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Abstract

Over the last decade, the Antarctic sea ice extent has recorded record highs and lows. The
anomalous low in 2023 suggested a new reduced sea-ice state, with unknown impacts on
phytoplankton blooms, including phenology and magnitude. Analysing both Biogeochemical
(BGC) and Core Argo floats, we compare annual sea ice extent (SIE) anomalies and seaice
volume (SIV) to physical and biological variables. We focus on average winter and summer
variability over the circumpolar Southern Ocean and 5 subregions, and over 5°x2° longitude and
latitude bins. Over the seasonal ice zone, anomalously low SIE leads to warmer and saltier
surface waters, deeper mixing layers and thermocline depths, and weaker upper ocean
stratification due to weaker vertical salinity gradients. These trends were generally strongest in
the Indian sector and the eastern part of the Atlantic, and weakest in the Pacific and Weddell
Sea. Low SIE years typically had shorter phytoplankton blooms with less average summer
biomass than high SIE years. However, the anomalously low SIE in 2023 led to long blooms with
large total biomass, amongst large spatial variability in bloom metrics. These results were
sensitive to float spatial distributions and density of sampling, highlighting the need for a
persistent and widespread BGC-Argo network in the Southern Ocean so that we may
adequately monitor change in this critical environment.
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1 Introduction

The Antarctic region has experienced significant variability in sea ice extent (SIE) over the past
decade, marked by record highs and lows. The unprecedented 2023 low in SIE supports the
theory that Antarctic sea ice has transitioned to a new, reduced sea ice state (Purich and
Doddridge, 2023). Such changes in SIE will alter the physical environment (Hobbs et al., 2024),
and in turn will have profound implications for the Southern Ocean ecosystem (Arrigo, 2014;
Rogers et al., 2019; Steiner et al., 2021). Phytoplankton are especially sensitive to such changes
in the physical environment, but understanding and predicting future changes resulting from a
reduced sea-ice state remains challenging.

Seaice influences the upper ocean’s physical properties such as temperature, salinity
(Pellichero et al., 2017), mixed layer depth (Panassa et al., 2018; Sallée et al., 2021), nutrient
distributions, and the light availability in the waters below (Gardner and Sharp, 2010), all of
which can impact phytoplankton growth and vertical distribution (Bisson and Cael, 2021; Boyd
etal., 2024; Thomas, 2017). It is projected that sea ice duration and extent will decrease,
Southern Ocean waters will warm and freshen, summer mixed layers will deepen, and surface
stratification will increase (Noble et al., 2020; Constable et al., 2022). Projected and observed
trends in phytoplankton biomass are less consistent, due to spatial variability and uncertainty in
poorly constrained variables, such as the iron cycle (Boyd et al., 2024; Seifert et al., 2023).
Fluctuations in the Southern Annular Mode (SAM) also contribute to the changing Southern
Ocean (Rogers et al., 2019), but this is not our focus here.

Sea ice affects phytoplankton variability via light (Bisson and Cael, 2021) and iron availability
(Lannuzel et al., 2016), in addition to changing ocean physics. Sea ice is highly reflective
compared to open ocean waters (Gardner and Sharp, 2010), decreasing under-ice light
availability, particularly when ice thickness exceeds 1 m (Bisson and Cael, 2021). Seaice also
‘stores’ atmospheric (dust) iron inputs, and therefore harbours moderate concentrations of iron.
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Seasonal melting has the potential to seed the underlying waters with iron (Lannuzel et al.,
2016), enhancing primary productivity (Latour et al., 2023). Of possibly more importance is the
impact of sea ice on upper ocean mixing and the entrainment of the ferricline and nutrients
during winter (Ardyna et al., 2017; Llort et al., 2015; Nicholson et al., 2016, 2019; Tagliabue et
al., 2014). In part due to impacted upper ocean mixing, iron stress has increased from 1996 to
2022, resulting in a decrease in net primary productivity (Ryan-Keogh et a., 2023). Sea ice
influences the bloom timing, with earlier bloom onsets (i.e., the start of spring bloom) in warmer
and ice-free waters (von Berg et al., 2020; Vives et al., 2023). However, more intense blooms
occur following winters with higher sea ice formation in the Weddell Sea (Giddy et al., 2023).
The impact of variable sea ice on phytoplankton is species-specific (Boyd, 2019; Boyd et al.,
2016), and broadly varies between size groups (Hauck et al., 2018; Seifert et al., 2023), which
may contribute to the spatial variability. Fluctuations in sea ice may also impact consumer
populations, the effects of which then propagate through the food web (Boyd et al., 2024;
Rogers et al., 2019).

In this study, we examine the relationships between annual SIE and oceanographic properties in
winter and summer during this period of highly variable sea ice extent from 2013 to 2023. Since
2013, Biogeochemical (BGC-) Argo floats have been deployed to monitor phytoplankton
variability in the open waters and seasonal ice zone (SIZ) of the Southern Ocean. These floats
provide crucial data on phytoplankton dynamics, though their numbers are fewer compared to
the Core Argo floats that measure temperature and salinity. Satellite observations complement
our analysis. We relate variations in SIE or sea ice volume (SIV) to upper ocean conditions and
phytoplankton bloom dynamics. We perform a circumpolar analysis and investigate
commonalities and differences across subregions. We consider the capability of the monitoring
programs to adequately observe the physical and biological variability in the SIZ.

2 Materials & methods
2.1 Data analysis

2.1.1 Seaicedata

To define the SIZ, we first identified the northernmost extent of sea ice concentration of 15% or
higher each year, from the National Snow and Ice Data Centre (NSIDC) observations (Fetterer et
al., 2017). We averaged across 2013 to 2023 to identify the average maximum extent of ice, and
this defined our seasonalice zone.

We similarly estimated SIE anomaly (km?) from NSIDC observations of SIE (Fetterer et al.,
2017). We identify the SIE for 5° longitude bins covering the entire Southern Ocean. We group
longitude bins into 4 regions: all longitudes (i.e., circumpolar, Figure 1e), and the Pacific (180°W
to 60°W), Atlantic (60°W to 30°E), and Indian (30°E to 180°E) basins (Figure 1f). To define SIE
anomalies, like Purich & Doddridge, (2023), we remove the monthly climatology SIE derived
from the monthly average SIE between 1979 to 2010 (Figure 1e-f).

We also analyse the NSIDC estimated sea ice concentration (ci; Fetterer et al., 2017), which we
grid in 5° longitude bins and 2° latitude bins, similar to Giddy et al. (2023). We similarly grid the
estimated sea ice thickness of Huntemann et al. (2014), which is the best available estimate of
ice thickness. It is an approximation that may underestimate the ice thickness, because the
maximum estimated thickness is capped at 0.5 m. From the sea ice concentration and sea ice
thickness, we estimate sea ice volume (m?, SIV) in each grid cell.
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We defined years with especially high and low SIE anomalies, that coincided with sufficient
BGC-Argo coverage (Table 1). SIE anomalies varied by basin and by year, so high and low SIE
years also varied between basins and the circumpolar region. The two years with maximum SIE
anomalies since 2015 were selected as high SIE years, while the two years with minimum SIE
anomalies since 2015 and before 2023 were selected as low SIE years. Because 2023 had
extremely anomalous low SIE, we considered it separately.

2.1.2 Atmospheric data

We use the ECMWF Reanalysis v5 product to quantify potential atmospheric drivers of ocean
variability (ERA5, Hersbach et al., 2018). We analysed ERAS data (Hersbach et al., 2018) from
along each Argo float track (see next section), and for the entire Southern Ocean so we could
grid according to our 5°x2° grid. We particularly focused on the radiative fluxes required to
estimate net heat flux (Qn) and downward shortwave radiation (Qsw). In the Southern Ocean,
shortwave radiation fluxes are biased large due in part to the limited observations in the region
(Mallet et al., 2023). We removed the error, which is a function of month, local hour, and latitude
(see supplementary information). We set a maximum bias correction of 25% of Qsw. We then
estimated the net downward shortwave radiation (i.e., downward shortwave radiation minus
reflection due to albedo) by applying the ERA5 albedo. We converted shortwave to surface
photosynthetically available radiation (PAR) by dividing by 2.114 (Britton and Dodd, 1976). We
analysed the variability of several additional variables, such as wind stress, but we primarily
show the variables with significant correlations here.

2.1.3 Satellite data

We analysed the Ocean Colour CCI (OC-CCI) merged satellite chlorophyll product
(Sathyendranath et al., 2019, 2021). The monthly averaged satellite chlorophyll (Chl) was binned
into the 5° x 2° spatial grid before averaging across summer (December to February). We
distinguish this Chl product from the Argo measured chlorophyll fluorescence (ChlF) in our
notation. To describe the long-term average front location for mapping purposes, we used the
updated positions from Park et al., (2019).

2.1.4 Argo profiles

We analysed BGC-Argo and Core Argo float data over the SIZ. These floats were equipped with a
CTD measuring temperature, salinity, and pressure. BGC-Argo floats were also equipped with
sensors measuring chlorophyll fluorescence (ChlF), optical backscatter coefficient at 700 nm
and ~124° (byp), dissolved nitrate, and dissolved oxygen. See Johnson et al. (2017) for details of
the sensors, their accuracy and precision. Some floats also measured downwelling irradiance.
We converted the raw fluorescence and particulate backscattering coefficient to chlorophyll-a
concentration (ChlF, mg Chl m™) and phytoplankton biomass (C,, mg C m=), respectively,
following BGC-Argo procedures (Schmechtig et al., 2023, 2018). The data were accessed via the
OneArgo-Mat toolbox (Frenzel et al., 2022), quality controlled using standard Argo protocols
(Wong et al., 2020) and processed following the method outlined in Schlosser et al. (2024; key
details repeated below). We linearly interpolated the quality-controlled float data onto uniform
temporal grids with time steps equal to the minimum temporal sampling rate (typically 10 days)
and standardized the vertical grid from 4 to 1,000 m, with 2 m resolution in the upper 300 m and
10 m resolution below that.

As in Schlosser et al. (2024), we estimated the diffuse attenuation of PAR (K4, m™) for all BGC-
Argo floats, based on either the 490 nm irradiance, Edago (WW cm? nm™), or if not observed, ChlF
(see Morel et al., 2007). Only 0.5% of floats measured irradiance, but for those that did, we first
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fit a 4" order polynomial to the natural log of Ed.g with depth, before finding the mean vertical
gradient (i.e., d Edss0/dz) over the upper 50 m (Lacour et al., 2023). If not, we estimated ChlF
over the first-optical length-scale, assumed to be the satellite-observed region of the upper
water-column, by depth-averaging ChlF over the upper 30 m, ChlF3,. Then, following Morel et
al., (2007), we estimated the diffuse attenuation of Edag, from Kgsgo = 0.0166 +
(0.07242ChlF30)%57'5, Finally, both estimates of diffuse attenuation were converted to a PAR
equivalent, following Ky par = 0.0665+0.874K490 - 0.00121Kqass0 ' (Morel et al., 2007). In Schlosser
et al. (2024) we contrasted these estimates of K, to satellite estimates and found them to be
significantly correlated for one example float. To propagate surface PAR through the water
column, we estimated PAR as PAR(z)= PAR(0 m)e™Z The thickness of ice additionally impacts
underice PAR (e.g., Bisson & Cael, 2021), but we ignore the impact of ice thickness. Ice
thickness varies across the year, and typically thickens to double or triple its early winter
thickness (e.g., 0.3 m) by winters end (e.g., 0.9 m; Wilson et al., 2019). In essence, we assume
all Argo floats drift below thin ice and we acknowledge that we likely overestimate under-ice
PAR.

We estimated the mixing layer depth (zmi), the depth where active mixing is occurring, as the
depth where density first exceeds the surface value plus 0.005 kg m™ (Brainerd and Gregg,
1995). We identified the thermocline depth (zwerm) a@s the depth of maximum vertical gradient of
the potential temperature over the upper 400 m, first smoothed using a moving average over 5
points. We also estimate the mixed layer depth as the depth where density first exceeds the

10 m deep value plus 0.03 kg m™=. Variables that were averaged over the mixing layer, above the
thermocline, or the mixed layer are denoted (-)mix, (*)inerm, @nd (-)mua, respectively. Some of these
quantities are presented here, with the full list of variables available in the supplementary
information (SI). For all parameters, we estimated the mean over depth, except for PAR which
exponentially decays with depth, so we estimated its median.

Using the Gibbs-SeaWater (GSW) Oceanographic Toolbox (McDougall and Barker, 2011), we
estimated the buoyancy frequency (N, s). We also quantified the contribution of salinity and

dz’
gravity constant, B the saline contraction coefficient, a the thermal expansion coefficient, z is
depth, and © conservative temperature (Roquet et al., 2022). We focus only on the maximum N,
Ns, and Ng over the upper water column by finding the maximum value over the upper 350 m.
For simplicity, this maximum upper ocean stratification value is denoted as N, Ns, and Ne. That
is, we do not further consider the variability over depth.

e . , ds de . .
temperature to stratification viaNg = |gf3 - and Ng = [ga—, respectively, where g is the

We estimated the bloom phenology phases - onset, climax, and apex, describing when biomass
first starts to accumulate, when the accumulation rate is at its maximum, and when biomass is
at its maximum, respectively (Behrenfeld, 2010; Llort et al., 2015). Again, we calculated these
metrics from BGC-Ago data, as described in Schlosser et al. (2024). We first defined the
productive layer (zvio), as the shallowest depth where ChlF exceeded the 90'" percentile ChlF
over the upper 200 m. C, was assigned missing values below this layer (Uchida et al., 2019). We

defined the total biomass as (Cp) = fzob_ C, dz. We applied a 30-d moving average to both C,
Lo
and (C,) and then estimated the accumulation of biomass (r, d”) as,

~ L 95
TR
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As our focus was on the spring bloom, and not secondary blooms occurring in autumn, we
defined the earliest possible onset as May 1. Additionally, short-term increases in biomass
could occur at some floats before the annual minimum in biomass. Our focus is on the annual
minimum, where after this biomass steadily increases. Thus, we defined the spring bloom onset
as the first time after May 1 when biomass was less than the 20" percentile (C,) for that year
(i.e., near zero) and accumulation transitioned from negative to positive (r=0). The spring bloom
climax was defined as the date of maximum accumulation rate and the apex was then defined
as the date of maximum biomass. We interpolated rto 1-hour resolution for these calculations
to increase the stability of the calculation.

2.1.5 Ensemble averages

To create ensemble averages, for the years 2013 to 2023, we linearly interpolated all variables
(float and reanalysis) to a daily timestep, applied a 30-d moving average to smooth the data, and
then assigned missing values to all timesteps outside our defined SIZ, for floats that temporarily
left the region of interest. For each float and year, we replace each timestep’s value with its
seasonally averaged value. Note that the summer of each year included January and February of
the following year. We then bin the Argo data into our 5°x2° grid.

We statistically correlated annual SIE anomaly (Figure 1e-f; March to February average) with
several physical and biological variables that were averaged over either winter (June to August)
or summer (December to February). We performed statistical comparisons using the binned
data, using all grid cells for the circumpolar region. We then use an appropriate subset of the
grid for each subregion: south of 65°S, north of 65°S till the northern edge of the SIZ, and the
Pacific, Atlantic and Indian basins. For each season, we found the average of all relevant grid
cells each year, before linearly regressing the mean of each variable measured against the
annual SIE anomaly. We report the correlation coefficient squared (R?), sign-preserved, which
we define as significant if the p<0.05. We apply the same methods for the ERA5 net heat flux
and satellite Chl, excluding the replacement of each time steps value with the seasonal
average, as this was not required for these mapped products with higher sampling resolution
than Argo floats. We refer to positive SIE anomalies as ‘high SIE’ and negative SIE anomalies as
‘low SIE’.

We also contrast the annual SIV against the seasonally averaged physical and biological
quantities in each 5°x2° grid cell and estimate the sign-preserved R?. We do this for Argo data,
satellite Chl, and ERA5 net heat fluxes and SST. For physical Argo variables, we require at least 5
years of data in each grid cell, or a missing value was returned. For biological Argo variables,
which only BGC-Argo samples, we required at least 3 years of data in each grid cell. Decreasing
the minimum number of years decreased the robustness of the estimate. This was necessary
given the sparse sampling of BGC-Argo compared to Core-Argo (Figure 1d). For bloom metrics,
we present boxplots indicating not just the median of float data, but also the distribution. For
this analysis, we show the distribution of float data for each SIE case (Table 1) via the boxplots,
as well as for each subregion.

3 Results

The sea ice extent (SIE) anomaly (Figure 1e) has been both positive and negative since the
beginning of the Argo program in the Southern Ocean. From 2016 to 2019 and from 2021, annual
averaged SIE anomalies were negative. SIE anomalies were near zero in 2020 and positive from
2011 to 2015. Core Argo has sustained over 100 floats since 2013, while BGC-Argo has
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sustained around 40 floats since 2017 (Figure 1d). Our ability to understand the water-column
phytoplankton variability before the 2016 negative SIE anomalies is therefore limited.

The regional SIE anomalies were similar to the circumpolar average, but anomalies frequently
changed sign one year before or after the circumpolar average (Figure 1e-f). The seasonalice
zone (SlZ) is also variable between regions. The Atlantic SIZ extends far southward due to the
presence of the Weddell Sea, but also extends the furthest northward of the three longitudinal
subregions. Due to this, the Atlantic SIZ has the largest area. Despite this, only waters south of
the ACC southern boundary (SB) typically extend into the SIZ of the Atlantic, while more
northern fronts extend into the SIZ in the Pacific (Figure 1a), which had the next largest SIZ area.

3.1  Statistical comparison over a decade since 2013

3.1.1 Atmosphere-ocean connections

The focus of this manuscript is on the effect of reduced sea ice extent or volume on physical
and biogeochemical processes since the shift to the new reduced sea ice regime. We will
therefore present the results in the context of correlations with low SIE (i.e., negative SIE
anomalies) or low ice volume. Focusing first on near-surface variability, low SIE was negatively
correlated with net heat flux (Qn) in summer (Table 2), corresponding to more summer heat gain
(Qn>0) for low SIE. This was apparent also in the subregions, with all except the Pacific basin
showing a significant correlation. Due the higher albedo of sea ice than water, this increased
heat uptake is expected, although decreased SIE can also occur due to enhanced heat uptake.

Over 5° longitude and 2° latitude bins, the ERA5 product confirmed increased summer heat gain
in low ice years (Figure 2c), where in each grid cell we contrasted SIV rather than SIE anomalies.
In the Pacific, heat loss was observed where the southern ACC front intrudes into the SIZ. If we
subsample the ERAS5 data based on the sampling of Argo floats (Figure 2d, comparable to the
analysis in Table 2), the magnitude and sign of the correlation changed in some areas,
particularly where correlations were weak in Figure 2c. These deviations been Figure 2c and 2d
indicate the spatial bias from the Argo float sampling. This was also evident for the winter data,
where wide-spread heat loss (Qn<0) occurred over the SIZ with low SIV (Figure 2a), but regions
of heat gain were also indicated in the Argo analysis (Figure 2b).

When averaging over the SIZ or subregions, no significant trend with SST was found in winter or
spring (Table 2), but the binned correlations with SIV show warming SST with low ice in both
winter and summer (Figure 2e-h). In summer, regions of cooling SST were found at more
northern latitudes in the Atlantic and Indian sectors (Figure 2g). In winter, the SST trend
contradicts the heat loss trend in net heat fluxes for low SIV (Figure 2a vs. 2e), highlighting that
the mixing or mixed layer depth strongly controls how efficiently atmospheric heat loss results
in upper ocean cooling. The correction that we applied to shortwave radiation decreases its
magnitude dependent on latitude and independent of sea ice extent or concentration (Mallet et
al., 2023).

Sea surface salinity (SSS) generally increased under low SIE in both summer and winter (Table 2,
Figure 3). Trends weakened in the Pacific and Atlantic in both seasons, and the correlations with
SIV suggest localised SSS decreases in the Weddell Sea.

In summary, trends in near-surface variability highlight relatively consistent trends in net heat
fluxes but spatial variability in upper ocean quantities. The Pacific was especially spatially
variable in how it responded to low SIV (Figure 2 and 3), resulting in weak statistical
relationships between SIE anomalies and seasonally and regionally averaged quantities (Table
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2). The region of increased heat loss in summer for low SIE (Figure 2c¢) also contradicts
expectations for a system dominated by one dimensional sea ice dynamics (i.e., excluding
lateral processes like Ekman processes).

3.1.2 Upper ocean physical variability

The mixing layer depth (zmnix) is expected to shoal under weaker convective turbulence, reduced
heat loss, and high SIE, because ice acts as a barrier for the air-sea energy exchange. As
expected, mixing layer depths (zmix) were deeper in winter south of 65°S and the Indian basin for
low SIE (Table 2a), but with some small regions of shoaling in the Weddell Sea and the Pacific for
low SIV (Figure 3). Mixing layer depths were also deeper in summer in the Indian basin for low
SIE (Table 2b), and for much of the Atlantic for low SIV (Figure 3).

Below the mixing layer, the ocean is not only influenced by atmospheric variability, and so will
have more complex responses to changes in SIE anomaly. Temperature averaged over the
mixing layer, thermocline, or mixed layer was cooler in winter for low SIE over the SIZ, south of
65°S, and in the Atlantic (Table 2 and Sl). In summer, temperatures also cooled in the Atlantic,
but significant trends were not identified in other regions. The only significant trend for salinity
was in the Indian sector, where waters were saltier with low SIE in both seasons (Table 2 and SI).
Comparisons with SIV confirm this for the waters above the thermocline, and show salinity also
increases in winter in the Atlantic (Figure 3). Regions of fresher waters with low ice volume were
also identified, particularly in summer in the Atlantic and Pacific. Overall, responses to seaice
were strongest over the mixing layer and decreased as a larger depth region was considered, but
trends in temperature and salinity remained consistent.

The upper ocean stratification (N) was weaker under low SIE in the Indian basin in both seasons
(Table 2). For low SIV, half the Atlantic and Pacific also had weakening stratification in both
seasons, but half the Atlantic around the Weddell Sea had strengthening stratification (Figure
3).

The stratification of the polar oceans is dominated by salinity gradients rather than temperature
gradients, defined as a  ocean vs. the more common a ocean away from the poles and
freshwater driven systems (e.g., Bay of Bengal). The decomposed contributions, show
temperature (No, sign preserved) stratification had a much stronger weakening trend under low
SIE in both seasons (Table 2). In summer the temperature stratification is on average
destabilizing (No<0) the salinity stratification (Ns). The salinity stratification showed minimal
trends with SIE anomalies (Table 2), but SIV trends strongly resemble the density stratification
(Figure 3), indicating the strong dominance of vertical salinity gradients in determining the bulk
stratification.

In summary, low SIE and SIV generally resulted in deeper upper ocean layers (mixing,
thermocline, and mixed layer depths) and weaker stratification due to a weakening in vertical
salinity gradients in all seasons (Table 2 and Figure 3). Trends were consistently opposite in the
Weddell region, suggesting different dynamics, which we do not explore further here. With low
seaice, less ice forms in autumn, decreasing brine rejection, and then less ice can be melted in
spring and summer. Both reductions would lead to weaker salinity gradients, especially in
conjunction with enhanced mechanical mixing from winds and convective cooling with less sea
ice cover (see Section 4.1 for further discussion).
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3.1.3 Biological processes

Phytoplankton productivity and biomass are strongly influenced by the availability of light and
nutrients, but growth rates can also be impacted by temperature (Table 2; Eppley, 1972). In low
SIE conditions, surface PAR increased in winter and summer, although the correlation was not
significant in the Pacific (not shown). Higher surface PAR is expected for decreased sea ice, as
open waters have a lower albedo than sea ice. Correlations between SIE and median PAR over
the mixing layer (PARmi) increased under low SIE in winter and summer, although summer
correlations were not significant (Table 2). For SIV trends, in winter PARnx decreased where the
southern ACC front intrudes into the SIZ in the Pacific and for part of the Atlantic sector (Figure
4). As we use ChlF orirradiance sensors to estimate the diffuse attenuation of light (Morel et al.,
2007), we only estimate PARix for BGC-Argo floats. Fewer BGC floats compared to Core likely
contribute to the weaker correlations with PARi«. The deepening trend in zmi, increasing surface
PAR, and the summer shoaling in the depth of the euphotic zone (see Sl) together result in
spatial variability in the direction of PARmix variability with low sea ice.

Most Southern Ocean BGC-Argo floats measure dissolved nitrate (NOs3), although iron (Fe), not
nitrate, is the limiting nutrient in much of the Southern Ocean. Nonetheless, changes in nitrate
could illustrate the severity of Fe limitation; low NO; suggests more consumption and reduced
Fe limitation. Above the thermocline, nitrate decreased with low SIE in winter (Table 2). No
significant trends were found in summer, but over the mixed layer nitrate decreased in the
Pacific (R>=0.9) and increased in the Atlantic (R>=-0.52; Sl). Comparisons with ice volume
confirm this spatial variability in the response of nitrate (Figure 4). Changes in nitrate hence
appear more regionally variable, contributing to regional variability in biomass. The distribution
of dissolved iron is of great importance for phytoplankton variability, and although there are
methods for estimating iron stress from concurrent observations of downwelling irradiance and
nonphotochemical quenching in ChlF (e.g., Ryan-Keogh and Thomalla, 2020; Schallenberg et
al., 2022), very few Southern Ocean floats have been deployed with radiometers.

The relationship between SIE anomalies and the maximum depth where ChlF is enhanced (i.e.,
productive layer depth, zyi,) was inconsistent (Table 2), but z,i, shoaled in the Atlantic for low SIE
in summer. Ice volume comparisons show mixed shoaling and deepening trends in summer and
winter in the Pacific and Atlantic, but z,i, consistently deepened in the Indian in winter (Figure 4).
Areductionin seaice should result in greater light penetration into the ocean, so the resulting
change in the euphotic zone (Z.,) and surface PAR directly influence z,i,. Meanwhile, ferricline
depth impacts nutrient availability and likely also influences the depth of zyj.

Under low SIE, average phytoplankton biomass over the productive layer (C, and ChlF)
decreased in summer in northern waters and the Atlantic (Table 2b). No significant correlations
were found for satellite Chl (Chl) or light harvesting pigments (ChlF:C,) with SIE anomalies. For
low ice volume, in winter, C, increased over much of the Indian region, decreased over most of
the Atlantic, and results were mixed in the Pacific (Figure 4). Summer Argo data was sparse, but
satellite Chl suggest that, for low ice volume, Chl generally decreases, but increases where the
southern ACC front intrudes into the Pacific and some other areas (Figure 2). The ratio of ChlF to
C, suggests decreasing light harvesting pigments in winter for low SIV and a spatially variable
response in the summer (Figure 4), if we assume consistent community composition each year.
This winter decrease was expected given the estimated increase in surface PAR (see also Sl)
and suggests a change in photo-physiology from increased light availability.
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3.2  Phenology and total biomass

For all regions except the Pacific, the bloom phenology based on C, was earlier in the year for
low SIE but later in the year based on ChlF (Table 2). This may be due to changes in
phytoplankton photo-physiology, community composition, iron availability, or cooling.

We contrast 2023 with high and low SIE years (Table 1 and Figure 5). The bloom phenology
deviated by less than 40 days for all cases, with most differences of similar magnitude to the
common BGC-Argo sampling frequency (10 days, Figure 4). The onset, climax, and apex were
typically earlier in the year in 2023 and low SIE years than high SIE years, but many individual
sectors deviated from this trend. The earliest shift in onset occurred north of 65°S and in the
Indian basin. In 2023, onsets occurred over a larger time range. The earliest onsets also typically
occurred in 2023, except in the Atlantic where 2023 was the latest and had less spread in the
onset timing (Figure 4).

The median climax was overall similar across all SIE conditions, but had large interquartile
ranges, exceeding 2 months in the Pacific and Indian, suggesting widespread variability in
bloom timing (Figure 4). Overall, the apex had the largest difference between SIE cases. In 2023,
apexes were only earlier in the year in the Pacific, similar to the trend for low SIE years.
Elsewhere, the apex was typically earliest for low SIE than high SIE. The latest apexes were in
2023. Interquartile ranges in apex were large in the Indian basin.

The productive period (days between onset and apex, estimated per float before averaging by
year) was the longest in 2023, in contrast to the general trend of shorter periods in low SIE years
compared to high SIE years (Figure 4). Then combined with the general statistically significant

trend of lower summer biomass under low SIE (Table 2), a shorter productive period resulted in
apex
onset
2023, the change in total biomass was more variable. Circumpolar median biomass was large,

Atlantic biomass was smaller, and the 25" percentile total biomass in 2023 was consistently
smaller than in other years. Hence, although 2023 median total biomass increased in many
regions, the diverging trend in the 25" percentile biomass indicates blooms were highly spatially
variable.

similar or smaller total or time-integrated biomass ( det) for low ice years (Figure 4). In

In summary, while trends in bloom phenology were generally small and varied by basin, the
productive period and total biomass show a clear trend of shorter productive periods and less
total biomass in lower SIE years, excluding 2023, than high SIE years. 2023 stands out as
anomalous in terms of both SIE and bloom metrics, with a general shift to longer productive
periods that were highly variable in their total biomass.

4 Discussion

While Arctic SIE has consistently decreased over recent decades, Antarctic SIE has been more
variable. The Intergovernmental Panel on Climate Change (IPCC) 6" assessment report (AR6)
concluded that there was no significant trend in Antarctic SIE, based on observations ending in
2022 (Constable et al., 2022). However, the lowest-on-record SIE observations in 2023 and 2024
suggest that Antarctic sea ice has experienced a regime shift to a new low sea ice state (Purich
and Doddridge, 2023). In 2023, SIE was low not just in summer, as typically expected in low SIE
years, but also low SIE in winter (Hobbs et al., 2024). The extremely low SIE in 2023 and 2024
has significant implications for both climate physics and biogeochemical processes (Hobbs et
al., 2024; Boyd et al., 2024). Understanding these impacts is critical for improving Earth system
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models, informing policy (e.g., fishery limits), and understanding impacts on the carbon cycle.
Here, we identified statistically significant correlations between SIE anomalies or SIV and
physical and biological variables. We contrast our results to the findings of the IPCC ARG, which
collates evidence from in situ observations, satellite data, numerical model output, and
reanalysis products (Constable et al., 2022; Gulev et al., 20283; Figure 6).

4.1 Seaice impacts on ocean physics

Seaice metrics (SIE anomalies and SIV) are strongly connected to upper ocean variability in the
SIZ (Table 2 and Figures 2 and 3). Brine rejected during autumn sea ice formation immediately
sinks to deeper water, enhancing vertical salinity gradients and deepening the autumn and
winter mixed layer (Pellichero et al., 2017). Low SIE and ice volume was however linked to
deeper mixing and mixed layers, and deeper thermocline depths in winter (Table 2 and Figure 3;
see Sl), except for the Pacific region and the Weddell Sea. This suggests brine rejection does not
fully control these depths, and perhaps wind driven mixing and enhanced cooling under low sea
ice is a stronger control on the mixing layer depth than brine rejection, in some areas. Seaice
melting then releases fresh water to the mixing layer in spring and summer, enhancing vertical
salinity gradients proportional to SIV. The observed trend of decreased stratification, especially
salinity stratification, and increased sea surface salinity as SIE and ice volume decreases is
hence consistent with multiple years of decreased sea ice formation and melting (Table 2,
Figure 3).

The response of ocean physics to sea ice was regionally variable. The Indian region generally
mirrored circumpolar patterns (Table 2 and Figure 3). The Atlantic showed contrasting trends,
with similar trends between the eastern sector of the Atlantic and the Indian, but often opposing
trends in the western section and the Weddell Sea (Figure 3; e.g., zmix, SSS). The Pacific was
generally the most variable, with few correlations between ocean physics and SIE anomalies
(Table 2). Trends with SIV demonstrate this spatial variability in the Pacific, especially for mixing
layer depth and above thermocline salinity, which generally had opposing trends in the Pacific
as compared to the other regions (Figure 3). This spatial variability in the Pacific is likely related
to the Pacific SIZ spanning more fronts and water masses than in the other basins (Figure 1). The
Indian SIZ includes a small section of waters south of the ACC front and has an SIZ <75% of the
Atlantic and Pacific. This contributed to fewer floats in this region (Figure 1d), and we note
sampling bias is presentin all Argo statistics (see Section 4.4).

4.2  Seaice impacts on ocean biology

Both light levels and light seasonality are drivers of primary productivity. As seaice is highly
reflective, when present, sea ice accentuates light limitation (Gardner and Sharp, 2010) and
affects the seasonality of light. Ice thickness also modulates light availability (Bisson and Cael,
2021), which we do not account for in our under-ice PAR estimates. As SIE decreases, ice
thickness would also decrease, increasing under-ice PAR, which we found based on variations
in surface PAR and diffuse attenuation only (Table 2, Figure 4). Low SIE and ice volume generally
resulted in greater summer light availability, and decreased chlorophyll-to-carbon ratios (Table
2 and Figure 4), as fewer light-harvesting pigments were needed to meet their energy
requirements. Lower ChlF:C, could also be due to changes in phytoplankton community
composition.

Delayed ice formation, hastened ice melting, and hence decreased sea ice duration will delay
the shift to ocean cooling conditions in autumn, advance the shift to ocean warming in spring,
and more total ocean warming will occur across the warmer months (Sejas and Taylor, 2023).
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The shift from ocean cooling to warming conditions, and the shutdown of convective
turbulence, typically corresponds to the bloom climax (Llort et al., 2015, Schlosser et al. 2024).
As expected, net heat fluxes also shifted from cooling to warming earlier in the seasonal cycle
(not shown) and circumpolar climaxes were earlier in the year in low SIE years and 2023 than in
high SIE years (Table 2 and Figure 5). Temperature also directly impacts phytoplankton growth;
cooler winter and spring waters can delay the bloom onset (Vives et al., 2023). ERA5 indicates a
warming trend in SSTs in winter and summer as SIV decreases (Figure 2), but the depth-
averaged temperature over the mixing layer, mixed layer, and thermocline suggests
temperatures cooled with low SIE (Table 2 and see Sl).

As seaice has high concentrations of iron, when ice melts, iron is released into the mixing layer
(Lannuzel et al., 2016). This makes sea ice an important source of iron for the spring bloom
(Latour et al., 2023). In the reduced-ice Southern Ocean, sea ice may melt before the springtime
increase in light availability to sufficient levels for biomass to accumulate. This mismatch
between iron delivery and the date of sufficient light availability could potentially slow or
decrease phytoplankton accumulation for some species. When combined with warming
temperatures (Figure 2), these new conditions may confer physiological advantages or
disadvantages to species or groups of species, potentially shifting community composition
(Boyd, 2019; Boyd et al., 2016; Seifert et al., 2023).

We also note the increasing trend in iron stress in the Southern Ocean and the resulting
decrease in net primary production (Ryan-Keogh et al., 2023). Although we don’t estimate net
primary production here, average summer biomass decreased for low SIE (Table 2). In the
Arctic, meltwater from sea ice enhances the stratification and this slows the biological pump of
carbon by 4 months, impacting benthic communities (von Appen et al., 2021). As stratification
also decreases in the Antarctic for low SIE (Table 2), we expect similar impacts on the biological
pump of carbon and related communities as found in the Arctic.

4.3 Consistency with IPCC report

We compared our trends in physical and biological variables to the IPCC AR6 (Figure 6;
Constable et al., 2022). Many of the identified trends were consistent with the IPCC report, such
as warming SST (Figure 2), and deepening summer mixing layers (Figure 3; Panassa et al., 2018;
Sallée et al., 2021; Constable et al., 2022).

Some variables, like ChlF, have inconsistent trends across the literature and little overall change
in biomass on a circumpolar scale (Constable et al., 2022). Satellite-derived inter-annual
variability in net primary productivity is minimal in some studies (Thomalla et al., 2023; Boyd et
al., 2024) and has increased over time in others (Pinkerton et al., 2021). Here we found spatially
variable but still significant trends between satellite Chl and SIV (Figure 2k) for the period 2013
to 2023. Correlations between satellite Chl and sea ice concentration were similar for this
period, but over the entire satellite record (starts in 1997 for ocean colour) correlations were
smaller and few locations returned significant trends (see Sl). Sea ice is hence a more important
driver of phytoplankton variability in the Southern Ocean in this new low sea ice regime,
compared to earlier decades with smaller SIE anomalies.

Increased ice volume has previously been linked to deeper mixed layer depths and blooms with
higher maximum ChlF, although impacts are highly spatially variable across the Southern
Ocean (Giddy et al., 2023). Overall, our results indicated decreased summer biomass under
decreased annual SIE anomalies (Table 2 and Figure 5) and SIV (Figures 2 and 3). Some regions
had increasing summer biomass for low ice volume (Figures 2 and 3), so the spatial variability
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was similar to Giddy et al., (2023). The total biomass during the bloom (onset to apex, time-
integrated) was lower in low ice years than high ice years, but 2023 diverged from this trend
south of 65°S, and in the Pacific and Atlantic (Figure 5). For all latitudes and longitudes, the total
biomass was also larger in 2023 than other high or low sea ice years. Most climate models
predict SO productivity to increase following the loss of sea ice and temperature-mediated
increase in growth rates (Boyd et al., 2024), which generally agrees with these 2023
observations.

In low SIE years (excluding 2023), we also found the bloom period was shorter than high SIE
years, with a trend of earlier onset, climax, and apex (Figure 5). In 2023, blooms were longer with
an earlier onset and later bloom apex than low SIE years. Onsets closely correspond to the
timing of ice melt (von Berg et al., 2020; Kauko et al., 2021; Giddy et al., 2023), so earlier onsets
in 2023 are expected. In contrast, the apex, or bloom termination, was linked by Giddy et al.,
(2023) to nutrient availability (Boyd et al., 2005; Krause et al., 2019), grazing (Kauko et al., 2021;
Moreau et al., 2020), bacteria, and viruses (Biggs et al., 2021), which we cannot monitor in this
study. We conclude that 2023 was anomalous in terms of both SIE and bloom metrics. We note
seaice is also a habitat for sea ice algae and may at times contribute up to 65% of total
Southern Ocean primary production (McMinn et al., 2010; van Leeuwe et al., 2018), although we
do not investigate sea ice algae here.

We observed a trend of increasing SSS and decreasing upper ocean stratification (N) for low sea
ice metrics for much of the Southern Ocean (Table 2 and Figure 3). This was contrary to AR6
(Constable et al., 2022), which found surface waters freshening at high latitudes and
stratification increasing (from 1970 to 2017), particularly in summer (Gulev et al., 2023).
Between the 2 years with the highest SIE and 2023, winter N decreased by 4.8x102s™ (5.2%),
temperature-based N decreased by 4.9x102 s (8.4%) and salinity-based N decreased by
almost double at 10.9x10? s™. The observed decrease in stratification was hence due
predominantly to a decrease in salinity stratification as a result of reduced seaice. Changes in
wind forcing and surface waves will also influence stratification and upper ocean mixing, which
impacts both phytoplankton growth and mortality (Behrenfeld and Boss, 2014; Franks, 2015).

4.4  Capacity for observing potential regime shifts

The BGC-Argo Science Implementation plan states that to adequately observe BGC variability
and changes in the carbon cycle, we require around 1,000 floats globally and 200 floats in the
Southern Ocean (Majkut et al. 2014). Currently, around 40 floats observe the SIZ every year, so
the monitoring capacity in this region is below what is required. Sparse data can lead to strong
biases in trends in ocean variability, such as a 50-130% overestimate of carbon dioxide fluxes in
the Southern Ocean from the current number of BGC-Argo floats (Hauck et al., 2023). Figure 2
highlights the sampling bias from insufficient Argo floats, where the difference in net heat flux
panels is due only to the sampling of both Core- and BGC-Argo. Hauck et al., (2023) found the
overestimation of carbon dioxide fluxes could be reduced to less than 15% if float numbers
increased to 1000 globally, and such float numbers would also enhance the statistical rigour of
our study. We also note that BGC-Argo floats preserve the seasonal cycle in carbon dioxide
fluxes (Sarmiento et al., 2023), so although absolute magnitudes may be biased the timings
may still be accurate. Increasing Argo floats numbers, and especially BGC-Argo floats, in the
Southern Ocean is critical for better monitoring of changes to ocean physics and phytoplankton
variability. For phytoplankton, this is particularly important given the divergent 2023
observations we showed here.
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Projections of Southern Ocean phytoplankton biomass are poorly constrained due, in part, to
our poor understanding of the iron supply (Boyd et al., 2024). It is particularly important to
improve projections of iron supply to better forecast future changes. Accurate iron
measurements require ship sampling. Alternatively, iron stress can be estimated based on the
non-photochemical quenching, requiring co-located irradiance and fluorescence sensors
(Schallenberg et al., 2022). We attempted this methodology here, but irradiance observations
were insufficient (only ~0.5% floats were equipped with irradiance sensors). Another option is
extrapolating the iron supply from relative nitrate concentrations. If iron and light are sufficient
to support growth, nitrate will be drawn down, while if iron is limiting but light remains available,
growth may decrease and hence nitrate concentrations will increase over time. In summer,
when light should be available for growth, the relative change in seasonally averaged nitrate
under variable SIE and SIV may then indicate iron stress, where larger nitrate concentrations are
consistent with increased stress and vice versa. In the summer mixed layer, we identified a
significant decrease in nitrate under low SIE in the Pacific, suggesting an increase in iron supply
and/or decreased iron stress (Table 2). We then found an increase in nitrate in the Atlantic for
low SIE, suggesting a decreased iron supply. Further observations are required to better
understand and confirm these trends. Incorporating irradiance sensors on more BGC-Argo
floats would be a good start.

5 Conclusions

Previous work has suggested a transition to a new low sea ice regime as early as 2016 (Purich
and Doddridge, 2023), resulting in persistent low SIE anomalies. In this context, 2023 was
different again, exhibiting low SIE not just in summer, as typically expected in low SIE years, but
also low SIE in winter (Hobbs et al., 2024). Before this work, the ecosystem impacts of low SIE
were poorly quantified, primarily using only satellite ocean colour data (Pinkerton et al., 2021).
Here we used a broad range of data sources to show some consistent variability in low vs. high
SIE years over the entire seasonalice zone (SlIZ). In low SIE years, surface waters were warmer
and saltier, stratification and vertical salinity gradients were weaker, summer light availability
increased, ChlF to carbon ratios decreased, suggesting impacted phytoplankton physiology or
changed community composition, and summer phytoplankton biomass decreased (Table 2).
Most of these trends were consistent with the IPCC AR6 (Constable et al., 2022), except for the
increasing trend in salinity and decreasing trend in summer biomass in many subregions in low
SIE years. The response was however spatially variable, particularly in the Pacific and Atlantic.

Phytoplankton bloom metrics differed between low SIE years and 2023. Low SIE years had
shorter bloom periods and similar or lower total biomass than high SIE years (Figure 5). In
contrast, 2023 had longer bloom periods than high or low SIE years and higher total biomass,
but biomass was spatially variable and did not consistently increase in contrast to low SIE
years. Bloom metrics hence indicate that 2023 was anomalous in terms of sea ice extent and
phytoplankton variability.

We highlight the importance of adequately monitoring Southern Ocean change by increasing
BGC-Argo float numbers to decrease biases (e.g., Hauck et al., 2023; Figure 2a-d) and deploying
irradiance sensors with fluorescence sensors to better estimate iron supply (to calculate
proxies for Fe limitation; Schallenberg et al., 2022). Enhancing this network is essential for more
comprehensive monitoring and understanding of the complex changes occurring in this vital
and vulnerable environment. This study contributes to the growing body of knowledge on the
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impacts of sea ice variability on Southern Ocean ecosystems, providing insights that are crucial
for predicting and managing future ecological changes.
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Figure 1:

1982 1985 1987 1990 1992 1995 1997 2000 2002 2005 2007 2010 2012 2015 2017 2020 2022

Distribution of Argo floats relative to sea ice extent (SIE).

Core Argo (blue) and BGC-Argo (black) tracks in a) 2015 and 2020, b) 2017 and 2022, and c) 2023. The
seasonal ice zone (SIZ, black contour) indicates the maximum SIE averaged across 2013 to 2023
(National Snow and Ice Data Centre, NSIDC). The average front locations are contoured (Park et al.,
2019): the northern boundary of the ACC (NB), subantarctic front (SAF), polar front (PF), southern ACC
front (sACCf), and southern boundary of the ACC (SB). d) Number of Argo (solid) and BGC-Argo (dashed)
profiles over the entire Southern Ocean and by region. e) SIE anomaly (NSIDC), smoothed witha 12-
month moving average. High and low SIE years are indicated for the month of July. f) SIE anomaly by

region.
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Figure 2: Correlations between sea ice volume (SIV) and ERAS5, satellite or Argo variability in winter
and summer.

From top to bottom, the sign-preserved correlation squared (R?) between annual averaged SIV (March-
February) and a-d) net heat fluxes (Qn), e-h) SST, and k-l) surface Chl (Chl,). The boxed panel
demonstrates the sign of R? for variables regressed against increasing SIV. The left two panels show winter
averaged data and the right two summer data. Only summer data exist for satellite Chl. For each season,
we show the correlation for a gridded product (ERAS in the top two rows and satellite OC-CClI for the
bottom row) and the gridded and mapped Argo tracks. Note variations in Qu results are due to the Argo
sub-sampling of ERA5 data and represent the potential error due to the sparse sampling of Argo floats.
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Figure 3: Correlation between SIV and physical parameters in winter and summer.

From top to bottom, the sign-preserved correlation squared (R?) between annual averaged SIV
(March-February) and sea surface salinity (SSS), mixing layer depth (zmi), above thermocline
salinity (Swerm), thermocline depth (zwmem), and pycnocline buoyancy frequency (N). The left panel
shows winter averaged data and the right summer. A minimum of 5 years of non-missing data
was required for each grid cell.
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Figure 4: Correlation between SIV and biogeochemical parameters in winter and summer.
From top to bottom, the sign-preserved correlation squared (R?) between annual averaged SIV
(March-February) and above thermocline nitrate (NOj erm), mixing layer PAR (PARmix), productive
layer depth where ChlF is enhanced (zpi0), phytoplankton biomass (C,), and chlorophyll
fluorescence (ChlF). The left panel shows winter averaged data and the right summer. A
minimum of 3 years of non-missing data was required for each grid cell.
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Figure 5: Bloom metrics for each SIE case.

Boxplots of bloom phenology, productive period, and total phytoplankton carbon, by region. From top to

bottom, the bloom onset, climax, apex, productive period (time between onset and apex), and total or

time-integrated C, over this period.
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Figure 6: Summary of change in physical and biological variables for a low SIE or SIV Southern

Ocean.

We shade the atmosphere (top) according to monthly averaged shortwave radiation. Yellow indicates high
radiation and blue low. The ocean (bottom) is shaded based on monthly averaged phytoplankton biomass
(C,). Green indicates high biomass and blue low. Months with sea ice, May to December, are indicated.
We contrast the results with trends from AR6 (Constable et al., 2022; Gulev et al., 2023) and denote
consistent (tick) and inconsistent (cross) trends. This schematic has been designed using images from

Flaticon.com.

Tables

Table 1: Years with high SIE and low SIE by longitudinal subsets

Basin | HighSIE | LowSIE

Circumpolar | 2015, 2020 | 2017, 2022
Pacific 2015,2021 | 2017, 2019
Atlantic 2015,2020 | 2018, 2022
Indian 2015,2021 | 2016, 2022
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911 Table 2: Correlation coefficients (R?, sign preserved) between SIE anomaly and a range of physical
912 and biological variables?®

a) RZ- Winter® b) RZ-Summer*
2 e % S > — v £ S % 3
Variable® a & S 5 2 7 a 9; 2 S o
7 7] o 3 o N 72 7] ) =7 S
2 = o

Qn® 0.00 -0.01 0.26 -0.01 0.00 0.02 |-0.74 -0.83 -0.4 -0.29 -0.77 -0.51
SST -0.01 -0.02 -0.13 0.01 0.00 -0.07|-0.05 -0.05 -0.08 -0.03 -0.03 -0.02
SSS -0.48 -0.37 -0.47 -0.22 -0.18 -0.60 | -0.35 -0.20 -0.49 -0.02 -0.10 -0.74
Zmix -0.39 -0.37 -0.29 0.00 -0.31 -0.48 | -0.15 -0.14 -0.19 0.01 -0.08 -0.63
Tiherm 0.38 0.36 0.05 0.16 0.49 0.2 0.13 0.1 0.08 -0.14 0.38 0.24
Stherm -0.06 0.16 -0.34 0.06 -0.05 -0.21|-0.03 0.00 -0.14 -0.03 0.15 -0.08
N 0.22 0.19 0.08 0.04 0.00 0.47 | 0.117 0.02 0.32 0.00 0.02 o0.56
No 046 0.39 020 0.19 0.05 0.63 0.3 0.16 0.48 0.02 0.1 0.7
Ns 0.25 0.27 0.22 0.07 0.49 0.07 | 0.01 0.04 0 0.02 0 0
PARmix -0.67 -0.53 -0.67 -0.52 -0.47 -0.11]|-0.17 -0.11 -0.21 -0.39 -0.27 -0.02
NO3,mu 040 0.33 057 0.82 -0.16 0.28 | 0.12 0.22 -0.02 0.9 -0.52 0.01
Zbio 0.01 0.02 -0.02 0.05 033 -0.10| 0.10 0.00 0.07 0.178 0.80 -0.02
Cp -0.03 -0.11 -0.09 -0.21 0.27 0.04 | 0.18 0.04 0.24 -0.01 0.47 0.01
ChlF 0.00 -0.01 0.00 -0.06 0.28 0.09 | 0.25 0.10 0.52 0.12 0.69 0.02
ChlF:C, 0.02 -0.01 0.33 0.07 -0.05 0.36 | 0.07 0.177 0.14 0.23 0.03 0.02
Chl,® - - - - - - -0.01 -0.04 0.10 -0.23 0.02 0.04
onset 0.25 0.27 0.32 0.01 0.54 0.26
climax 045 0.48 036 0.02 0.46 0.23
apex (No seasonal variability) 055 0.63 0.38 0.12 0.53 0.4
onsetcnir -0.63 -0.63 -0.63 -0.46 -0.55 -0.6
climaXxchir -0.61 -0.61 -0.61 -0.3 -0.54 -0.59
apeXchir -0.62 -0.62 -0.63 -0.31 -0.55 -0.59

913

@ Averaged across the entire seasonalice zone (SIZ) and for the regional subsets: south of 65°S (S-65°S),
north of 65°S (N-65°S), and Pacific, Atlantic, and Indian basins. Net heat flux (Qn), sea surface
temperature (SST), sea surface salinity (SSS), mixing layer depth (zmix), above thermocline temperature
(Tenerm), @above thermocline salinity (Swerm), buoyancy frequency (N), temperature buoyancy frequency (Ng),
salinity buoyancy frequency (Ns), mixing layer photosynthetically available radiation (PARx), mixed layer
nitrate (NOs mw), productive layer depth (zi0), depth-integrated phytoplankton carbon biomass over z,
(Cp), depth-integrated chlorophyll fluorescence over zyj, (ChlF), ratio of ChlF to carbon (ChlF: C;), and
satellite Chl (Chly).

® Bolded numbers indicate statistical significance (p<0.05).

¢ Winter (Jun-Aug)

4Summer (Dec-Feb)

¢ Denotes data not originating from Argo floats
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1  Supplementary information

1.1 Satellite Chl

We correlate the merged satellite product (OC-CCI) averaged over summer (December to
February) to annually averaged (March to February) sea ice concentration (ci) over two periods:
since 1997 and since 2013 (Figure S1). Since 2013, the sign-preserved correlations have largely
increased in magnitude when comparing to the full ocean colour satellite record, and
correlations generally have a similar sign.

Correlation: CI sat and NSIDC ci, 1997+ Correlation: CI sat and NSIDC ci, 2013+
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Figure S1: Correlation between sea ice concentration and satellite Chl.

Binned OC-CCl satellite Chl, averaged over summer, and annually averaged sea ice concentration (ci,
March to February average). We show the Pearson correlation coefficient squared (R?), sign preserved. On
the left, we include the entire satellite record since 1997, whilst the right shows the correlation since
2013.

1.2 ERAS5 shortwave radiation bias

There is a persistent bias in ERA5 shortwave radiation (Qsw), due to the limited measurements of
radiation in the Southern Ocean (Mallet et al., 2023). In Figure S2, we demonstrate the
correction in summer 2016, which varies with latitude.



summer 2016 with bias summer 216 with bias removed

Figure S2: ERAS net shortwave radiation (Qs,) bias correction.

Average ERA5 Qs in summer in 2016, as provided (left) and with the bias removed (right).
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1.3 Temperature trends with ice volume

winter summer

Figure S3: Correlation between sea ice volume (SIV) and temperature.

From top to bottom, correlation between SIV and temperature at the sea surface (SST), and averaged over
the mixing layer (Tni), mixed layer (T.q), and above the thermocline (Twem). We show results for winter
(left) and summer (right).



1.4 Statistical correlations with SIE anomalies

Table S1: Correlation coefficients (R?, sign preserved) between SIE anomaly and a range of physical
and biological variables®

a) R2 - Winter® b) R2 - Summer?

Variable® © & & 8 E oz o« & 5 5 E':; 2

N % < = 2 ) N < < = 2 )

7 (72} o ° S 72 (7] 0 ° 3
Cp -0.03 -0.11 -0.09 -0.21 0.27 0.04| 0.18 0.04 0.24 -0.01 0.47 0.01
ChlF 0.00 -0.01 0.00 -0.06 0.28 0.09| 0.25 0.1 052 0.12 0.69 0.02
ChlF:Cp 0.02 -0.01 033 0.07 -0.05 0.36]| 007 0.17 0.14 0.23 0.03 0.02
r -0.34 -0.33 -0.24 -0.10 -0.21 -0.02 | -0.28 -0.32 0.03 -0.01 -0.19 -0.04
ChlF¢® 0.00 -0.05 0.13 -0.11 0.68 0| 0.390 025 0.49 0.17 0.79 0
Zmix -0.39 -0.37 -0.29 0.00 -0.31 -0.48 | -0.15 -0.14 -0.19 0.01 -0.08 -0.63
Zmud -0.23 -0.25 0.00 0.01 -0.16 -0.17 | -0.13 -0.01 -0.27 0 -0.08 -0.6
Zbio 0.01 0.02 -0.02 0.05 033 -0.1 0.1 0 0.07 018 0.8 -0.02
Ztherm -0.36 -0.54 0.10 -0.09 -0.53 0.07 | -0.16 -0.07 -0.09 0 -0.51 0.03
Trmix 0.38 037 0.02 029 054 0.1 0.1 0.06 0.04 -0.08 0.35 0.09
T 042 0.38 0.05 027 055 0.14| 0.12 0.07 0.06 -0.07 0.41 0.1
Ttherm 0.38 0.36 0.05 0.16 0.49 0.2 | 0.13 0.1 0.08 -0.14 0.38 0.24
Shix -0.17 0.00 -0.30 -0.01 -0.01 -0.54 | -0.06 -0.04 -0.04 -0.02 0.16 -0.53
Smud -0.05 0.03 -0.22 0.01 0.00 -0.45|-0.05 -0.02 -0.06 -0.01 0.17 -0.49
Stherm -0.06 0.16 -0.34 0.06 -0.05 -0.21 | -0.03 0 -0.14 -0.03 0.15 -0.08
NOs3,mid 040 0.33 0.57 0.82 -0.16 0.28| 0.12 0.22 -0.02 0.9 -0.52 0.01
NOsz therm 0.36 0.19 059 0.55 -0.12 0.3 | 0.02 0.05 0 0.1 -0.23 0
Zeu 0.01 0.09 -0.02 0.1 -0.28 0| -04 -023 -0.32 -0.36 -0.64 -0.03
N 0.22 0.19 0.08 0.04 0.00 0.47| 0.11 0.02 0.32 0 0.02 0.56
Ns 046 0.39 0.20 0.19 0.05 0.63 0.3 0.16 0.48 0.02 0.1 0.7
No 0.25 0.27 022 0.07 049 0.07| 0.01 0.04 0 0.02 0 0
dTdz 0.23 0.33 0.12 0.03 044 007 | 0.01 0.04 0 0 0.03 0
dSdz 0.34 0.21 028 0.09 0.04 056| 0.2 008 0.42 -0.01 009 0.66
SST -0.01 -0.02 -0.13 0.01 0.00 -0.07|-0.05 -0.05 -0.08 -0.03 -0.03 -0.02
SSS -0.48 -0.37 -0.47 -022 -0.18 -0.6|-0.35 -0.2 -0.49 -0.02 -0.1 -0.74
T<a00 0.39 0.38 0.03 022 059 0.11 0.1 0.06 006 -0.12 0.56 0.07
S<a00 -0.10 0.22 -0.30 0.03 -0.01 -0.48 | -0.06 0 -0.09 -0.01 0.15 -0.28
CPrmix -0.07 -0.23 0.02 -0.38 0.71 0| 018 0.04 04 -017 0.65 0.01
CPmua -0.06 -0.21 0.02 -0.44 0.63 0| 022 0.07 04 -023 064 0.01
CpPinerm -0.01 -0.06 0.18 -0.22 0 0| 0.06 0 0.21 -0.13 0.01 0
POCnerm 0.09 002 0.31 0.13 0 0| 009 0.06 0.16 -0.05 -0.04 0.02

@ Averaged across the entire seasonalice zone (SIZ) and for the regional subsets: south of 65°S (S-65°S),
north of 65°S (N-65°S), and Pacific, Atlantic, and Indian basins. Net heat flux (Qn), sea surface
temperature (SST), sea surface salinity (SSS), mixing layer depth (zmix), above thermocline temperature
(Tenerm), @above thermocline salinity (Swerm), buoyancy frequency (N), temperature buoyancy frequency (Ng),
salinity buoyancy frequency (Ns), mixing layer photosynthetically available radiation (PARx), mixed layer
nitrate (NOs mw), productive layer depth (zi0), depth-integrated phytoplankton carbon biomass over z,
(Cp), depth-integrated chlorophyll fluorescence over zyj, (ChlF), ratio of ChlF to carbon (ChlF: C;), and
satellite Chl (Chly).

® Bolded numbers indicate statistical significance (p<0.05).

¢ Winter (Jun-Aug)

4Summer (Dec-Feb)

¢ Denotes data not originating from Argo floats



PHumix -0.01 -0.09 0.09 -0.28 0.33 0| 036 0.16 0.45 -0.01 0.49 0.01
DOXY mix -0.12 -0.09 -0.04 -0.65 -0.11 -0.08 | -0.11 -0.07 0 -0.35 -0.15 0
PHtherm -0.04 -0.05 -0.11 -0.05 -0.1 -0.02| 0.3 021 -0.05 0.27 0.03 -0.01
DOXYiherm -0.09 -0.09 -0.04 -0.3 -0.08 -0.05|-0.07 -0.07 0 -0.03 -0.11 0
SCI 0 -0.01 0.06 0.01 -0.12 -0.01 0.1 0.13 -0.15 0.33 -0.04 -0.02
Onset 0.25 0.27 0.32 0.01 054 0.26
Climax 0.45 0.48 0.36 0.02 046 0.23
Apex 055 0.63 0.38 0.12 053 0.4
Period (No seasonal variability) -0.03 -0.04 -0.13 -0.04 -0.02 -0.1
Onset:ChlF -0.63 -0.63 -0.63 -0.46 -0.55 -0.6
Climax:ChlF -0.61 -0.61 -0.61 -0.3 -0.54 -0.59
apex:ChlF -0.62 -0.62 -0.63 -0.31 -0.55 -0.59
PAR, -0.53 -0.63 -0.46 -0.1 -0.64 -0.56 | -0.37 -0.46 -0.37 -0.05 0 -0.38
PARmix -0.67 -0.53 -0.67 -0.52 -0.47 -0.11|-0.17 -0.11 -0.21 -0.39 -0.27 -0.02
Qn® 0 -0.01 0.26 -0.01 0 0.02]|-074 -0.83 -0.4 -0.29 -0.77 -0.51
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