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Abstract

Purpose of Review We review how phytoplankton abundance may be responding to the increase in stratification associated with
anthropogenic climate change, providing context on the utility of remote sensing datasets and Earth system model output to
understand these perturbations.

Recent Findings Assessing disruption in the ocean biosphere using remote sensing datasets is challenged by the relatively short
length of the observational record, restricting our ability to disentangle fluctuations due to internal climate variability from those
imposed by externally forced anthropogenic trends. Ensembles of Earth system models can be used to quantify past and future
drivers, but may not skillfully predict observed spatial patterns and temporal dynamics in marine phytoplankton.

Summary To better understand the role of internal climate variability in the observational record, we construct a synthetic
ensemble of global chlorophyll concentration over the MODIS satellite mission using statistical emulation techniques. We
emphasize the use of a synthetic ensemble to illuminate the role of internal climate variability in the evolution of the ocean
biosphere over time.

Keywords Ocean biosphere - Phytoplankton abundance - Climate variability - Anthropogenic trends - Stratification - Global
carbon cycle

Introduction

The ocean biosphere is an important component of the climate
system, absorbing 30% of anthropogenic carbon emissions
and storing 45x more carbon than the atmosphere [1].

This article is part of the Topical Collection on Carbon Cycle and Climate
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Although phytoplankton constitute a small reservoir of carbon
(3GtC), their capacity to photosynthetically fix carbon from
the atmosphere enhances the ocean’s role as a carbon sink [2].
The efficiency and strength of carbon sequestration by the
biological pump in the oceanic reservoir strongly influences
atmospheric carbon dioxide concentrations, with important
feedbacks on the climate system [3, 4].

As the climate changes, the abundance and distribution of
phytoplankton in the global ocean will likely also change.
Increasing global temperatures will warm the ocean surface
more than the ocean interior, driving an increase in ocean
stratification [S]. An increase in stratification will reduce the
upward flux of nutrients to the surface ocean and restrict phy-
toplankton growth, but may also alleviate light limitation [6,
7]. In contrast, colder, nutrient-rich regions may see an in-
crease in phytoplankton growth as increasing temperatures
stimulate phytoplankton metabolism [8§, 9ee].

Here, we review how phytoplankton abundance may be
responding to the increase in stratification associated with
anthropogenic climate change, providing context on the utility
of remote sensing datasets and Earth system model (ESM)
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output to understand these perturbations. An ESM is a global
climate or general circulation model (GCM) with explicit and
interactive representation of terrestrial and marine carbon cy-
cles and other biogeochemically important processes. Each of
these methods has advantages and disadvantages in diagnos-
ing anthropogenic change. Assessing disruption in the ocean
biosphere using remote sensing datasets is challenged by the
relatively short length of the observational record, restricting
our ability to disentangle fluctuations due to internal climate
variability from those imposed by externally forced anthropo-
genic trends [10]. While ensembles of ESMs can be used to
quantify past and future changes in phytoplankton abundance
and attribute these changes to internal or external drivers,
models may not skillfully predict the observed phytoplankton
chlorophyll field [9ee, 11].

To overcome these limitations, we construct a synthetic
ensemble of global ocean chlorophyll concentration by apply-
ing statistical emulation techniques to the 17-year Moderate
Resolution Imaging Spectroradiometer (MODIS) chlorophyll
record. Much like large initial condition ensembles generated
with ESMs, our synthetic ensemble represents multiple possi-
ble evolutions of ocean chlorophyll concentration, each with a
different phasing of internal climate variability (e.g., El Niflo
Southern Oscillation, Pacific Decadal Oscillation) but with
shared external forcing (e.g., slow declines driven by increas-
ing stratification) [12, 13, 14e¢]. Our synthetic ensemble can
be used for a variety of purposes, including diagnosing pat-
terns of internal variability in observed chlorophyll, and vali-
dating ESM representation of such variability.

Importance of Phytoplankton to Ocean
Biogeochemical Dynamics

The distribution and abundance of phytoplankton in the global
ocean is controlled by temperature and the availability of light
and nutrients [15]. These variables are modulated by physical,
chemical, and biological processes that vary across regional
ocean ecosystems. The distribution of phytoplankton at a
global scale can be quantified by the remote measurement of
ocean color, specifically the reflectance of the photosynthetic
pigment chlorophyll a. Chlorophyll concentration varies spa-
tially and temporally by orders of magnitude across the global
ocean (Fig. 1a). Variations in chlorophyll concentration may
be attributed to changes in the physical environment, as well
as phytoplankton physiology [16+¢]. Annual-mean chloro-
phyll concentration is elevated in the subpolar, polar, equato-
rial, and eastern boundary upwelling regions; high concentra-
tions in these regions result from the upwelling of deep,
nutrient-rich waters to the surface ocean. In contrast, regions
such as the subtropical gyres display relatively lower chloro-
phyll concentrations due to restrictions in nutrient supply
(Fig. 1a).

@ Springer

The global distribution of chlorophyll is also tightly
coupled to light availability. Mean annual light availability
decreases from the equator to the poles. In nutrient-replete
subpolar and polar regions, phytoplankton growth is restricted
in the winter when light is limited and enhanced in the spring,
summer, and autumn when light is more abundant, creating a
strong seasonal cycle in chlorophyll. In contrast, subtropical
oceanic regions with ample light tend to be instead limited by
the supply of nutrients due to a permanent thermocline, show-
ing only moderate seasonality [17, 18]. Thus, the spatiotem-
poral distribution of chlorophyll in the global ocean varies
primarily as a function of both light and nutrient availability.
Further, satellite-derived chlorophyll measurements are fre-
quently used in combination with other ocean variables (e.g.,
mixed layer depth, sea surface temperature) to estimate depth
integrated net primary production (NPP) of ocean phytoplank-
ton [19]. While various NPP algorithm solutions differ sub-
stantially, these aim to relate ocean color observations of chlo-
rophyll to oceanic carbon cycling.

Phytoplankton harvest light to convert inorganic carbon to
organic carbon through the process of photosynthesis.
Oxygenic photosynthesis by phytoplankton in the surface
ocean (between 0 and 200 m depth) is responsible for the
consumption of carbon dioxide and the biochemical produc-
tion of organic matter [20]. A high proportion (~99%) of this
organic matter is respired by heterotrophic organisms in the
surface ocean rather than exported to depth [21]. The sinking
of a small fraction of organic carbon through the water column
forms the basis of the biological pump, a biologically driven
process which sequesters carbon from the atmosphere to the
ocean interior [3]. The efficiency and strength of the biological
pump strongly influences the global carbon cycle by contrib-
uting to the amount of carbon removed from the surface ocean
and transported to depth [20].

The consumption of nutrients by phytoplankton influences
the concentration and distribution of chemical species in the
global ocean. When phytoplankton photosynthetically fix car-
bon in the surface ocean, they require a variety of nutrients.
Nitrate, phosphate, and iron are among the nutrients required
by phytoplankton and the assimilation of these nutrients in the
surface ocean alters their vertical and lateral distribution [20].
Nutrients such as nitrate, phosphate, and silicate are consid-
ered macronutrients, which are required by phytoplankton in
large amounts to support cellular growth and metabolism. In
contrast, micronutrients such as iron, zinc, and cobalt are re-
quired in small amounts for the activity of enzymes and other
intracellular functions [22]. In the global ocean, phytoplank-
ton can be limited by either macronutrients or micronutrients.
In polar regions, particularly the Southern Ocean, phytoplank-
ton are limited by micronutrients, such as iron, and there is an
abundance of macronutrients [23]. In contrast, in regions of
the subtropical gyres, phytoplankton are limited by low con-
centrations of macronutrients such as nitrate and phosphate.
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Fig. 1 a Spatial distribution of
chlorophyll concentration in
milligrams of carbon per cubic
meter over the MODIS satellite
record (2002 to 2019). b Standard
deviation of detrended and
deseasonalized chlorophyll
concentration over the MODIS
satellite record (2002 to 2019). ¢
Number of years of continuous
ocean color data required to
distinguish a climate change
driven trend in chlorophyll
concentration from natural
climate variability over the
MODIS satellite record.
Calculated following the method
of Tiao et al. (1990) and
Weatherhead et al. (1998)

0.01 0.1 1

In addition to influencing nutrient and carbon distributions
in the ocean, phytoplankton also serve as the base of the ma-
rine food web [2]. Heterotrophic zooplankton graze on phy-
toplankton and act as primary consumers in oceanic ecosys-
tems. Phytoplankton productivity supports complex food
webs and diverse marine ecosystems by providing sustenance
for higher trophic levels. Perturbations to phytoplankton pro-
ductivity by anthropogenic climate change have the potential
to trigger trophic cascades, dramatic reorganizations of the
marine food web [24, 25]. However, the exact manifestations
of these dramatic reorganizations in the ocean biosphere re-
main uncertain.

Anthropogenic Stratification and Ocean
Phytoplankton

Anthropogenic climate change is heating the global ocean [5].
Due to direct contact with a warming atmosphere, the ocean’s
surface is warming more rapidly than deeper waters, with
temperatures in the upper 75 m increasing at a rate of
0.11 °C per decade [26]. As a result, the thermal stratification
(the strength of the vertical density gradient) of the upper
ocean (0 to 200 m depth) has increased by approximately
4% since the 1970s, shoaling the depth of the mixed layer
[26].

Enhanced stratification of the upper ocean restricts the
transport of nutrients to the euphotic zone, limiting phyto-
plankton growth [6]. This trend is corroborated by both re-
mote sensing datasets and ESM output. Remote sensing

Mean Chlorophyll Concentration (mg / m3)

100 0.01 0.1 1 10 100
Standard Deviation of Chlorophyll Concentration (mg / m3)

20 40 60 80 100 120 140

n* (years)

datasets suggest low-nutrient regions have expanded at rates
of 0.8 to 4.3% per year between 1998 and 2006, consistent
with a reduction in nutrient availability due to enhanced strat-
ification [27, 28]. A variety of ESMs predict a reduction in net
primary productivity (NPP) in low- to mid-latitude regions
under twenty-first century global warming simulations [6, 8,
Qee,29-31, 32¢, 33¢]. The primary mechanism explaining this
change is enhanced stratification and the subsequent restric-
tion in vertical nutrient supply.

Observing Changes in Ocean Phytoplankton

Particles in the ocean, such as the photosynthetic pigment
chlorophyll a, can absorb and scatter sunlight, altering the
ocean’s color. This color can be remotely observed by satellite
imaging radiometers which measure the wavelength and in-
tensity of any reflected electromagnetic radiation [34].
Chlorophyll reflects identifiable wavelengths and intensities,
which can be used to infer certain phytoplankton properties
and activities [35, 36]. Fluctuations in the relative intensity of
the blue and green bands are driven by both changes in phy-
toplankton abundance in the surface water column and phys-
iological responses to light and nutrient levels, allowing
changes in the ocean biosphere to be observed on a variety
of spatial and temporal scales [16°¢]. Although the reflected
signal may provide incomplete spatial coverage due to obscur-
ing clouds and sun glint, 8-day and longer composites con-
structed from daily datasets which incorporate an atmospheric
correction provide a near-complete image [37].
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Algorithms which convert ocean color to phytoplankton
chlorophyll @ concentration (mg m>) have evolved from
simple empirical regressions [38] to complex radiative
transfer equation inversions [39]. While each approach
can be applied to a specific range of conditions, histori-
cally an algorithm based on the spectral ratio of remote
sensing reflectance has been used to produce global chlo-
rophyll a products from measurements made remotely by
satellites. A commonly used algorithm to generate chloro-
phyll a products is the ocean color index (OCI), which
measures the difference between reflectance measured in
the green wavelengths and a linear reference between the
blue and red wavelengths [40]. The OCI is particularly
effective in the measurement of chlorophyll concentration
below 0.25 mg m > which constitutes approximately three
quarters of the global ocean [40]. These areas of relatively
low chlorophyll concentration are concentrated in regions
of the oligotrophic open ocean. Over the past several de-
cades geospatial datasets of chlorophyll concentration have
been generated by multiple satellite instruments with vary-
ing spatial and temporal coverage. These include the
Coastal Zone Color Scanner (CZCS), the Ocean Color
and Temperature Sensor (OCTS), the Sea-viewing Wide
Field-of-view Sensor (SeaWiFS), the Moderate Resolution
Imaging Spectroradiometer (MODIS), the Medium
Resolution Imaging Spectrometer (MERIS), and the
Visible Infrared Imaging Radiometer Suite (VIIRS). The
MODIS satellite mission provides the longest continuous
record of global ocean chlorophyll concentration, with
coverage from 2002 to present. Figure la illustrates the
mean of monthly averaged surface ocean chlorophyll con-
centrations calculated using the OCI algorithm at 1°x 1°
resolution over the MODIS satellite mission (2002 to
2019).

Although there is a mechanistic understanding of how an-
thropogenic change may affect the ocean biosphere over time,
there is debate about whether these changes are already de-
tectable from remotely sensed observations [10, 41, 42, 43ee,
44]. Assessing changes in the ocean biosphere using remote
sensing data is challenged by the relatively short length of the
continuous observational record and high temporal variability
[41,43e¢]. Figure 1b displays the standard deviation of month-
ly averaged surface ocean chlorophyll concentrations at 1° x
1° resolution from the MODIS record, illustrating that in ad-
dition to the spatial variability in chlorophyll (Fig. 1a), there is
also substantial temporal variability.

The short length of the observed chlorophyll record re-
stricts our ability to disentangle fluctuations due to internal
climate variability from those imposed by externally forced
anthropogenic trends [41, 43¢¢]. In this context, internal
variability refers to variability of the climate system which
occurs in the absence of external forcing, and includes pro-
cesses related to the coupled ocean-atmosphere system (e.g.,
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El Nifio Southern Oscillation (ENSO), Pacific Decadal
Oscillation (PDO)) [45-47]. External forcing, in contrast, re-
fers to the signal imposed by processes external to the climate
system, such as solar variability, volcanic eruptions, and rising
greenhouse gas concentrations from fossil fuel combustion
[12, 46, 48]. While not all external forcing is anthropogenic,
the long-term rise in global temperature that leads to stratifi-
cation and possible declines in chlorophyll concentration is
anthropogenic, rather than natural [26].

A small number of studies suggest that the influence of
anthropogenic global warming on the ocean biosphere can
be detected over an observational period as short as a decade
[49]. A decline in global chlorophyll concentration by
0.01 Tg year ' between 1999 and 2006 was inferred by
Behrenfeld et al. (2006) to reflect a response of the ocean
biosphere to global climate change. An inverse relationship
between chlorophyll concentration and sea surface tempera-
ture in the tropics and subtropics suggested that enhanced
thermal stratification was restricting surface nutrient supply
and limiting phytoplankton growth in these regions. Several
recent studies using remote-sensing datasets have identified
changes in satellite-derived chlorophyll or phytoplankton pro-
ductivity in specific oceanic regions, such as the Southern
Ocean [50¢], and the Pacific and Indian Oceans [51e°].

Studies of phytoplankton biomass or productivity over lon-
ger timescales have also attributed changes in phytoplankton
abundance to anthropogenic climate change [52, 53¢]. An in-
tegrated dataset of remote sensing observations and in situ
chlorophyll measurements compiled since 1899 revealed a
decrease in phytoplankton biomass by approximately 1%
per year, attributable to enhanced thermal stratification [52].
Howeyver, observational datasets from the Hawaii Ocean Time
Series (HOTS), Bermuda Atlantic Ocean Time Series
(BATS), and the California Cooperative Oceanic Fisheries
Investigations (CalCOFI) indicated increased phytoplankton
biomass over the last 20 to 50 years [54]. These conflicting
findings demonstrate the sensitivity of phytoplankton trends
to the methodology and length of record.

A majority of studies which incorporate a variety of ESMs
and remotely sensed datasets of phytoplankton abundance
suggest that a continuous observational record of between
20 and 60 years is required to detect a statistically significant
trend in remote sensing datasets of chlorophyll concentration
[10, 41, 42, 43, 55]. Long-term changes in the ocean bio-
sphere are detectable if the trend is appreciably larger than the
noise generated by internal climate variability and a sufficient
length of continuous observations is available. However, in
the majority of the global ocean the expression of internal
variability obscures identification of possible forced secular
trends in the climate record. The duration of observational
time-series required varies regionally in the global ocean as
a function of the regional secular signal to noise ratio [10]. The
number of years required to distinguish a trend from
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variability is calculated using the method of Tiao et al. (1990)
and Weatherhead et al. (1998) [56, 57]. The number of years,
n*, required to detect a linear trend with a probability of 90%
is

i — 330n |14
|| 1—p

where oy is the standard deviation of the noise (chlorophyll
anomalies with linear trend and seasonal cycle removed), w is
the trend (the global average trend in chlorophyll concentra-
tion over the observational period), and ¢ is the autocorrela-
tion (the lag-1 autocorrelation of chlorophyll anomalies over
the observational period). Figure 1c illustrates the number of
years of continuous remote sensing data required to distin-
guish a trend in chlorophyll concentration from variability
over the MODIS satellite mission. The length of the time
series required to detect a statistically significant trend varies
regionally, with relatively short time series required in regions
with low temporal variability (subtropics) and relatively lon-
ger time series required in regions with high temporal variabil-
ity (coastal upwelling zones and polar regions).

Using Eq. 1, with oy and ¢ estimated from satellite obser-
vations at 1° x 1° resolution, we find approximately 40 years
of continuous remote sensing observations are required to
detect a statistically meaningful trend in global chlorophyll
concentrations, while detection times are predicted to be
shorter (20 to 30 years) in regions with relatively lower tem-
poral variability (Fig. 1¢) [10]. This is in agreement with pre-
vious modeling studies which also used Eq. 1 to determine
detection timescales for anthropogenic changes in surface
chlorophyll concentrations but estimated the parameter values
with ESMs [43¢e].

2/3

(1)

Modeling Changes in Ocean Phytoplankton

Earth system models (ESMs) can be used as a predictive tool to
identify long-term changes in phytoplankton abundance and pro-
ductivity under different emission scenarios. In simulations under
twenty-first century global warming conditions, phytoplankton
abundance is predicted to decrease globally [8, 30, 58]. Most
models included in the Coupled Model Intercomparison Project
Phase 5 (CMIP5) show consistent declines in phytoplankton
abundance by 2100, though the magnitude of the decrease varies
substantially between models [8, 59]. The majority of models
project an increase in phytoplankton abundance in the high lati-
tude ocean as light limitation is alleviated from thermal stratifi-
cation, increasing temperature stimulates photosynthesis, and sea
ice cover declines. In contrast, a decrease in the low latitude
oceans is projected as nutrient limitation from thermal stratifica-
tion is enhanced [8, 30, 33¢e].

A warming ocean can both enhance phytoplankton growth
rate as increased temperatures accelerate metabolic reactions
and restrict phytoplankton abundance due to enhanced ther-
mal stratification resulting in surface nutrient reductions [31].
These conflicting controls on phytoplankton growth may gen-
erate regional differences in simulated phytoplankton abun-
dance projections depending on the predominant effect [31,
32¢]. For example, in CMIP5 models, integrated phytoplank-
ton abundance projections with climate change vary latitudi-
nally depending on whether temperature, light,
micronutrients, or macronutrients are limiting, with macronu-
trient and temperature controls dominant between 45°S to
45°N latitude [60].

Regional biome changes under climate warming scenarios
are also predicted to shift phytoplankton community structure.
Thermal stratification and subsequent nutrient reduction are
predicted to favor the success of small phytoplankton relative
to large phytoplankton [61, 62]. Due to a relatively larger
surface area-to-volume ratio, smaller phytoplankton more ef-
ficiently assimilate nutrients than larger phytoplankton. The
parameterization of this effect in the Community Earth
System Model (CESM) generates biogeochemical regime
boundaries at 45°N and 45°S latitude, where a specific thresh-
old surface nutrient concentration occurs; within the low-
latitude region demarcated by these boundaries, decreases in
surface nutrient supply result in greater decreases in large
phytoplankton biomass because smaller phytoplankton are
less impacted by nutrient decreases in low-nutrient conditions
[61].

A relatively new approach to distinguishing externally
forced anthropogenic signals from internal climate variability
in modeled ocean phytoplankton is to analyze output from an
ensemble of simulations conducted with a single Earth system
model; here, each ensemble member has a different phasing of
internal variability, but shares identical external forcing with
other ensemble members [12]. An ensemble of simulations
which each differ slightly in their initial conditions generates
large internal variability in ocean biogeochemical variables,
while the ensemble mean demonstrates externally forced
trends [63—68, 69¢¢]. The Community Earth System Model
large ensemble (CESM-LE) is a fully coupled global climate
model that provides reconstructions of Earth’s past climate
and projections of Earth’s future climate under different forc-
ing scenarios, simulating the temporal evolution of the climate
system of multiple ensemble members, each with slightly dif-
ferent initial conditions [70]. Many other fully coupled climate
models also utilize the large ensemble framework, including
the GFDL Earth System Model 2M (ESM2M) [63, 67, 69¢¢].

In order to quantify timescales over which externally
forced trends in multiple ocean biogeochemical variables
can emerge from internal variability, Rodgers et al. (2015)
employed a perturbed initial condition ensemble of
ESM2M to simulate changes under a historical emission
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scenario and representative concentration pathway 8.5
(RCP 8.5), which is considered a high emissions or
business-as-usual scenario [63]. This analysis revealed that
anthropogenic changes to global mean marine NPP would
be the last of four biogeochemical variables analyzed to
emerge from internal variability after changes in acidifica-
tion, SST, and oxygen concentrations, respectively. A
complementary study with the same model framework that
incorporated several additional biogeochemical variables
also found that global warming-induced changes in marine
NPP would be slowest to emerge [69+¢]. Taken together,
these two studies suggest that significant changes in phyto-
plankton biomass may take a longer time to detect com-
pared with other biogeochemical variables [63, 69¢¢].

In addition to diagnosing timescales of emergence for
biogeochemical parameters, perturbed initial condition en-
sembles can be used to constrain the contribution of internal
climate variability on uncertainty in projections of marine
NPP. Simulations forced with radiative forcing scenarios
RCP 2.6 and RCP 8.5 using CMIPS5 models revealed that
internal climate variability in ESMs can contribute significant
uncertainty to future projections of marine NPP, especially on
regional scales [9+°, 67]. Krumhardt et al. (2017) identified
avoidable impacts of anthropogenic climate change on declin-
ing phytoplankton abundance by comparing ensemble inte-
grations of the CESM-LE forced with two different radiative
forcing scenarios: RCP 4.5 (mitigation emission scenario) and
RCP 8.5 (high emissions scenario) [9+¢]. Their study suggests
that if we follow a mitigation emission scenario (RCP 4.5),
large-scale regional declines in NPP are only avoidable in the
Atlantic sector, whereas large internal climate variability pre-
cludes statistical separation of the externally forced NPP re-
sponse elsewhere.

Although ESMs are an effective tool for projecting the
response of the ocean biosphere to anthropogenic climate
change, it is essential to consider how the ESM representa-
tion of phytoplankton abundance compares to observed
records of phytoplankton over time. Phytoplankton concen-
trations have been measured continuously over multiple de-
cades at several ocean time series locations in the global
ocean. Saba et al. (2010) compared the representation of
chlorophyll concentration from 36 ESMs with embedded
biogeochemistry to observational datasets collected at the
ocean time series of HOTS and BATS between 1989 and
2007 [54]. At both sites, time-series observations of month-
ly mean chlorophyll concentration are larger than those pro-
duced by 90% of current generation ESMs, motivating
further evaluation of the ESM representation of chlorophyll
on both monthly and interannual timescales; the models
also performed relatively poorly at producing an observed
increasing NPP trend, indicating that ESMs may not accu-
rately simulate multiannual changes in phytoplankton abun-
dance over short time periods.

@ Springer

Synthetic Ensemble of Ocean Chlorophyll
Concentration

A complementary approach to quantifying internal variability
in phytoplankton abundance is to construct an observationally
constrained synthetic ensemble by statistically emulating the
satellite-derived chlorophyll record. Observations can provide
a strong constraint on uncertainty related to internal climate
variability over time in cases where the dominant timescales
of variability are resolved within the observed record. With
this constraint, the synthetic ensemble consists of alternate
evolutions of the observed spatiotemporal field that preserve
the statistical properties of the single observational record.

In order to generate a synthetic ensemble of global chloro-
phyll concentration, we build upon the statistical model devel-
oped in McKinnon et al. (2017) and McKinnon and Deser
(2018) for temperature, precipitation, and sea level pressure
[13, 14e¢]. In our case, we model chlorophyll concentration as

X = B+ B5' + B + BensoMinso + BopoMbpo + €7 (2)

where X"’ is the chlorophyll concentration at location i and
time ¢£. We model chlorophyll as a linear combination of the
mean state (ﬁf)), seasonality (6? ), response to external forcing
(B87%), response to two dominant climate modes
(BinsoMinsos BrpoMbno), and residual internal climate
variability (" ). Importantly, the 3’ term in Eq. 2 represents
the chlorophyll response to external forcing, while the last
three terms represent internal climate variability. The two time
series Mingo and Mpp, represent the evolution of the climate
modes ENSO and PDO respectively, which have been shown
to influence chlorophyll concentration [71-73]. Due to covari-
ance between ENSO and PDO, we have created two orthog-
onalized time series via principal component analysis of the
original observed temporal evolution of ENSO and PDO over
1880 to 2019. Chlorophyll anomalies are calculated by re-
moving the mean state (ﬁf)), monthly climatology (ﬂg”), and
linear trend in global mean chlorophyll (/3) from the original
MODIS dataset of chlorophyll concentration at monthly, 1° x

1° resolution (Fig. 2b). Binso and Bppo are estimated by cal-
culating the ordinary least squares regression of the MODIS
chlorophyll anomalies against time series of ENSO and PDO
to determine the sensitivity of chlorophyll concentration to
these modes. The spatially varying regression coefficients
are multiplied by the observed indices and subtracted from
the chlorophyll anomalies to remove the direct influence of
the climate modes from the time series (Fig. 2b), leaving us
with the residual internal climate variability, /.

We take a two-step process to create the synthetic en-
semble. First, the residuals, £, are resampled 1000 times
using the nonparametric moving block bootstrap (MBB)
in time, retaining their spatial structure (Fig. 2c) [74]. The
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Fig. 2 Schematic representation
of the construction of a synthetic
ensemble of regional ocean
chlorophyll concentration in the
Eastern Equatorial Pacific. a
Original MODIS observed time
series. b Remove mean, linear
trend, monthly climatology, and
scaled climate modes from
original time series. ¢ Block
bootstrap residuals 1000 times
using the moving block bootstrap
method. d Generate 1000
surrogate climate modes of ENSO
and PDO using the iterative
adjusted amplitude Fourier
transformation method. e
Generate distinct ensemble
members by combining the mean,
the trend, the seasonal cycle, the
block bootstrapped anomalies,
and the response to surrogate
climate modes. Synthetic
ensemble member 3 is shown in
the light blue line, and synthetic
ensemble member 10 is shown in
the orange line. Dashed red lines
represent the trend of each
synthetic ensemble member over
the observational period

residuals are resampled using a block length of 12 months
which fully encapsulates the seasonal cycle in global
chlorophyll concentration variability. Second, the re-
sponse of chlorophyll concentration to different possible
evolutions of climate modes over time is incorporated by
generating 1000 surrogate climate modes of ENSO and
PDO using the iterative adjusted amplitude Fourier trans-
formation (IAAFT) method (Fig. 2d) [75, 76]. This surro-
gate data approach produces an ensemble of time series
with the same spectral characteristics as the original cli-
mate mode time series. The surrogate climate modes are
multiplied by the regression coefficients, Bgyso and Bppo.
estimated from the observed record to create time series of
chlorophyll that could have occurred given a different
temporal evolution of ENSO and PDO. We combine the

block bootstrapped anomalies and the response to the sur-
it

(a)
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S
multiple distinct synthetic ensemble members (Fig. 2e).
Figure 2e illustrates the temporal evolution of two syn-
thetic ensemble members in the Eastern Equatorial
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Pacific. Each member displays a different long-term trend
at this location due to different sampling of climate

Figure 3 displays the spatial pattern of the trend in
annual-mean chlorophyll concentration over 2002 to
2019 for two distinct synthetic ensemble members.
Synthetic ensemble members 3 (Fig. 3a) and 10
(Fig. 3b) exhibit trends of opposite sign in many re-
gions of the ocean. For example, in the Eastern
Equatorial Pacific, synthetic ensemble member 3 depicts
a trend toward increasing chlorophyll concentrations
over time, while synthetic ensemble member 10 displays
a trend toward decreasing chlorophyll. This behavior is
also apparent in the California Current Eastern
Boundary Upwelling System, the subpolar North
Atlantic, the subtropical Pacific, and the Southern
Ocean. Thus, results from our synthetic ensemble sug-
gest that internal variability plays an important role in
chlorophyll concentration in these regions, consistent
with previous studies [10, 48, 69ee].
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Fig. 3 a Annual trend in global

Synthetic Ensemble Member 3

Synthetic Ensemble Member 10

chlorophyll concentration from
2002 to 2019 of synthetic
ensemble member 3. b Annual
trend in global chlorophyll
concentration from 2002 to 2019
of synthetic ensemble member
10. ¢ Annual trend in global
chlorophyll concentration from
2002 to 2019 over the MODIS

(b)

o

ocean color record

Observed trends in real-world chlorophyll concentration
from the MODIS record (Fig. 3c) show decreasing chloro-
phyll over time in the subtropical oceans and the California
Current Eastern Boundary Upwelling System, with increasing
chlorophyll over time in the subpolar North Atlantic, parts of
the Southern Ocean, and other Eastern Boundary Upwelling
Systems. The real world is a single realization (or ensemble
member) in our ensemble framework. As such, the observa-
tional record is equally affected by the phasing of internal
climate variability in the real world. That the negative trend
in observed chlorophyll in the California Current Eastern
Boundary Upwelling System is captured in synthetic ensem-
ble member 3 but not member 10 implies that the observed
trend is driven by the phasing of internal variability, for ex-
ample. Our synthetic ensemble thus cautions against
interpreting trends as externally driven across much of the
global ocean.

Conclusions

The abundance and distribution of phytoplankton in the global
ocean are controlled by both internal climate variability and
external anthropogenic forcing. Our understanding of the
ocean biosphere has been informed by the analysis of remote
sensing datasets and ESM output. Each of these methods has
advantages and disadvantages to diagnosing changes in ma-
rine phytoplankton over time. Assessing disruption in the
ocean biosphere using remote sensing datasets is challenged
by the relatively short length of the observational record,
restricting our ability to disentangle fluctuations in internal
climate variability from externally forced anthropogenic

@ Springer
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trends. Ensembles of Earth system models can be used to
confidently isolate the response due to internal climate vari-
ability and external forcing, but may not skillfully represent
observed spatial patterns in marine phytoplankton.

To reconcile these differences between the satellite-derived
observational record and ESM output, we implement the nov-
el approach of constructing a synthetic ensemble of global
chlorophyll concentration using data from the MODIS satel-
lite mission. Our synthetic ensemble reveals an important role
for internal variability in surface ocean chlorophyll across the
global ocean. It further cautions against interpreting long-term
trends from the observed record as driven by externally forced
anthropogenic climate change.
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