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Marine phytoplankton are essential to ocean biogeochemical cycles.
However, our understanding of changes in phytoplanktonrely largely on
satellite data, which can only assess changes in surface phytoplankton.

How climate variability isimpacting their vertical structure remains
unclear. Here we use 33 years’ worth of data from the Sargasso Sea to show
distinct seasonal and long-term phytoplankton climate responsesin the
surface mixed layer compared with the subsurface. Seasonally, the surface
community alters their carbon-to-chlorophyll ratio without changing their
carbon biomass, whereas the chlorophyll a and carbon of the subsurface
community covaries with no change in their carbon-to-chlorophyll ratio.
Over the last decade, the subsurface phytoplankton biomass hasincreased
inresponse to warming, whereas the surface phytoplankton have altered
their carbon-to-chlorophyll ratio with minimal change in their carbon
biomass. Given that satellites can only view the surface ocean, sustained
subsurface monitoring is required to provide a full understanding of how
phytoplankton are responding to climate change.

Marine phytoplankton are photosynthetic, single-celled microscopic
organisms that form the base of the marine food-web'?. They are
essentialinthe regulation of global ocean biogeochemical cycles and
climate®*. Physical and chemical changes in the ocean are modifying the
distribution, phenology, abundance and composition of phytoplank-
ton, impacting higher trophic levels and biological carbon export*®.
Improving our understanding of the impact of upper-ocean warming,
and concurrentincreased stratification, on phytoplanktonis critical to
predicting changesin planetary biogeochemical cycles and the marine
ecosystem”™",

Global estimates of phytoplankton abundance are often acquired
using the satellite remote sensing of ocean colour, due to its unparal-
leled capability of observing the surface ocean at high spatial and
temporal resolutions'. However, satellite ocean colour observations
can only monitor surface phytoplankton communities (<50 m depth
inthe clearest waters'). Below the surface mixed layer of the season-
ally and permanently stratified regions, which cover more than 70%

of the global ocean, resides an understudied subsurface community
that satellites cannot see'*". This community can contribute a sub-
stantial portion of the total water-column phytoplankton biomass
and production’™ and can have contrasting phenology to surface
communities?*?. Subsurface phytoplankton often form deep chloro-
phyll maximums (DCM) or subsurface chlorophyll maximums (SCM)",
and blooms often occurring for longer periods than in surface com-
munities?. Considering the relevance of subsurface communities, it is
essential toimprove our understanding of how phytoplankton vertical
structure may beimpacted by upper-ocean warming and stratification
asaresult of climate variability.

The increasing wealth of data provided by autonomous plat-
forms, such as Biogeochemical-Argo floats, can complement satellite
data and improve our ability to monitor phytoplankton at depth™?',
Recently, a model was developed to partition the vertical structure
of phytoplankton biomass into two communities—a surface com-
munity visible by satellite and a subsurface community below the
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Fig.1|Seasonality in surface and subsurface phytoplankton from BATS.
a-c, Monthly boxplots of surface (a), subsurface (b) and total (c) phytoplankton
carbonintegrated concentrations. d,e, Surface (d) and subsurface (e) Chl-a
integrated stocks. f, MLD. g,h, Surface (g) and subsurface (h) phytoplankton
C:Chlratios. i, Mean Brunt-Viisald buoyancy frequency (BVF) stratification
index. In all panels, the centre line is the median, boxes represent the
interquartile range (25th to 75th percentiles), whiskers 1.5x interquartile range
and diamond points are the outliers beyond this range. See Methods for details

on the computation of the MLD, BVF and column integrations. Depth integration
was done from the surface to 1.5 times the euphotic depth (1.5 Z,) (Methods).
See Extended Data Fig.1for monthly boxplots based on concentrations instead
of integrated stocks, which reveal similar seasonal cycles. See Extended Data
Figs.7 and 9 for the entire time series for MLD, mean BVF, integrated Chl-a and
POC model results, and C:Chl ratios. See Supplementary Table 3 for the number
of profiles and values per month used to calculate each boxplot.

mixed layer—hidden from satellite observation?. This tool has been
combined with Biogeochemical-Argo data to observe phytoplankton
biomass dynamics below the mixed layer'>”*. However, because these
platforms are relatively recent additions to the ocean observing sys-
tem, they have not yet yielded the long-term records that ship-based
observations provide?. Although ship-based surveys provide limited
spatial coverage, they can provide long-term, frequent and high-quality
observations of phytoplankton vertical structure at specific sites, such
astheseasonally stratified Bermuda Atlantic Time-series Study (BATS)
siteinthe Sargasso Sea (see Supplementary Section 3 for further details
about thessite), making themsuitable for observing longer-term trends
insubsurface phytoplankton. Recent studies at BATS have shown that
oceanwarmingis linked to along-term decline in phytoplankton pro-
ductivity and adaption in carbon export strategies due to increased
water-column stratification***,

Here we apply a conceptual model*” to in situ ship-based data
from BATS to explore the phytoplankton dynamics of two communi-
ties (surface and subsurface) over a 33-year period (1990-2022). The
surface community is reflective, primarily, of the phytoplankton in
the mixed layer (aturbulent environment with variable light), with the
subsurface community reflecting the phytoplankton below the mixed
layer (alow-light environment)®°. BATS provides a unique opportunity
to explore the effects of warming and mixed-layer dynamics on the

IZO

vertical distribution of phytoplankton biomass due to its multidecadal
record of measured vertical profiles of chlorophyll a (Chl-a) concen-
trations and particulate organic carbon (POC)*, which are converted
here to estimates of phytoplankton-specific biomass. The model is
usedtointerpolate (or extrapolate) sparse observations over the water
column, capturing features of the profile, and to intuitively estimate
phytoplankton carbon from POC profiles (see Supplementary Section
4.3). Weinfer the portions of Chl-aand POC contributed by the surface
and subsurface communities separately (Methods and Supplementary
Information), and study the seasonality and multidecadal trends in
the carbon-to-Chl-a ratios (C:Chl) of the two communities. BATS is
ideal for this type of analysis because of its location, dataset length
(33 years, 1990-2022), conditions and similarity to other subtropical
oceanregions®. Our results suggest upper-ocean warmingis impacting
the vertical structure of phytoplanktonin seasonally stratified regions
and pointto aneed forimproved monitoring at depths below satellite
observational capabilities.

Seasonal contrasts in surface and subsurface
phytoplankton

Surface phytoplankton carbonintegrated stocks (Fig. 1a) and concen-
trations (Extended Data Fig.1a) remain relatively stable over the season,
whereas subsurface phytoplankton carbon shows a clear seasonal
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Fig.2|Multidecadal increasing surface-ocean temperature trend from BATS
and how it changed over thelast12 years. Time series of SSTs taken as the
median in the upper 11 m of the water column. Solid grey line, SSTs from the BATS
CTD profiles used in the study; solid red line, de-seasonalized SST data; dashed
black line, linear regression applied to the entire de-seasonalized SST time series
(1990-2022); dashed purple line, linear regression fitted to de-seasonalized

SSTsto the end of 2010 (pre-2011includes 1990-2010); dashed red line, linear
regressions fitted to the de-seasonalized SSTs from 2011 to the end 0f 2022 (post
2011includes 2011-2022). All trends were significant (Pearson correlation, P = 0).
See Data analysis for extraction of the de-seasonalized data and for details on the
linear trend analysis (Methods).

cyclewith the highest (lowest) stocks and concentrations occurringin
the summer (winter) (Fig. 1b and Extended Data Fig. 1b). This seasonal
signatureinthe subsurfaceis reflected in the total vertically integrated
phytoplankton carbon (Fig.1c). Inwinter, adeeper mixed layer (Fig. 1f)
and lower solar irradiance means there is not sufficient light below
the mixed layer for the subsurface community to maintain high con-
centrations (Fig. 1b). By contrast, in the summer, following the onset
of stratification (Fig. 1i), the mixed layer is shallower (Fig. 1f) and the
irradiance higher (Extended DataFig. 2e,f), meaning there is sufficient
light below the mixed layer for the subsurface community to grow
(Fig.1b).Irradiance levels at the DCM suggest that the subsurface com-
munity is predominantly light-limited over the time series (Extended
Data Fig. 3¢). Subsurface phytoplankton are unlikely to be limited by
nutrients due totheiraccessto deeper, nutrient-rich waters, with nitrate
concentrations notably higher below the mixed layer (Extended Data
Fig.3b). This is also supported by BATS observations of particulate
stoichiometric ratios that suggest the base of the euphotic zone may
be less nutrient stressed**. Top-down control (for example, grazing)
also plays a critical role in controlling phytoplankton biomass in the
subsurface (for example, ref. 27).

In contrast to the surface phytoplankton carbon (Fig.1a), surface
Chl-a integrated stocks (Fig. 1d) and concentrations (Extended Data
Fig. 1c) show a marked seasonality, with the highest (lowest) stocks
occurring in winter (summer). Seasonality in the C:Chl ratio of the
surface community (Fig.1g) indicates itis controlled by photoacclima-
tion and/or shifts in the taxonomic structure (Extended Data Figs. 4
and 5)****°, with the surface community decreasing (increasing) its
Chl-a, per unit carbon, in the higher (lower) mixed-layer irradiance
(Extended DataFigs. 2e and 6a) during summer (winter). Alternatively,
the seasonality in the subsurface Chl-a (Fig. 1e) is consistent with that of
the subsurface phytoplankton carbon (Fig. 1b), withno evident changes
in their C:Chl ratio over the seasons (Fig. 1h). This indicates that the
subsurface community maintains a stable C:Chl ratio at the seasonal
scale (permanently adapted to low light conditions, withalower C:Chl
ratio when compared with the surface phytoplankton community)
(Supplementary Table 1), possibly due to longer-term acclimation to
low light conditions™*.,

Long-term trends and ocean warming

The time series of surface-ocean temperature (median in the upper
11 m) fromthe conductivity, temperature and depth (CTD) sensor data
includedinthisstudy (1990-2022) shows asignificantincreasing trend

over the entire time series (slope = 0.021°C yr™, P < 0.001) (Fig. 2).
Thisincreasing trend corresponds to anincrease of about 0.7 °C over
33 years, which is similar to that reported in a recent BATS study
(1990-2020)*.

Persistent ocean warming and weakened vertical mixing at
the BATS site have previously been linked to reduced primary pro-
ductivity” and changes in carbon export of phytoplankton®. The
de-seasonalized integrated Chl-a showed a weak positive trend (1990-
2022, slope = 0.024 mg m2yr™, P< 0.05) (Fig. 3a). However, differ-
ences are seen when the surface and subsurface communities are
studied separately (Fig.3b,c). The surface Chl-ashowed no significant
trend, while the subsurface Chl-aincreased (slope = 0.024 mg m2yr?,
P <0.01) (Fig. 3¢). In contrast to Chl-a, the total phytoplankton car-
bon decreased weakly (slope =-0.002 g m2yr™, P=0.05) (Fig. 3e).
However, this decrease appears to be due to a decrease in surface
phytoplankton carbon (slope =-0.002 g m~2yr™, P< 0.05) (Fig. 3f),
with subsurface phytoplankton carbon showing no significant trend
(Fig.3g). The surface C:Chlratio decreased weakly (slope = -0.998 per
year, P<0.05) (Fig.3d), although there was a very significant decreas-
ingtrendinthesubsurface C:Chlratio (slope =-0.2 peryear, P < 0.001)
(Fig.3h). Overall, these resultsillustrate the two communities respond
to longer-term climate trends differently.

Lomasetal.**identified a shallowing of the winter maximum mixed-
layer depth (MLD) in the 2010s. This decreasing trend in the depth of
winter mixing occurred after ananomalous maximum deep winter MLD
in 2010, linked to an unusual winter North Atlantic Oscillation index
and aneddy event**?***, Our analysis of MLDs at BATS also revealed this
maximum MLD during the winter of 2010, after which the winter maxi-
mum MLD steadily decreased (Extended DataFig. 7d). Following Lomas
etal.”*, we partitioned our time series into pre-2011 and post-2011, the
selected change point supported by two objective techniques (Meth-
ods). Our trend analysis of de-seasonalized sea-surface temperatures
(SSTs) (Fig. 2) and de-seasonalized MLD data (Extended Data Fig. 8)
also showed stark changes after 2010, with stronger increasing SST and
decreasing MLD trends (that is, a significant shallowing trend) com-
pared with previous years. Closer analysis of the time series indicated
that, before 2011 (1990-2010), the integrated total Chl-a was increas-
ing significantly (slope = 0.169 mg m~2yr™, P<0.001) (Fig. 3a), in line
withincreasesin the surface Chl-a (slope = 0.164 mg m2yr™, P<0.001)
(Fig. 3b). Contrastingly, the integrated total carbon was decreasing
significantly (slope =—-0.008 g m2yr™, P<0.001) (Fig. 3e), but this
decrease canbe attributed to the subsurface (slope =-0.008 g m2yr?,
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Fig.3|Multidecadal trends in surface and subsurface chlorophyll and
phytoplankton carbon with links to climate variability. a-c, Time series of
de-seasonalized integrated Chl-a for total modelled Chl-a (a), surface Chl-a

(b) and subsurface Chl-a (c). d,h, Modelled C:Chlratio for surface (d) and
subsurface (h) communities. e-g, Integrated phytoplankton carbon: total
modelled phytoplankton carbon (e), surface carbon (f) and subsurface carbon
(g). The de-seasonalized data were extracted from column-integrated (1.5 Z,)
concentrations (Methods). Light coloured lines, linear regression fitted to the
entire time series (1990-2022); thick dashed black lines, linear regressions fitted
to de-seasonalized data to the end of 2010 (pre-2011 includes 1990-2010); thick
solid black lines, linear regressions fitted to de-seasonalized data only from 2011

totheend 0of 2022 (post 2011 includes 2011-2022); S, slope of the trend; and P,
significance of the trend from Pearson correlation; yellow dashed lines, monthly
AMO index to March 2021 from the National Center for Atmospheric Research
(Data Availability) with Spearman correlation coefficient (R) and significance

(P) of the correlation with the de-seasonalized data. See Supplementary Fig. 1
for cumulative Chl-a anomalies superimposed on cumulative AMO, showing
asimilarly strong relationship between surface Chl-a and the AMO index. See
Supplementary Fig. 2 for cumulative C:Chl ratio anomalies superimposed on
cumulative AMO, illustrating similar relationships with the AMO index. See
Supplementary Fig. 3 for a similar trend analysis based on concentrations instead
ofintegrated stocks.

P<0.001) (Fig. 3g), with no significant change in the surface carbon
(slope =-0.001g m2yr?, P=0.707) (Fig. 3f). Post 2011 (2011-2022),
these trends changed (Fig. 3).

Recent warmingincreased subsurface
phytoplankton biomass
The period 2011 to 2022 was characterized by rapid warming and
increased stratification?*. During this period, the SST showed an increas-
ingtrend threefold greater than in previous years (1990-2010) that cor-
responded to anincrease of around 0.6 °Cinjust 12 years (2011-2022)
(Fig. 2). Here we identified a decade-scale shift in the phytoplankton
vertical structure (Fig. 3). Despite no noticeable trends in the total
Chl-a (Fig.3a), the surface Chl-a decreased strongly from 2011 t0 2022
(slope =-0.286 mg m2yr?, P<0.001) (Fig. 3b) and the subsurface
Chl-aincreased (slope = 0.29 mg m2yr?, P< 0.001) (Fig. 3¢c). Contrast-
ingly, the total phytoplankton carbon increased during this period
(slope=0.018 gm2yr?, P<0.001) (Fig.3e), mostly drivenby anincrease
insubsurface phytoplankton carbon (slope = 0.013 g m2yr™, P< 0.001)
(Fig. 3g), with minimal change in surface phytoplankton carbon (Fig. 3f).
Our results suggest that, in the last decade, the subsurface phy-
toplankton biomass became decoupled from the surface community
inresponse torapid warming and increased stratification. During this
rapid warming period, surface phytoplankton responded by modifying
their physiology or taxonomic composition (the C:Chlratios of the sur-
face community increased after 2011; slope = 7.82 per year, P < 0.001)
(Fig. 3d) while maintaining a somewhat stable carbon biomass. Both
photoacclimation and community composition could have contrib-
uted to the increasing surface C:Chl, as suggested by a significant
relationship between surface C:Chland both community composition
(Extended Data Fig. 5a,b) and mixed-layer irradiance (Extended Data
Fig. 6a). By contrast, the subsurface community showed a strong bio-
mass increase (both in Chl-a and carbon), with no significant trend in
the subsurface C:Chlratios (Fig. 3h).

Climate variability shifts phytoplankton vertical
structure

In the context of climate change and ocean warming, it is essential to
also consider the influence of multidecadal climate variability in the
North Atlantic on phytoplankton biomass. The Atlantic Multidecadal
Oscillation (AMO) index (also referred to as ‘Atlantic Multidecadal
Variability’), based on SST changes, is a useful metric of North Atlantic
climate variability>* . Here we investigated the relationship between
the monthly AMO index*® and the de-seasonalized integrated surface
and subsurface phytoplankton Chl-a, carbon and C:Chl ratios using
Spearman correlation analysis.

The de-seasonalized total integrated Chl-a (Fig. 3a), up to the
end of the available AMO index (that is, March 2021), significantly
correlated with the monthly AMO index (R = 0.41, P < 0.001) (Fig. 3a).
However, closer analysis of the de-seasonalized surface and sub-
surface Chl-a revealed that this significant correlation was mostly
due to the surface community (R = 0.47, P<0.001) (Fig. 3b), with the
subsurface Chl-a showing a very weak relationship with the AMO
(Fig. 3¢). The surface phytoplankton carbon showed no significant

relationship with the AMO (Fig. 3f), and the subsurface carbon was
only weakly correlated (R=-0.20, P < 0.001) (Fig. 3g). The physiology
(C:Chlratio) of the surface community also correlated better with the
AMO (R =-0.39, P<0.001) (Fig. 3d) than the subsurface community
(R=-0.30,P<0.001) (Fig.3h). Similar results were found when study-
ing the concentrations of these two communities (Supplementary
Fig.3). Theresults suggest surface phytoplanktonin the Sargasso Sea
respond to climate variability by adjusting their C:Chlratio'®, whereas
subsurface phytoplankton show some evidence of responding with
a change in biomass (Fig. 3g). Interestingly, a cumulative subsurface
C:Chl anomaly (Supplementary Fig. 2b) indicates a temporal offset
in the response of the subsurface to climate forcing at the surface
(AMO). Closer analysis using lag correlation revealed that the relation-
ship between the AMO and subsurface Chl-a (Supplementary Fig. 4a)
becomes significantly negative with amaximum correlation (R =-0.34)
after atemporal offset of 2 years, and the already significant relation-
ship with subsurface carbon becomes even stronger (up toR = -0.52)
(Supplementary Fig. 4b).

Implications for monitoring phytoplankton
biomass

Our results suggest that the surface and subsurface communities
respond differently to physical changes in the water-column structure
caused by climate variability and ocean warming. At present, our best
tool for monitoring phytoplankton biomass globally is through satel-
lite observations of ocean colour®. However, satellite observations are
only capable of viewing the surface community”. Assessments of the
response of phytoplankton to climate variability and ocean warming,
based solely on satellite observations (for example, ref. 38), do not
consider that the subsurface community may respond differently to
environmental change. To get the full picture of how the phytoplankton
areresponding to climate variability, we need sustained and systematic
observations of the subsurface. At present, this can only be achieved
through the continued support of long-term oceanographicstations,
such as BATS, and by expanding the network of autonomous platforms
that can monitor the vertical structure of phytoplankton at global
scales® *. Developments in the use of satellite active light detection
andranging (lidar) data for the global profiling of ocean plankton popu-
lations may also play animportant role*.

Our results indicate that the understudied subsurface commu-
nity, situated below the mixed layer and hidden from satellite view, is
important in controlling the variability of column-integrated phyto-
plankton carbon in regions such as the Sargasso Sea. This subsurface
community is also supported by new nutrients entering the system
and may contribute considerably toincreased productivity and export
production’®*, Consideringits position in the water column, spatially
closer to the daily vertical migrations of zooplankton, this subsurface
community may sustain different trophic pathways in the marine
ecosystem than that of the community in the surface mixed layer,
with implications for secondary production, trophic energy transfer
and fisheries. It is essential to study this community in more detail if
weare toimprove our understanding of ocean biogeochemical cycles
and climate change.
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Methods
Data processing
The BATS data used in this study were acquired freely from the BATS
data server (http://bats.bios.edu/bats-data/) for Niskin bottle data
and the BATS project page at the Biological-Chemical Oceanography
Data Management Office (https://www.bco-dmo.org/project/2124) for
high-performanceliquid chromatography (HPLC) pigmentand CTD data.
Three BATS datasets were downloaded: CTD casts, discrete Niskin bottle
measurements andin situ pigment measurements including HPLC Chl-a.
Fromthisunique long-term BATS dataset, we constructed a33-year-long
time series of CTD, pigment and bottle vertical profile data (monthly to
biweekly in spring) from January 1990 to December 2022. Only profiles
within a 0.5° latitude by longitude box (0.25° margin) around the BATS
site were used for this study (Supplementary Fig.5). Fromthe CTD data,
we extracted temperature and salinity from which to calculate density,
mixed-layer depth and the Brunt-Viisila buoyancy frequency (BVF).
Fromthe pigment data, HPLC Chl-a concentrations were extracted, and
fromthebottle data, POC concentrations were extracted. Detailed infor-
mation onthe sampling, analysis and quality of the CTD, HPLC and POC
datacanbefound in the BATS methods manual* and previous studies®".
For the CTD data, only casts were included where both tempera-
ture and salinity measurements were available and where temperature
measurements were available in the upper 11 m. For the Chl-a profiles,
only thosewithatleast six bottle measurements with coincident CTD and
POC profiles were includedin this study. For the POC profiles, anoutlier
analysis was performed to remove spikes using amodified zscore, based
onamoving medianand the medianabsolute deviation, where datawith
azscoregreaterthan3 wereremoved. The resulting dataset contained a
total of 416 Chl-aand POC profiles that could be used to fitamodified ver-
sion of the Brewin etal.?’ two-community model, asdescribed below. The
monthly and annual sampling distributions of the profiles used in this
study areshownin Supplementary Tables 2-4 and Supplementary Fig. 6.
Theeuphoticdepth (Z,) was estimated for each Chl-a profile using
thealgorithm fromref. 48, with the surface Chl-aconcentration as the
input. The diffuse attenuation coefficient (K,) for photosynthetically
availableradiation (PAR) was thentakentobe 4.6/Z,. The Kybased onthe
PARwas not directly computed in this study due to the low availability
of CTD profiles with PAR data that corresponded to Chl-a profiles. The
density and BVF were computed for each CTD profile using the Python
seawater package*’. The MLD was computed for each CTD profile from
the temperature using the temperature MLD algorithm fromref. 50 in
the holteandtalley Python package. The temperature MLD was used
rather than density to compare the results to arecent BATS study* that
also used a temperature algorithm. Daily average satellite PAR values
for BATS were derived from Moderate Resolution Imaging Spectroradi-
ometer (MODIS) 8-day composite data (2002-2022), taking the median
daily PAR of 3 x 3 pixels fromaround the BATS location (Data Availabil-
ity). To estimate light levelsin the mixed layer, the average mixed-layer
irradiance was computed from the satellite surface PAR, in situ estimates
of K;and MLD (see equation (11) inref. 51). Theirradiance levels experi-
enced by the subsurface phytoplankton were estimated by propagating
the surface satellite PAR to the DCM depth using the Beer-Lambert
law and insitu estimates of K. For each calculation, 2% was subtracted
from the above-water-surface PAR to derive the below-water-surface
PAR, to account for the light lost via reflection at the ocean surface. To
assess some aspects of the phytoplankton community composition,
other HPLC pigment data (not only HPLC Chl-a) were also analysed in
samples from BATS, where zeaxanthin and lutein could be separated,
to calculate the photoprotective photo-pigmentindices and diagnostic
pigment ratios for phytoplankton functional groups, based onref. 52.

Partitioning of a phytoplankton biomass vertical profile into
two communities

We applied an adapted version of the Brewin et al.” model to the long-
term BATS time series of coincident Chl-a and POC concentration

profiles. The approach was designed to partition the vertical profiles
of Chl-a into two phytoplankton communities—a surface commu-
nity that predominantly resides in the surface mixed layer, described
using a sigmoid function, and a subsurface community living below
the mixed layer, described using a Gaussian function. Brewin et al.*
provided a detailed explanation of the theoretical background and
model fitting steps, along with the mathematical functions used and
example code for the model. Here we describe how the Brewin et al.*°
model was adapted to Chl-a and POC from the BATS time series (see
Supplementary Fig. 7 for an example fit).

Chlorophyll model fitting. The Chl-a modelis fitted by first deriving
the dimensionless optical depth (1), computed by multiplying Ky (m™)
by the geometric depth (m), and then normalizing the Chl-a profile (B)
using its surface (measurement closest to the surface in the profile)
concentration (B,). The normalized Chl-a profile (B*) atagiven optical
depth (7) isthen expressed as

1

ro=i 1+ exp [—%(r—rl)]

+ Bfn,Z exp {—[(T -1) /0]2} )]

Community 1 (surface, B;) is represented by the first term on the
right-hand side of equation (1), where P, relates to the slope in B} and
7 isthe mid-point of the slope. Community 2 (subsurface, B:) is repre-
sented by the second term on the right-hand side of equation (1), where
By ,is the maximum value at the DCM, 1, is the depth of the DCM and
o is the width of the DCM. Once the model parameters have been
derived after the optimization, the modelled Chl-a profiles can be
reconstructed by scaling the dimensionless profiles by the surface
Chl-aand K, such that Chl-a (B) at depth (z) can be expressed as

B(2) = B(2) + By(2) 2

where B, is the Chl-a concentration of community 1 (surface) and B, is
the Chl-a concentration of community 2 (subsurface).

Particulate organic carbon model fitting. We extended the Brewin et
al.*’ model to the coincident profiles of POC concentration by deriving
a fixed carbon-to-chlorophyll ratio (C:Chl) per community for each
profile, and assuming a fixed background carbon of non-algal particles
foreach profile (see Supplementary Section 4.3 for validation). We first
normalized the POC profile by dividing it by the surface POC, taken to
bethemedian POCinthefirst optical depth (1/K,). This method s simi-
lar to the extension of the model for particle backscattering profiles
inref. 20. The normalized POC (POC*) at a given optical depth can be
considered as a combination of the two communities and a non-algal
component, expressed as

POC™ (1) = ¢1B; (1) + 9,8} (D) + C;. (3)

Here, ¢, and ¢, are scaling factors linking the two communities of
phytoplanktonto the POC, and C;; is the constant background non-algal
carbon factor. Following Brewin et al.s extension of the model for
particle backscattering®, we assume g, canbe expressed as1- C;, such
that the normalized POC model can be expressed as

POC™ (1) = (1- CB; (1) + 9283 (@) + i, @

Once the model parameters are known, the modelled POC profiles can
bereconstructed by scaling the normalized profiles by the surface POC
and K;. Ultimately, the POC model can be expressed as

POC(2) = C¥By(2) + C5B,(2) + Cys 5)
and

POC(2) = Gi(2) + G(2) + Gy, (6)
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where C, is the carbon concentration of community 1 (surface), G, is
the carbon concentration of community 2 (subsurface) and Cy is the
carbon of the non-algal particles.

Model parameterization, fitting and optimization. To fitand param-
eterize the Chl-amodel, asimilar process was followed to that of Brewin
etal.”’, as described above, using nonlinear optimization (Python Imfit.
minimize using the powell method), but with the addition of a third
step to improve the parameters of the surface community in cases
where aDCMwas present, by utilizing the shape of the POC profile. In
this third step, for profiles where both communities were present
(sigmoid equation explaining <90% of the variance of the Chl-a profile),
the POC model was fitted, initially, using the method of Brewin et al.>°
totemporarily derive the ¢, and ¢, scaling factors. The POC model was
then fitted again, but these scaling factors, and the parameters for the
subsurface community, were fixed from the previous steps, and the 7,
parameter for the surface community was allowed to vary (P, was tied
to 1y, asinref.20). Thisresulted inanimproved estimation of the depth
ofthe slope of the sigmoid function (z;) for the BATS site in the presence
of a DCM, instead of relying on the regional Red Sea relationship
between r; and the MLD multiplied by K;;, asin ref. 20. The Chl-amodel
was then refitted using the newly optimized r; and P, values, allowing
the parameters for the subsurface Gaussian function to vary.

Having derived B; (r)and B; (1) using the model fitted to the Chl-a
profiles, C;; and ¢, were estimated using nonlinear optimization
(Python Imfit.minimize using the powell method). The initial guesses
for C;and g, weresetto 0.2and 0.3, respectively, and were constrained
toalower limit of 0.01and an upper limit of 0.95. Once @, and C; were
known, the C:Chl ratio for each community (C? and C5) was derived by
dividing the scaling factors for each community (¢, and ¢,) by the ratio
ofthe surface Chl-aand surface POC. The non-algal component of POC,
Cy, was computed by multiplying C;, by the surface POC. For the POC
profiles, depths down to 400 m were included, where available, to
improve the estimate of Cyby including POC concentrations from well
below the euphotic depth and below 250 m, where phytoplankton
rarely grow™. A time series of model parameters is shown in the Sup-
plementary Fig. 8, as well as comparisons between the model results
and the data (Extended Data Figs. 7a and 9a and Supplementary
Figs.10-13). The Python code used to tune the modified model to
discrete bottle measurements of Chl-a and POC is freely available on
GitHub (https://github.com/jjviljoen/Two-community-phyto-model-
updated) and Zenodo™®.

Data analysis

The depth integration of the variables was carried out on each pro-
file, from the surface to 1.5 times the Z, (where Z, represents the 1%
light level and 1.5 times Z,, is 6.9 optical depths) using the trapezoid
method®* in Python (scipy.integrate.trapz). Thisapproachis based on
previous Chl-amodelling studies and accounts for the phytoplankton
biomass often found below the Z,>~". Similarly, the average BVF from
thesurfacetol.5timesthe Z,wasselected as an index of stratification
for theregion®.

Long-term trends were explored by applying a trend analysis to
various column-integrated raw and modelled results to remove sea-
sonal patterns and extract long-term trends. De-seasonalized data were
extracted using a seasonal decomposition analysis using the Python
function MSTL from the statsmodels.tsa.seasonal package, with a
period of 12 representing the months of the year. The datawere resam-
pled toamonthly time step (thatis,amonthly median), and any month
without datawas filled with the climatological median of the month to
keep the detection of seasonal patterns consistent during the analysis.
Subsequently, linear regression analysis (Python sklearn.linear_model.
LinearRegression) was applied to the integrated and extracted trend
data to test whether the variables changed significantly (two-sided
Pearson Pvalue) over the entire time series and shorter time periods.

For the linear trend analysis, 1January 2011 was used as the inflection
point, based on observations by Lomas et al.**. We further justified the
selection objectively by using two different change point detection
methods—the second derivative method and the Dynp function from
the ruptures Python package—that searched for single inflection points
using our SST observations (which ranged between 2010 and 2013).
SST was used for inflection point analysis, being a single variable that
represented various influences of climate variability. The relationship
betweenthe AMOindex and the de-seasonalized datawas determined
viaSpearman’s correlation coefficient (R) and significance (P).

Data availability

BATS data used in this study were acquired freely from the BATS data
server (http://bats.bios.edu/bats-data/) and the BATS project page
at the Biological-Chemical Oceanography Data Management Office
(https://www.bco-dmo.org/project/2124). Atlantic Meridional Oscil-
lation index data used in this study were downloaded from NCAR’s
climate dataguide (https://climatedataguide.ucar.edu/climate-data/
atlantic-multi-decadal-oscillation-amo). Satellite MODIS 8-day
composite PAR data were downloaded from the NASA ocean col-
our page (https://oceancolor.gsfc.nasa.gov/resources/atbd/par/).
Two-community model data output of modelled Chl-a and POC
vertical profiles are available via Zenodo at https://doi.org/10.5281/
zenodo.13150754 (ref. 53).

Code availability

Python code used to process the BATS data and fit the modified
two-community model to profiles of Chl-a and POC data is openly
available on GitHub (https://github.com/jjviljoen/Two-community-
phyto-model-updated) and via Zenodo at https://doi.org/10.5281/
zenodo.13150754 (ref. 53).
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Extended Data Fig. 1| Seasonality of surface and subsurface chlorophyll and
phytoplankton carbon concentrations. Monthly boxplots of (a) surface and (b)
subsurface phytoplankton carbon concentrations, (c) surface and (d) subsurface
Chl-a concentrations at BATS. Surface concentrations are computed as the
median value above the mixed layer depth (MLD) and subsurface concentrations
as the value closest to the Deep Chlorophyll Maximum (DCM) depth (that is the

6 7 8 9 10 11 12
Month
maximum below the MLD). In all panels, the centre line is the median, boxes
represent the interquartile range (25th to 75th percentiles), whiskers the 1.5x
interquartile range. Outliers were removed to reduce the y-axis range of panels.
See Fig. 1for monthly boxplots of integrated stocks. See Table S3 for number of
profiles and values per month used to calculate each boxplot.
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Extended Data Fig. 2| Seasonality of temperature, nutrients and light
experienced by surface and subsurface communities. Monthly boxplots of
environmental conditions in the surface mixed layer (left) and below the MLD at
the Deep Chlorophyll Maximum (DCM; right). For temperature (a,b) and nitrate
(c,d), surface values are computed as the median value above the MLD and
DCM is value closest to the DCM depth. (e) Surface Photosynthetically Available
Radiation (PAR) is the estimated mean irradiance in the mixed layer computed
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from satellite derived PAR (see Methods). (f) The DCM PAR is estimated by
propagating surface PAR to the DCM depth using Beer-lambert law and estimates
of diffuse attenuation (Methods). In all panels, the centre line is the median,
boxesrepresent the interquartile range (25th to 75th percentiles), whiskers the
1.5x interquartile range and points are outliers beyond this range. See Table S3 for
number of profiles and values per month used to calculate each boxplot.
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Extended Data Fig. 3 | Distinct environmental conditions of surface and irradiance in the mixed layer computed from satellite derived PAR (see Methods).
subsurface phytoplankton. Boxplots of environmental conditions (a) The DCM PAR is estimated by propagating surface satellite PAR to the DCM depth
Temperature, (b) Nitrate and (c) Photosynthetically Available Radiation (PAR), using Beer-lambert law and estimates of diffuse attenuation (see Methods). In
which the surface and subsurface communities inhabit. For temperature and all panels, the centre line is the median, boxes represent the interquartile range
nitrate, surface values are computed as the median value above the MLD and (25thto 75th percentiles), whiskers the 1.5x interquartile range and points are
DCMis value closest to the DCM depth. Surface PAR is the estimated mean outliers beyond this range.
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Extended Data Fig. 4 | Photoprotective and diagnostic pigments of surface and DCM s value closest to the Deep Chlorophyll Maximum depth. In all panels,
and subsurface phytoplankton. Boxplots of (a) photoprotective photo- the centrelineis the median, boxes represent the interquartile range (25th to
pigmentindices and diagnostic pigment ratios of phytoplankton functional 75th percentiles), whiskers the 1.5x interquartile range and points are outliers
groups for (b) Prokaryotes, (c) Green Algae and (d) Haptophytes*. Surface beyond this range. Surface communities are dominated by prokaryotes and the
values are computed as the median value above the mixed layer depth (MLD) subsurface by eukaryotes.
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Extended Data Fig. 5| Relationship between phytoplankton groups and
carbon-to-chlorophyll ratios. Spearman correlation analysis between
phytoplankton C:Chl and selected phytoplankton group proportion determined
via diagnostic pigment ratios of phytoplankton functional groups for (a,c)
Prokaryotes and (b,d) Haptophytes™. For Prokaryotes and Haptophytes, surface
values are computed as the median value above the mixed layer depth (MLD)
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and DCM is value closest to the Deep Chlorophyll Maximum depth. Surface
Prokaryotes and Haptophytes had a significant relationship with surface C:Chl
(a,b), while no significant relationship is apparent with subsurface C:Chl. See
Extended Data Fig. 4 for phytoplankton community composition comparison
between the surface and the subsurface (DCM depth).
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Extended Data Fig. 6 | Relationship between lightlevels, carbon-to- by propagating surface satellite PAR to the DCM depth using the Beer-lambert
chlorophyll ratios, and phytoplankton carbon. a-d, Spearman correlation law and estimates of diffuse attenuation (see Methods). Surface C:Chlratio
analysis of modelled phytoplankton (C:Chl (a,b) and carbon (c,d) of surface and has a significant and strong relationship with the estimated mean light level in
subsurface communities compared to light levels in these two layers. Average the in mixed layer (a), similar to Westberry et al.*’, while subsurface C:Chl has a
lightin the mixed layer was compared to the surface community and light at significant but very weak relationship with light at the DCM (b). Instead, the light
the Deep Chlorophyll Maximum (DCM) depth was compared to the subsurface level (PAR) at the DCM has a stronger relationship with integrated subsurface
community. The average Photosynthetically Available Radiation (PAR) for carbon whichis suggesting the subsurface shows a stronger biomass response
the surface community was computed as the average irradiance in the mixed (rather than changein C:Chl).

layer from satellite derived PAR (see Methods). The DCM PAR was estimated
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Extended Data Fig. 7| Time series of total, surface and subsurface
chlorophyll compared to stratification, and mixed-layer depth. (a) Integrated
total Chl-a concentrations (mg m™) for dataand model output. (b) Integrated
surface and subsurface Chl-a concentrations (smoothed data computed using
Python savgol filter with awindow size of 11, polyorder of 2 and nearest mode).
Depth-integration done from the surface to 1.5 times the euphotic depth (1.5 x
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Year

Z,,see Methods). (c) Average Brunt-Viisild buoyancy Frequency (BVF) index of
stratificationin 1.5 times Z,. (d) Mixed-layer depth (MLD) fromall CTD profiles
included in the study (Max MLD of 321 min February 2010). See Extended Data
Fig. 8 for de-seasoned MLD time series and trend analysis. See Figure S12a for
Spearman relationship between integrated Chl-a data and modelled Chl-a.
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Extended Data Fig. 8 | Multidecadal decreasing mixed layer depth at BATS.
Time series of de-seasoned Mixed-Layer Depth (MLD) data at BATS computed
from CTD sensor temperature profilesincluded in the study (Methods). Solid
orange line: de-seasoned MLD data. Dashed black line: is the linear regression
applied to the entire de-seasoned MLD time series (1990-2022). Dashed purple
lineis the linear regression fitted to de-seasoned MLD up to the end 0of 2010 (Pre-

2011;1990-2010). Dashed red line is the linear regressions fitted to de-seasoned
MLD only from 2011 up to the end of 2022 (Post-2011; 2011-2022). P = significance
ofthe trends via Pearson correlation. See Data Analysis for extracting
deseasonalised data and for details on the linear trend analysis (Methods). See
Extended Data Fig. 7d for MLD time series.
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model output. (b) Integrated phytoplankton carbon concentrations (g m™) from
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depth (1.5x Z,; Methods). Carbon-to-chlorophyll ratios (C:Chl) for (c) surface
phytoplankton and (d) subsurface phytoplankton from model output. See Figure
S12b for Spearman relationship between integrated POC data and integrated

modelled POC.
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