et al., 2013). On
the contrary, in some regions of the Antarctic, shifts in phytoplankton
size towards large cells are also evident (Fig. 6), in agreement with
a previous study in the southern region of Western Antarctic Penin-
sula (Montes-Hugo et al., 2009). The increase of larger size classes
are likely caused by nutrient-rich water associated with stronger winds
and glacier retreat. These contrasting effects of environmental drivers
on phytoplankton dynamics indicate the complexity of polar biogeog-
raphy. In addition, changes in SST may also impact the taxonomic
composition within certain size classes. For example, in coastal waters
of the Red Sea, Brewin et al. (2019b) found Synechococcus to be
positively correlated with temperature and picoeukaryotes negatively
correlated. These changes were subsequently linked to temperature
changes in C" using the three-component model. Over large scales,
temperature is known to be related to the taxonomic composition of
picoplankton (Flombaum et al., 2013; Lange et al., 2018). Flombaum
et al. (2020) observed clear niche partitioning along the gradient of
temperature among picoeukaryotes, Synechococcus, and Prochlorococcus
in global ocean, where the abundances of picoeukaryotes and Syne-
chococcus peak at 8.5 °C and 10 °C, while Prochlorococcus dominates
at high temperature (> 13 °C), and this taxonomic composition is
expected to be impacted by climate change (Flombaum and Martiny,
2021).

There are differences in the relationships between model parameters
and SST reported here and those from previous regional studies (Brewin
et al., 2017, 2019b; Sun et al., 2019; Liu et al., 2021; Turner et al.,
2021). These are likely caused by regional differences in in-situ datasets
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Fig. 6. Global maps of the fractional differences of phytoplankton size classes in March between 1984 and 2020, where fractions of concentration were derived from monthly
OISST SST data and monthly OC-CCI Chl-a climatology data using the 16-parameter model (al-a3) and 17-parameter model (b1-b3), respectively. Light yellow pixels represent
land or invalid data. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

used for tuning the SST-dependent model. Here, we compiled a huge
amount data in the global ocean, including a large number of samples
from low-temperature waters at high latitudes (Fig. 1 and Supplemen-
tary Figure S3), and obtained relationships between model parameters
and temperature covering a more comprehensive range in SST (-0.12
to 27.14 °C under the condition of 6000 bin size in the running fit).
Although the SST-dependent model has proven successful in capturing
relationships between total and size-fractionated Chl-a, large variations
in CT, and CT" are still seen at some temperature ranges (e.g. 2-10 °C,
see background lines in Fig. 2), which may relate to the relatively
small number of samples in this SST range (Supplementary Figure S3).
Considering these relationships were derived from the data collected
in the past, there is a strong requirement to keep revisiting these
relationships as new datasets are collected, since the relationships
between model parameters and SST may themselves be subject to future
climatic change.

4.3. Applications of the model to satellite data

Up to now, abundance-based PSCs models have been implemented
extensively in global and regional waters by using satellite products
of Chl-a as input (e.g., Brewin et al., 2010; Hirata et al., 2011; Ward,
2015). Even though these models have proven useful for obtaining
spatial and temporal distributions in PSCs, there is an inconsistency
in this type of application. For example, some empirical satellite Chl-
a retrieval algorithms, such as the successful and well-tested OC4
algorithm (O’Reilly et al., 1998), have been shown to implicitly as-
sume shifts in phytoplankton size structure with total Chl-a (Dierssen,
2010; Brewin et al., 2014b; Sathyendranath et al., 2017), while other
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algorithms do not (e.g., GSM, Garver and Siegel, 1997; Maritorena
et al.,, 2002). These implicit assumptions may be at odds with the
parameterisation of the PSCs models. For example, at low Chl-a val-
ues, the OC4 algorithm has been shown to lie close to a theoretical
picoplankton-tuned ocean-colour model (see Figure 4.7 in Brewin et al.,
2014b), which agrees with our SST-dependent model for high temper-
ature waters. However, this is in disagreement with our SST-dependent
model in low temperature waters at low Chl-a values, where larger
cells (> 2 pm) become more prevalent, as shown in Supplementary
Figure S5. We are now in a position to take these abundance-based
algorithms one step further by explicitly integrating them into a model
of ocean colour (e.g., see Brewin et al., 2015), incorporating ecological
variation as indicated through changes in SST. Such an approach has
the potential to improve the accuracy in satellite Chl-a estimates and
ensure compatibility between estimates of Chl-a and those of the PSCs.
These next steps will be described in subsequent papers in this series.

Including ecology in a model of ocean colour may help reconcile
differences observed between regional and global empirical satellite
Chl-a algorithms. For example, standard Chl-a retrieval algorithms are
known to underestimate Chl-a in the Southern Ocean (Dierssen and
Smith, 2000; Korb et al., 2004; Szeto et al., 2011). This has been
attributed to different relationships between bio-optical properties and
Chl-a (Mitchell and Holm-Hansen, 1991; Dierssen et al., 2000; Reynolds
et al., 2001). Higher contributions of microplankton have been ob-
served in the Southern Ocean for the same Chl-a concentration when
compared to other regions, resulting in a strong package effect and
a flattening of the chlorophyll-specific absorption coefficient (Bracher
and Tilzer, 2001; Robinson et al., 2021). The shift towards larger cells
with decreasing temperature is captured in our ecological model, and
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when coupled to the optical properties of the three size classes, it may
have the capability to account for such regional variations (e.g., see
Brewin et al., 2019a, in the North Atlantic).

4.4. Implications of climate change for phytoplankton

The ocean has absorbed about 93% of the excess heat energy
and around 25% of excess atmospheric CO, caused by anthropogenic
climate change (Rhein et al., 2013; Friedlingstein et al., 2021). Un-
derstanding how this is impacting the ocean has become a key issue
worldwide. Among the physical attributes, SST is an essential climate
variable, making the monitoring and quantification of SST trends fun-
damental for climate studies (Merchant et al., 2019). Long-term global
satellite SST datasets show that the majority of the ocean has been
experiencing strong warming trends, particularly along the northern
edge of Northern Hemisphere western boundary currents, but with
smaller areas in the eastern tropical Pacific and high latitudes show-
ing a relatively weak cooling trend (Wu et al., 2012; Bulgin et al.,
2020; Johnson and Lyman, 2020). Our observations are in accordance
with these findings (see Fig. 4). Many studies have demonstrated
that phytoplankton are susceptible to ocean warming, with increasing
SST at low latitudes causing enhanced stratification and reduced total
phytoplankton biomass (Behrenfeld et al., 2006; Boyce et al., 2010),
alterations in the timing of phytoplankton blooms (Kahru et al., 2010;
Gittings et al., 2018), shifts in the community structure towards smaller
sized cells (Li et al., 2009; Moran et al., 2010; Mouw et al., 2019), and a
different taxonomic composition (Anderson et al., 2021). In agreement
with some of these studies, we show evidence of an SST-dependent
shift towards smaller-celled phytoplankton (picoplankton), particularly
in high-latitude regions (see Fig. 6), independent of any change in
total Chl-a (noting that Fig. 6 does not reflect actual differences in
fractions of PSCs, since it does not include changes in total Chl-a). The
SST-dependent models can extend our understanding of phytoplankton
size structure beyond the lifespan of the existing continuous ocean-
colour record (e.g., 1984 in Fig. 6), allowing for the explanation of
observed variations of phytoplankton dynamics over a longer time
series. Nonetheless, quantifying actual shifts in size structure over
the period when satellite ocean-colour data are available would re-
quire disentangling the influence of trends in size structure, Chl-a, and
other optically-active substances (e.g. CDOM and NAP), on trends in
remote-sensing reflectance.

As a common proxy of phytoplankton biomass, Chl-a concentration
is recognised as an Essential Climate Variable (GCOS, 2011), and
also a key input to many ecological indicators, such as phytoplank-
ton phenology, primary production, phytoplankton functional types,
and phytoplankton size structure (Platt and Sathyendranath, 2008;
Racault et al., 2012; Kulk et al., 2020; Tilstone et al., 2023). Including
SST, another fundamental indicator of the climate system, into models
of ocean colour, may result in better performance in satellite Chl-a
retrievals (Gholizadeh and Robeson, 2016), and advance our under-
standing of how these indicators are responding to climate change
and the ecological and biogeochemical consequences. Nonetheless, Chl-
a can change independently of any change in phytoplankton carbon
biomass in response to changes in temperature, light and nutrient
supply (e.g., photoacclimation, Behrenfeld, 2014; Jackson et al., 2017;
Sathyendranath et al., 2020; Brewin et al., 2022). Understanding how
climate change is impacting the carbon to chlorophyll ratio is re-
quired to monitor trends in phytoplankton carbon biomass (Siegel
et al.,, 2013; Brewin et al., 2021). This could be addressed through
the use of photoaclimation models (e.g., Jackson et al., 2017; Sathyen-
dranath et al., 2020) or the relationships between Chl-a and particle
backscattering (e.g. Behrenfeld et al., 2005).
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5. Summary

In this study, we created the largest (to our knowledge) global
surface (< 20 m depth) in-situ dataset of total and size-fractionated Chl-
a from 1991 to 2021 (N = 36,590), by mining datasets from available
sources and matching data to concurrent SST data from daily OISST.
The dataset included two independent in-situ methods (i.e., HPLC and
SFF) for deriving size-fractionated Chl-a. When the three-component
model of Brewin et al. (2010) was fitted to these datasets separately at
high and low SST waters, consistent patterns in model parameters were
observed for both cases. HPLC and SFF datasets were then merged and
split into training and validation datasets (i.e., based on time period,
pre and post 2016), with 30,579 and 6011 samples, respectively. The
three-component model was fitted to the training dataset and the
derived model parameters were comparable with those from previous
studies. Similarly, by introducing the dependence of model parameters
on SST, the three-component model was found to significantly improve
in performance when tested on the independent validation dataset,
with higher correlation, and lower bias, MAD and RMSD, for the three
phytoplankton size classes.

Logistic functions used to relate model parameters to SST (Brewin
et al., 2017) worked well for two parameters, that represent the frac-
tions of combined pico- and nanoplankton, and picoplankton as Chl-a
tends to zero (D, and D;). However, more complicated relationships
between SST and the other two parameters (C{”'z and C v ), that represent
the maximum Chl-a concentration of their respective size classes, were
observed in the global ocean. In addition to the re-tuning of logistic
functions, we also proposed new polynomial and Gaussian functions
that relate cr, and C[" to SST respectively, with a significant im-
provement in their correlations. Trends in monthly satellite SST data
indicate that warming is occurring in most parts of ocean over the
last 40 years. Application of these models to the SST record showed
significant trends in the parameters of the three-component model over
the past 40 years under climate change. Even by assuming no change
in Chl-a over this period, the global increasing SST trend suggests an
average shift in phytoplankton size structure towards smaller celled
phytoplankton (picoplankton), but there are regional deviations from
this trend.

Considering the potential for ambiguity in ocean-colour data, our
results have profound implications for developing ocean-colour Chl-a
algorithms that are robust to the effects of climate change, and for
creating long-term data records of Chl-a concentration. Our results
emphasise the importance of considering the impact of climate change
on phytoplankton ecology when developing ocean-colour algorithms,
which will be investigated in subsequent contributions to this series of
papers.
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Abbreviation and Symbol Definition Unit (‘\’ indicates an abbreviation)

CDOM Coloured dissolved organic matter \

Chl-a Chlorophyll-a concentration mg m™3

HPLC High performance liquid chromatography \

NAP Non-algal particles \

0OC-CCI Ocean Colour Climate Change Initiative \

OISST Optimal Interpolation Sea Surface Temperature \

PSCs Phytoplankton size classes \

SFF Size-fractionated fluorometric \

SST Sea surface temperature °C

SST-CCI Sea Surface Temperature Climate Change Initiative \

C In-situ Chl-a concentration mg m™>

Cy, Gy, Gy, Gy Concentration of picoplankton, nanoplankton, microplankton, and combined pico- and mg m™3
nanoplankton

cr, ¢ Asymptotic maximum values for combined pico- and nanoplankton and picoplankton mg m™3

C, Total chlorophyll-a concentration estimated from the weighted sum of seven diagnostic mg m~3
pigments

D,,, D, Fraction of Chl-a as total Chl-a tends to zero for combined pico- and nanoplankton and dimensionless
picoplankton

Fy, F,, F;, Fy, Fraction of picoplankton, nanoplankton, microplankton, and combined pico- and nanoplankton dimensionless

G,, G, G, G,

H, H,, H., H,

Parameters for C", in 16-parameter model, where G, and G, control the upper and lower
bounds, G, represents the slope of the change, G, is the SST mid-point of slope
Parameters for C{" in 16-parameter model, same as G, — G,

Ty Iy, Jos Iy Parameters for D,, in 16-parameter model, same as G, — G,
0,, 0,, O, O, Parameters for D, in 16-parameter model, same as G, — G,
P p-value

P Diagnostic pigments in diagnostic pigment analyse

P, Part of the fucoxanthin pigment in the nanoplankton pool

q Coefficients of pigments in diagnostic pigment analyse

r Pearson linear correlation coefficient

U, U, U, Parameters for C", in 17-parameter model

Vis Vs Vs Vay Vi V;

Parameters for C}" in 17-parameter model, V, and V, are the height of peaks, ¥, and V, are
the positions of peak centres, and ¥, and V; control the width of the curve

w Weights of pigments in diagnostic pigment analyse
8 Bias

€ MAD, mean absolute difference

v RMSD, root mean squared difference

mg m~3, °C™1, °C, mg m™3

mg m~3, °C™1, °C, mg m™3
dimensionless, °C~!, °C, dimensionless
dimensionless, °C~!, °C, dimensionless
dimensionless

mg m™3

mg m™
dimensionless
dimensionless

3

mg m™ °C2, mg m™? °C”!, mg m~?

mg m™3, °C, °C, mg m3, °C, °C

dimensionless*
dimensionless*
dimensionless*
dimensionless*

*The unit depends on the input.
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Appendix B. Supplementary data

Supplementary material related to this article can be found online
at https://doi.org/10.1016/j.rse.2022.113415.
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