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Abstract.

By absorbing large amounts of anthropogenic carbon from the atmosphere, the ocean strongly buffers the magnitude of
warming caused by CO5 emissions. This ocean carbon uptake is often conceptually separated into two components, quantified
by the feedback parameters 3 and ~y: The uptake of anthropogenic CO5 driven by rising atmospheric concentration (3), and the
effect of climate warming (vy), which reduces this anthropogenic uptake and drives a loss of natural carbon already stored in
the ocean. Together, 3 and v determine how effectively the ocean absorbs CO4 emissions and shape how much emitted carbon
remains in the atmosphere. Thus, 5 and -~y directly affect how much the climate system warms in response to emitted carbon,
i.e., the transient climate response to cumulative CO- emissions (TCRE). However, estimates of ocean § and ~ from Earth
system models differ widely, leading to substantial uncertainty in the TCRE.

Here, we extend and apply a previously identified emergent constraint linking ocean anthropogenic carbon uptake to ob-
servable indicators of the formation of Southern Ocean mode and intermediate waters, North Atlantic deep water formation,
and the global surface ocean chemical uptake capacity. In addition to these three predictors, we add an additional indicator for
bottom water formation via open-ocean deep convection, defined as the volume of waters below 3000 m that is ventilated via
extremely deep mixed layer depths. Using observations of these four indicators, the constrained /3 is 0.964-0.05 Pg C ppm !
at doubling of atmospheric CO5 and 0.8540.04 Pg C ppm~! at quadrupling of atmospheric CO». The observationally con-

strained (3 is around 4-5% larger and around 35-47% less uncertain than previously estimated. This larger ocean [ is further
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supported by simulated historical anthropogenic carbon uptake in most models being lower than observation-based estimates,
although uncertainties in the latter remain too large to directly constrain .

Beyond constraining ocean (3, we show that ocean $ and -y become increasingly correlated over time. This relationship
emerges because models with higher anthropogenic carbon uptake, and hence larger /3, also show a stronger suppression
of that uptake in response to climate change. The stronger suppression is driven by a larger reduction in the indicators for
ocean carbon uptake identified above in models with higher indicators at the beginning of the simulations, e.g., a model with
stronger ventilation at present will also see a stronger reduction of that ventilation in the future. As atmospheric COs increases,
the climate-driven reduction in anthropogenic carbon uptake increasingly dominates over the climate-driven loss of natural
carbon, causing 7y to become primarily controlled by reductions in anthropogenic carbon uptake over time. As a result, the
same observable indicators that constrain ocean [ also constrain ocean -y at high CO5. At doubling of atmospheric COs, this
yields a constrained ocean «y of -10.14-2.4 Pg C °C~!, which is 23% larger in magnitude but has the same uncertainty as
the unconstrained multi-model mean. Reflecting the strengthening of this relationship with increasing atmospheric CO5, the
constraint tightens further at quadrupling of CO5 to -24.543.6 Pg C °C~1, which is 28% larger and 42% less uncertain.

Overall, we have extended a previous constraint for the ocean carbon uptake by (1) adding an additional parameter that
removed a known bias from unrealistic open-ocean deep convection, (2) transferring the constraint to -y and providing a mech-
anistical explanation for that constraint and evidence for that mechanism, (3) applying the constraint regionally, (4) identifying
substantial biases in 5 and « and reducing uncertainties, and (5) improving process understanding of drivers of changes in the
ocean carbon sink. Although both the increase in atmospheric CO5 uptake and the increase in carbon loss with climate change
were biased across the model ensembles and could be constrained, the bias corrections of 5 and ~y offset each other, leaving the
best estimate of the ocean carbon sink relatively unchanged (2-3% increase compared to this ensemble mean). However, the
uncertainties of 5 and y are reduced and hence is the overall uncertainty of the carbon sink, which will propagate into smaller

uncertainties of important climate metrics such as the TCRE.

1 Introduction

The ocean currently absorbs roughly 25-30% of anthropogenic CO; emissions (Friedlingstein et al., 2026b, a; DeVries et al.,
2023; Terhaar et al., 2022; Terhaar, 2025), substantially moderating the rate of atmospheric CO, increase and global warming.
The strength of the ocean carbon sink is determined by the amount of carbon taken up at the ocean surface (Broecker et al.,
1979) and by the amount of carbon transported from the ocean surface to the ocean interior (Caldeira and Duffy, 2000; Orr
et al., 2001; Sarmiento et al., 1992; Mikaloff Fletcher et al., 2006). Despite the importance of the ocean carbon sink, its current
strength and future evolution remain uncertain (Friedlingstein et al., 2026b; Terhaar et al., 2022), contributing to uncertainty
in projections of warming for a given amount of emitted carbon (Sanderson et al., 2025; Canadell et al., 2021; Matthews et al.,
2021). Understanding how the ocean carbon sink will respond to rising atmospheric CO2 and associated climate change is

therefore essential for constraining the future climate response to carbon emissions.
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The sensitivity of the ocean carbon sink to rising atmospheric CO5 and to climate change is commonly quantified using the
feedback parameters S and -y (Friedlingstein et al., 2006; Arora et al., 2013, 2020). The parameter 3 describes the carbon-
concentration feedback, i.e., the increase in anthropogenic carbon uptake driven by rising atmospheric CO5 (Sarmiento et al.,
1992; Orr et al., 2001), while v quantifies the carbon-climate feedback, i.e., the reduction of anthropogenic carbon uptake
and loss of natural carbon associated with climate warming, driven by changes in solubility, circulation, stratification, and
biological processes (Sarmiento and Le Quéré, 1996; Plattner et al., 2001; McNeil and Matear, 2013; Joos et al., 1999; Bunsen
et al., 2024; Terhaar, 2024). The carbon-concentration feedback (3) dominates ocean carbon uptake, while the carbon-climate
feedback () represents an important yet smaller modulation of ocean carbon fluxes. Together, these parameters determine how
effectively the ocean absorbs emitted anthropogenic CO2 and thereby influence the transient climate response to cumulative
carbon emissions (TCRE) (Allen et al., 2009; Matthews et al., 2009; Zickfeld et al., 2009). TCRE, 3, and ~ are typically
quantified from idealized simulations with atmospheric CO5 increasing by 1% per year (Arora et al., 2013, 2020). Despite
their central role, simulated estimates of ocean 3 and ~y differ widely across Earth system models (Arora et al., 2013, 2020;
Schwinger et al., 2014) contributing to the multi-model spread of TCRE (Allen et al., 2009; Matthews et al., 2009; Zickfeld
et al., 2009; Sanderson et al., 2025; Canadell et al., 2021).

Large model spread in a given variable may be reduced by emergent constraints, which offer a pathway to reduce uncer-
tainties of simulated difficult-to-observe or unobservable quantities by identifying mechanistic relationships between these
quantities and observable present-day properties (Boé et al., 2009; Eyring et al., 2019; Hall et al., 2019). To exploit these re-
lationships with observations to constrain the simulated difficult-to-observe or unobservable quantities, the relationships must
be built on robust mechanistic understanding that is verifiable and the relationship must hold across different model ensembles
(Eyring et al., 2019; Hall et al., 2019). These criteria are important as relationships between different variables in climate
models can occur by chance (Brient, 2020; Caldwell et al., 2014), and it has been shown that some initially proposed emergent
constraints did not persist under extended model ensembles (Schlund et al., 2020). In the past, emergent constraints have, for
example, been used to constrain carbon-climate feedbacks for land ecosystems (Cox et al., 2013; Wenzel et al., 2014). In the
ocean, emergent constraints have so far not been applied to constrain feedback parameters but have been successfully applied
to reduce uncertainties in net primary production (Kwiatkowski et al., 2017), ocean heat uptake (Bourgeois et al., 2022; Vogt
et al., 2025), ocean acidification (Terhaar et al., 2020, 2021b, a), and past, present, and future ocean carbon uptake (Terhaar
et al., 2021a; Bourgeois et al., 2022; Terhaar et al., 2022, 2024).

Existing emergent constraints for ocean carbon uptake (Terhaar et al., 2021a; Bourgeois et al., 2022; Terhaar et al., 2022, 2024),
may also provide a pathway to constrain ocean 3 given that it dominates total ocean carbon uptake efficiency. These previ-
ous studies could trace much of the inter-model spread of ocean carbon uptake to differences in how models represent ocean
circulation, ventilation, and carbonate chemistry. Furthermore, these studies have identified mechanistic relationships between
observable ocean indicators of ventilation and carbonate chemistry. The indicators used for ventilation are the strength of the
Atlantic Meridional Overturning Circulation (AMOC) at 26.5°N, which is observed since 2004 (Cunningham et al., 2007,
McCarthy et al., 2015), and the average sea surface salinity between the subpolar and subtropical front in the Southern Ocean,

which dictates the strength of the formation of mode and intermediate water in this strongly ventilated ocean region (Terhaar
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et al., 2021a). The North Atlantic and Southern Ocean are regions of especially strong ventilation (Dickson and Brown, 1994;
Kuhlbrodt et al., 2007; Talley, 2013; Marshall and Speer, 2012) and hence large transport of carbon from the surface to the
ocean interior (Sarmiento et al., 1992; Orr et al., 2001; Caldeira and Duffy, 2000; Sabine et al., 2004; Mikaloff Fletcher et al.,
2006). The indicator for the chemical surface ocean uptake capacity, which is defined as the change in surface ocean DIC per
change in atmospheric CO (Terhaar et al., 2024) is closely related to the Revelle factor (Revelle and Suess, 1957). Terhaar
et al. (2022) fitted a three-dimensional linear relationship across an ensemble of ESMs between these three indicators and past,
present, and future simulated ocean carbon uptake. This relationship was then combined with observations of these indicators
to constrain uncertainties in simulated ocean carbon uptake over time (Terhaar et al., 2022). The constraint reduced the un-
certainty of simulated ocean carbon uptake by 50% and increased the simulated best estimate of ocean carbon uptake by 10%
(Terhaar et al., 2022). In addition to the anthropogenic carbon uptake, which is strongly related to 3, another study showed that
the AMOC is also related to v when quantified from historical simulations (Terhaar, 2024). However, the number of models
that provided the necessary simulations to quantify v were limited so that no formal constraint could be applied.

In this study, we examine whether previously developed emergent constraints for ocean carbon uptake can be extended to
constrain ocean /3 and ~y. We first apply the existing emergent constraint (Terhaar et al., 2022) to idealized Earth system model
(ESM) simulations with atmospheric COs increasing by 1% per year. We then extend this constraint by adding an indicator for
bottom water formation below 3000 m via open-ocean deep convection, particularly in the Southern Ocean and North Atlantic.
Building on this extended, four-dimensional constraint, we derive an observationally constrained estimate of ocean 3. We then
identify and explain a mechanism that increasingly links ~y to 3 as the ocean takes up more anthropogenic carbon, and show

that this link allows 7y to be constrained by the same observable indicators.

2  Methods
2.1 Earth System Models and simulations

In this study, we use monthly data from several models from the Coupled Model Intercomparison Project Phase 6 (CMIP6)
that provided output for air-sea CO, fluxes for the simulations *1pctCOs’, * 1pctCO2-bgc’, and ’pi-Control’, and for the North
Atlantic streamfunction, potential temperature, salinity, sea surface DIC, and sea surface alkalinity in the historical simula-
tions. In addition, streamfunction output from the Shared Socioeconomic Pathway 5-8.5 (SSP5-8.5) was used for each model.
The radiatively coupled simulation *1pctCOs-rad’ is additionally required to separate - into its natural and anthropogenic
components (Sect. 2.2). It is available for all models except GFDL-ESM4, which therefore contributes to 8 and ~ but not to
Ynat and yapnt. All annual and globally integrated air-sea CO- fluxes and the AMOC strength were calculated on the original
model grids. All other data were regridded on a regular 1°x1° grid using distance-weighted averaged regridding from CDO
(Schulzweida, 2023) to facilitate comparison with observation-based estimates, which are also on a 1°x1° grid (section 2.4).
The mixed layer depth was calculated from monthly potential temperature and salinity fields following de Boyer Montégut
et al. (2004) for ESMs and observations to ensure consistency in the definition of the mixed layer depth across models and

observations. Overall, the output was available for 13 ESMs from CMIP6 (models in table 1 and CMCC-ESM2 (Lovato et al.,
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2022) and CNRM-ESM2-1 (Séférian et al., 2019)). All of these models have been evaluated against observation (Séférian
et al., 2020) and their general behavior in future projections has been documented (Kwiatkowski et al., 2020).

We decided to exclude CNRM-ESM2-1 and CMCC-ESM2 from our analysis. CNRM-ESM2-1 was excluded because its
air-sea CO-, fluxes and hence 3 and «y are modulated by dynamic carbon transport from the land into the ocean (Séférian et al.,
2019). These changes in the land-to-ocean carbon flux are calculated in the land model component and are affected by both
increasing CO4 and climate change. The resulting changes in riverine fluxes of carbon strongly modulate air-sea CO5 flux
estimates (Terhaar et al., 2022), so that 3 and +y as calculated in CNRM-ESM2-1 are not directly comparable to 3 and -y as
calculated in the remaining ESMs. In the remaining ESMs, riverine fluxes are either non-existent, constant, or only change
proportional to simulated changes in discharge, which result in substantially smaller changes in the fluxes of carbon, alkalinity,
and nutrients with climate change than in CNRM-ESM2-1 where also the concentration in the river can change. One exception
in addition to CNRM-ESM2-1 is MIROC-ES2L, where nutrient concentrations are also dynamically calculated but not carbon
and alkalinity concentrations, so that the effect on the air-sea CO5 flux remains limited. Given that most models still calculate /3
and -y without these changing riverine fluxes or with substantially smaller changes only driven by discharge changes, we adhere
to that definition. Ideally, all models would eventually implement changing riverine fluxes exceeding simple discharge scaling
to enable a comprehensive evaluation of 8 and -y that includes the effect of varying carbon fluxes from rivers to the ocean. We
also exclude CMCC-ESM2 because sea surface salinity in the Southern Ocean, the most important predictor for carbon uptake,
drifts substantially in this model with the drift being larger than the climate change-driven decline in SSS at quadrupling of
CO; (Figure S1d). In the historical simulation, sea surface salinity from 2005 to 2014 is taken after 155-164 years of drift,
and the historical value of CMCC-ESM2 at that time (Figure S8d) is therefore no longer representative of the conditions in
the idealized simulations, which are only 140 years long and used to quantify 3 and ~. Including these two models leaves the
constrained estimates essentially unchanged: at year 140 3 shifts from 0.847 to 0.840 Pg C ppm~—! and v from -24.5 to -23.6
Pg C °C~!, less than one and about three per cent respectively, well inside the constrained uncertainty. The uncertainty itself
grows, for 3 from 0.037 to 0.042 Pg C ppm~! and for  from 3.6 to 4.4 Pg C °C~!, which is what the caveats motivating their
exclusion would predict (Table S1). In every case the constrained uncertainty remains well below the raw ensemble spread.

In addition to these 11 ESMs from CMIP6, we also use simulations from the GISS-E2-1-G model (Ito et al., 2020) and from
one CMIP5 model (GFDL-ESM2M (Dunne et al., 2012, 2013) run with the ocean biogeochemical model COBALTV2 from
CMIP6 (Stock et al., 2020)) that were made available for this study. The GISS-E2-1-G model is a slightly updated version of
the original CMIP6 model (Ito et al., 2020). The main difference with the CMIPG6 version is the improved spinup on both the
land and the ocean carbon cycle, the inclusion of oxygen and alkalinity as prognostic tracers (Lerner et al., 2021, 2024) and
an updated treatment of iron scavenging (see Romanou et al. (2026) for details). Thus, we overall analyzed output from 13
fully-coupled ESMs.

All the individual model simulations follow the CMIP5 and CMIP6 standard protocols (Taylor et al., 2012; Eyring et al.,
2016). The ’1pctCO5’ simulation covers 140 years and in each year prescribed atmospheric COs increases by 1% leading to a
doubling after 70 years and a quadrupling after 140 years. The ’1pctCO2-bgc’ simulation is like *1pctCO2’ but only the carbon

cycle sees the additional carbon in the atmosphere but the radiative model does not so that the climate only slightly changes
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in response to changes in the land biosphere that responds to increasing atmospheric CO5. The ’1pctCOs-rad’ simulation
mirrors the ’1pctCO»-bge’ simulation: climate is changing in response to increasing CO5 but the carbon cycle does not see
the increasing carbon in the atmosphere and assumes that the atmospheric COy concentration remains at preindustrial levels.

! simulations represents. Ten of the fifteen

The CMIP6 models do not agree on what the first archived year of the 1% yr~
models for which output was downloaded begin that year at the unperturbed concentration. The other five models begin the
simulation already with an increase of atmospheric CO5 by 1% in the first year (ACCESS-ESM1-5, CMCC-ESM2, GFDL-
ESM2M, MRI-ESM2-0 and UKESM1-0-LL). We determined this for each model from the archived atmospheric CO2 mass
or mole fraction where available, from the prescribed forcing file for GFDL-ESM2M, and from the air—-sea CO5 flux response
over the first three years for the remainder. The five models of the second group, and the pre-industrial control aligned to them,
were shifted by one year so that the first index is the unperturbed year in every model. Year 70 and year 140 then correspond
to 1.99 and 3.99 times the pre-industrial concentration, which we refer to as a doubling and a quadrupling of atmospheric CO2
throughout. In addition, GFDL-ESM2M was run with a pre-industrial concentration of 286.0 ppm rather than the CMIP6 value
of 284.3 ppm, and its trajectory is referenced to that value here.

The historical CMIP6 simulations follow historical forcing of CO> and other radiative agents and stop in 2014. After 2014,
we only use simulated AMOC strength to compare it to the corresponding observational record. For that time, we decided to
use output from the Shared Socioeconomic Pathway 5-8.5, which describes a scenario of high emissions over the 21st century
(O’Neill et al., 2016), as the simulated AMOC remains indistinguishable between scenarios until the middle of the 21%* century
(Weijer et al., 2020) and most models provide output for that scenario. For GFDL-ESM2M, which follows the CMIP5 protocol,
the historical simulation stops in 2005; we extend it using the Representative Concentration Pathway 2.6 (RCP2.6) (van Vuuren
etal., 2011; Meinshausen et al., 2011), whose prescribed atmospheric CO5 concentrations closely follow the observed evolution
between 2005 and 2020 (Meinshausen et al., 2011; Lan et al., 2026), diverging only thereafter. The good agreement between
observed atmospheric CO4 and that in RCP2.6 is particularly relevant for the comparison between simulated and observed
carbonate uptake capacity from 1997 to 2007 (see below), which depends strongly on atmospheric CO,. For SST, SSS, and
mixed-layer depth, the choice of emission scenario has a negligible effect on the simulated trajectories at least until 2020,
compared to the contribution of model differences and internal variability (Schlunegger et al., 2020). RCP2.6 is nonetheless
a good choice for this period because its main forcing agent CO2 closely aligns with observations, meaning that differences
in forcing between RCP2.6 and the real world, which can only stem from non-CO5 forcing agents, are even smaller than
the already negligible differences between low- and high-emission scenarios. Lastly, the AMOC, the only simulated variable
analysed through 2023, is insensitive to the choice of emission scenario until approximately the middle of the 21st century
(Weijer et al., 2020).

2.2 Calculating 3 and ~

The feedback parameters 3 and v were calculated similar to previous studies (Friedlingstein et al., 2006; Arora et al., 2013, 2020)
(Table 2). B was calculated as the difference in cumulative global ocean carbon uptake in the *1pctCO2-bge’ and ’pi-Control’

simulations divided by the change in atmospheric CO; in the given year (1% increase of CO; starting from pre-industrial
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Table 1. Earth System Models used in this study. The GISS-E2-1-G and GFDL-ESM2M models are each modified version; modifications

are described in Section 2.1

Model Modeling Group Ensemble Mem. Reference
ACCESS-ESM1-5 Commonwealth Scientific and Industrial Research Organisa- rlilplfl Ziehn et al. (2020)
tion, Australia
CanESM5 Canadian Centre for Climate Modelling and Analysis rlilplfl Swart et al. (2019)
CESM2 National Center for Atmospheric Research, USA rlilplfl Danabasoglu et al. (2020)
EC-Earth3-CC EC-Earth Consortium rlilplfl Daoscher et al. (2022)
GFDL-ESM2M NOAA Geophysical Fluid Dynamics Laboratory, USA / Uni- / Dunne et al. (2012, 2013)
versity of Bern, Switzerland
GFDL-ESM4 NOAA Geophysical Fluid Dynamics Laboratory, USA rlilplfl Dunne et al. (2020); Stock
et al. (2020)
GISS-E2-1-G NASA Goddard Institute for Space Studies, USA rlilplfl Kelley et al. (2020)
IPSL-CM6A-LR Institut Pierre-Simon Laplace, France rlilplfl Boucher et al. (2020)
MIROC-ES2L Japan Agency for Marine-Earth Science and Technology, At- rlilplf2 Hajima et al. (2020)
mosphere and Ocean Research Institute, and National Institute
for Environmental Studies, Japan
MPI-ESM1-2-LR  Max Planck Institute for Meteorology, Germany rlilplfl Mauritsen et al. (2019)
MRI-ESM2-0 Meteorological Research Institute, Japan rli2plfl Yukimoto et al. (2019)
NorESM2-LM Norwegian Climate Centre, Norway rlilplfl Seland et al. (2020); Tjipu-
tra et al. (2020)
UKESM1-0-LL Met Office Hadley Centre, UK rlilplf2 Sellar et al. (2019)

atmospheric CO, (284.3 ppm)). Subtracting the *pi-Control’ simulation removes potential drifts in the simulated carbon sink
that can arise from models being not yet in equilibrium.

~ was calculated as the difference in cumulative global ocean carbon uptake in the * 1pctCO5’ and * 1pctCO2-bgc’ simulations
divided by the difference in atmospheric warming in the *1pctCOs’. The carbon uptake in the ’1pct’ simulations includes the
increase in carbon uptake due to atmospheric CO; increase, as well as the effect of climate change on both, the natural carbon
reservoir in the ocean and on the additional carbon due to increasing atmospheric CO,. By removing the carbon uptake in
the *1pct-bge’ simulation, the uptake due to atmospheric CO, increase is removed leaving the effect of climate change on the
natural and additional carbon reservoirs in the ocean. By calculating the carbon uptake due to climate change as the difference
between two simulations, any potential drift is already removed. Any drift in atmospheric warming in the ’1pctCO2’ was
removed by subtracting a fitted Enting spline (Enting, 1987) to the atmospheric temperature in the piControl simulation. The
Enting spline was developed originally for atmospheric CO; observations and previously used in ESMs and climate models to

remove high-frequency variability (Silvy et al., 2024; Terhaar, 2025; Terhaar et al., 2025). Here, we used a cutoff period of 100
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Table 2. Simulated feedback parameters of each ESM at year 70 and year 140 of the 1 % yr~! CO simulations. The unit of 3 is Pg C ppm "

and the unit of the three -y variables is PgC °C~!.

ﬁ vy Tnat Yant
Model yr70  yr 140 yr 70 yr 140 yr70  yr140 yr70 yr 140

ACCESS-ESM1-5 1.031 0.879 —-1056 —2253 —-358 —6.17 —699 —16.36

CanESMS5 0911 0.772 —-789 —1463 —-466 -—-7.66 —-323 —697
CESM2 0.845 0.715 —-437 -1049 -149 -098 —-288 951
EC-Earth3-CC 0.859 0.742 —-4.05 —-11.81 —-218 237 —1.87 —9.44
GFDL-ESM2M 0.980  0.897 -922 2755 =358 550 —-5.65 —22.05
GFDL-ESM4 0977 0.848 —7.83 —2041 - - - -

GISS-E2-1-G 0915 0.822 —7.44  -2433 384 —6.10 -3.60 —18.23
IPSL-CM6A-LR 0.872  0.765 —-691 —1200 =370 —4.16 =321 —-7.84
MIROC-ES2L 0.850  0.735 -959 -2056 330 —437 —-629 —-16.19
MPI-ESM1-2-LR  0.885  0.782 -956 —1955 510 —-7.88 —445 —11.67
MRI-ESM2-0 1.082 0941 —12.54 —29.88 375 —-6.76 —-8.79 —23.12
NorESM2-LM 0900 0.791 -10.13 —-20.75 —-5.11 —-6.85 —5.03 —13.90

UKESM1-0-LL 0916 0.768 -723 —1322 —-430 -641 —-293 —6.81

Multi model mean  0.925  0.804 —-826 —19.06 372 543 —458 —13.51
Standard deviation 0.073  0.069 2.39 6.23 1.07 2.10 2.03 5.71

years to remove only the overall drift and no inter-annual, decadal, or multi-decadal variability. As atmospheric temperature
has large inter-annual and decadal variability that can effect the estimation of ~, we also fit an Enting spline to the undrifted
modeled temperature change. This second enting spline allows us to detect warming directly in a given year without taking a
21 year average around a given year (Arora et al., 2020). We used the spline instead of an average over the years around the
year in question because the 1% increase in CO4 leads to asymmetric warming changes before and after any year. The stronger
increase in the 10 years following the year in question thus sees a stronger warming rate than the years before so that a 21 year
average gives a slightly too warm warming for the year in question. The warming could be calculated from the *1pctCO;’ (after
removing the drift) or the difference of warming between the ’1pctCO-’ and ’1pctCO--bgc’ simulations (Arora et al., 2020).
Here, we have opted for the option that has been mostly used in the past (undrifted *1pctCO2’) (Arora et al., 2020; Asaadi et al.,
2024). Had we chosen the other option (* 1pctCO;’ and ’1pctCO2-bgc’), warming would be around 0.2°C smaller because of
some small warming in ’1pctCO2-bgc’ through the effect of increasing atmospheric CO2 on the land biosphere (Arora et al.,
2020) and v would hence be around 5% larger. The small warming of around 0.2 °C in the ’1pctCO2-bgc’ simulation also
affects 3, as it causes a small loss of carbon from the ocean that is not attributable to rising atmospheric CO,. Removing the

loss of carbon with warming would increase 3 by around 0.5% relative to the value calculated here (Schwinger et al., 2014;
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Arora et al., 2020). We follow Friedlingstein et al. (2006) and Arora et al. (2020) in neglecting this term, which keeps our
estimates directly comparable to previous assessments.

In addition to ~, we also calculated ~y,,t and yant, Which are defined as the sensitivity of air-sea CO- fluxes to the effect
of climate change on the natural (nat) and anthropogenic (ant) carbon reservoir. y,,4 Was calculated here as the difference in
cumulative global carbon uptake in the ’1pctCO2-rad’ and ’pi-Control’ simulations divided by the undrifted and smoothed
atmospheric warming in the * 1pctCOs’ simulation. v, was calculated as the difference between v and v,,¢. As GFDL-ESM4

did not provide the radiatively coupled simulation, v,,¢ and v, are available for 12 of the 13 ESMs.
2.3 Multi-variable emergent constraint

Building on Terhaar et al. (2022), we fit a multi-linear relationship between four predictor variables (three from Terhaar et al.
(2022) and an additional one added here) from the historical simulations, and 8 derived from the ’1pctCO»-bgc’ simulations

across the ensemble of 13 ESMs (Table 1) analyzed here:

B(t) = a(t) - AMOC + b(t) - SSS + ¢(t) - CUC +d(t) - MLDZ%0 + e(t). (1)

Here, AMOC is the maximum of the simulated streamfunction at 26.5°N below 500 m (to avoid potential wind-driven peaks
in the streamfunction that are not related to the strength of the overturning) averaged from 2005 to 2023, SSS is the mean
inter-frontal sea surface salinity in the Southern Ocean averaged from 2005 to 2014 as calculated by Terhaar et al. (2021a),
CUC is the global mean surface ocean chemical uptake capacity averaged from 1997 to 2007 as calculated by Terhaar et al.
(2024), MLD3%% is the volume of waters below 3000 m to which the mixed layer extends, computed monthly, averaged to
annual means and then averaged from 2005 to 2014, and a, b, ¢, d, and e are parameters fitted based on simulated values of the
AMOC, SSS, CUC, MLD%)IOO, and [ across the ensemble of 13 ESMs (Table 1). The fit is calculated for each of the 140 years
of the ’ 1pctCO2-bgc’ simulation individually, making a, b, ¢, d, and e functions of time (t). In addition to constraining (3, we test
if the same predictor variables can also constrain 7y, Ynat, and vant (Section 4). The CUC was calculated using mocsy2.0 (Orr
and Epitalon, 2015) from simulated and observation-based estimates of temperature, salinity, dissolved inorganic carbon, total
alkalinity, phosphate, and silicate using the equilibration constants recommended for best practice (Dickson et al., 2007). As not
all ESMs provide output for phosphate and silicate and as both do not substantially affect differences in CUC, we decided to use
values from GLODAPv2 (Lauvset et al., 2016) for all ESMs to ensure consistency. The MLD39%? was calculated from potential
temperature and salinity using a critical density difference of 0.03 kg m~? relative to the density at 10 m depth to define the
depth of the mixed layer, as proposed by de Boyer Montégut et al. (2004). To prevent models with deeper bathymetry from

yielding larger volumes for that reason alone, the mixed layer depth in each cell was limited to the shallowest sea floor across all

DBOOO

models and observation-based products before computing MLD,;

. All data was regridded on a regular 1°x1° grid. Only grid
cells where all models and observation-based estimates provided data were considered when calculating the predictors in the

model and observations, ensuring that differences across models and to observation-based estimates do not arise from different
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data coverage or ocean masks. As the same software and constants were used for calculating the CUC, uncertainties from these
sources (Orr et al., 2018) do not affect the exploitation of the constraints from ESMs with observation-based estimates.

For each of the four predictor variables, different time periods have been chosen based on availability of observation-based
estimates and the simulation strategy of CMIP models. For the CUC, the period 1997 to 2007 was chosen to encompass the
central year 2002, for which GLODAPv?2 gridded data is available (Lauvset et al., 2016). For the inter-frontal SSS and mixed
layer depth, data from 2005 to 2014 was chosen as the period ARGO floats substantially increased the spatial coverage of
observations from 2005 onward (Roemmich et al., 2009) and because historical forcing for CMIP6 simulations stops in 2014
(Eyring et al., 2016) so that no choice of scenario has to be made. For the AMOC, the period with available observations over
all months of a year (2005-2023) was chosen to remove as much as possible of the internal variability, which is especially
strong for the AMOC (Buckley and Marshall, 2016; Jackson et al., 2022). Although this period extends beyond the end of the
historical simulations, the simulated AMOC change in the initial years after the historical simulations remains indistinguishable
between scenarios (Weijer et al., 2020) so that every scenario can be used to compare the simulated AMOC to observations.
The simulated average values of the AMOC, SSS, MLDE(?IOO, and CUC from all 13 ESMs as well as the observation-based
estimates are presented in table 3 together with uncertainty estimates of the observation-based estimates which are explained
in more detail in section 2.4.

The four predictors may be related to one another and thus contain overlapping information. Terhaar et al. (2022) tested for
such relationships among the AMOC, SSS, and CUC in a different ensemble of ESMs. Here, we assess multicollinearity among
all four predictors in the present ensemble. Across the 13 ESMs, the strongest pairwise correlation is between the inter-frontal
SSS and the CUC (r = 0.51), which is expected because both characterize the same surface water mass. All other pairwise
correlations are weaker, with |r| < 0.30 (Fig. S12). Pairwise correlations, however, only consider two predictors at a time and
therefore do not capture multicollinearity involving combinations of several predictors. We therefore additionally calculate the
variance inflation factor (VIF) for each predictor. For each predictor 7, we regress it on the other three predictors and obtain the

fraction of its variance explained by them, 2. The VIF is then given by

VIF,; =

1—r2" 2)
It quantifies the inflation of the variance of the estimated regression coefficient due to multicollinearity (Marquardt, 1970). A
VIF of 1 corresponds to r? = 0, meaning that none of the variance of that predictor can be explained by a linear combination
of the other three predictors. For example, a VIF of 5 corresponds to r? = 0.8, meaning that 80% of the variance across ESMs
in that predictor can be explained by the other three predictors. Values of 5 or 10 are commonly used as rules of thumb for
identifying potentially problematic multicollinearity, although such thresholds should not be interpreted as strict criteria and
higher values may still be acceptable depending on the context (O’Brien, 2007). Here, the VIFs are 1.10 for MLD%g?O, 1.17
for the AMOC, 1.37 for the SSS, and 1.44 for the CUC, well below any proposed threshold. Thus, at most 31% of the variance
across ESMs in any one predictor can be explained by a linear combination of the other three predictors. The slightly higher
VIFs of the SSS and CUC are consistent with their stronger pairwise correlation. Nevertheless, all VIFs remain close to 1,

indicating weak multicollinearity among the four predictors and supporting their simultaneous use in the regression.
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Table 3. Mean values for the AMOC from 2005 to 2023 (Sv), the Southern Ocean inter-frontal sea surface salinity (SSS) from 2005 to 2014,
the volume of waters below 3000 m ventilated by MLDs deeper than 3000 m (MLD323%), and the global mean sea surface chemical uptake
capacity (CUC) from 1997 to 2007 (mmol m~3 ppm’l) for ESMs (section 2.1) and observation-based estimates (section 2.4)

Model AMOC (Sv) SSS MLD39% (102 m®) CUC (mmol m™3 ppm™!)
(2005-2023)  (2005-2014) (2005-2014) (1997-2007)
ACCESS-ESM1-5 18.66 33.83 205.8 0.542
CanESM5 12.21 33.83 0.3 0.545
CESM2 18.25 33.63 0.0 0.537
EC-Earth3-CC 18.63 33.83 67.2 0.521
GFDL-ESM2M 18.92 33.90 116.3 0.546
GFDL-ESM4 17.96 33.98 2.0 0.555
GISS-E2-1-G 20.89 33.95 21.5 0.553
IPSL-CM6A-LR 12.86 33.85 0.4 0.529
MIROC-ES2L 11.74 33.97 0.3 0.534
MPI-ESM1-2-LR 17.71 33.90 17.0 0.519
MRI-ESM2-0 18.91 34.11 0.1 0.560
NorESM2-LM 20.87 33.82 0.0 0.536
UKESM1-0-LL 16.19 33.78 2.5 0.536
Multi model mean ~ 17.2243.08  33.87+0.12 33.3460.0 0.539+0.012
Observation-based  16.91+0.77 34.04+0.01 0.0£0.0 0.5464-0.003

While the VIF quantifies redundancy among the predictors, it does not address whether all four are warranted. We therefore
also compare all fifteen predictor subsets using the Akaike and Bayesian information criteria (AIC and BIC) (Akaike, 1974;
Schwarz, 1978) and a leave-one-out (LOO) cross validation, in which each ESM in turn is predicted from a fit that excludes it
(Stone, 1974). For a Gaussian least-squares fit, AIC = N In(SSR/N) + 2k and BIC = NIn(SSR/N)+kIn N, with k = p+2
counting the p slopes, the intercept and the residual variance. Because N/k reaches about two for the four-predictor fit, we
additionally report the small-sample corrected AICc = AIC+2k(k+1)/(N —k — 1), which is recommended whenever N/k
is below roughly 40 (Burnham and Anderson, 2002) and which penalises additional predictors more strongly than AIC at this
ensemble size.

The results support the use of all four predictors. AIC, BIC and the LOO error all select the full four-predictor model,
whereas AICc selects a smaller subset (Tables S7 and S8). The subset AICc selects, however, differs between the two target
variables. For 3, it retains CUC and MLD%)IOO at doubling and CUC, SSS, and MLDE&OO at quadrupling. For , it retains SSS
at doubling and SSS and the AMOC at quadrupling. Each of the four predictors is therefore retained for at least one target and

we keep all four throughout to ensure consistency between (5 and ~.
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Once the regression coefficients a(t), b(t), c(t), d(t), and e(t) have been fitted to the ensemble of ESMs at a given time step
t, we evaluate this relationship with observation-based estimates of the four predictors to obtain an observationally constrained
estimate of 3, yielding a single constrained value of 3 at each time step ¢.

The uncertainty of this constrained value combines two independent sources: the uncertainty in the observation-based esti-
mates of the four predictors, and the residual spread of the ensemble around the fitted relationship. The observational contri-
bution, oops(t), is obtained by propagating the uncertainty of each observation-based predictor estimate (Sect. 2.4) through the

fitted regression coefficients, and combining the resulting terms in quadrature:

Tobs(t) = \/(a(t) aamoc)’ + (b(t) asss)” + (c(t) ocue)? + (d(t) omip)?, (3)

where oamocs Osss» 0cuc, and omrp are the uncertainties of the respective observation-based predictor estimates. This term
reflects how much the constrained estimate would shift if the observation-based predictors were resampled within their own
uncertainty, and therefore captures how precisely the predictors are known, independent of how well the fitted relationship
itself performs.

The second contribution, omeder(t), quantifies the prediction interval of the fitted relationship, evaluated at the observed

predictors, following standard multiple-regression theory:

Omodel (t) = S(t) 1+ h(XObSa t)7 “4)

where s(t) = \/SSR(¢)/(N — p— 1) is the unbiased residual standard error of the regression, with SSR(¢) the residual sum
of squares across the N = 13 ESMs and p the number of predictors (3 or 4). We use N —p — 1 rather than N degrees of
freedom, since the residual variance would otherwise be underestimated given the small ensemble size relative to the number

of fitted predictors. The leverage term h(Xops,t) extends the univariate emergent-constraint prediction interval of Cox et al.

(2013), o4 (z) = s1/1+ 1/N + (z — 7)2/(No2), to the multiple predictors used here: the scalar, variance-normalized squared

distance (z —7)?/(No?2) is replaced by h(Xops, t) = X} (X'X) ™ Xobs, @ Mahalanobis-type distance that accounts for both the
spread and the correlations among the model-ensemble predictors (X is the design matrix of the standardized model-ensemble
predictors, and X, the corresponding observed predictor vector, both including an intercept term). As in the univariate case,
h(Xobs,t) = 1/N if the observations coincide exactly with the ensemble mean, and increases the further the observations lie
from the ensemble’s predictor distribution.

The total uncertainty of the constrained estimate, oyo(t), is obtained by combining these two independent uncertainty

sources in quadrature, which is equivalent to convolving two Gaussian distributions with these standard deviations:

Utolal(t) = \/Uobs(t)2 + Jmodel(t)2- )

All uncertainties reported here correspond to one standard deviation (1o, the likely, 68 % range). This treatment assumes
Gaussian residuals rather than a Gaussian distribution of /3 across models itself. Indeed, a skewed (3 is expected if it depends on
predictors that are themselves unevenly spread across the ensemble. The residuals are in fact closer to Gaussian than S itself,

and refitting on log and square-root scales with the corresponding back-transformation changes the constrained /3 at year 140
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by 0.1 and 0.06 %, with the uncertainty widening by 4 and 2 %. Rather than performing the full marginalization integral of Cox
etal. (2013), P(y) = [ P{y|z} P(z)dz, we evaluate opede(t) at the fixed observed predictor point. We verified numerically,
via Monte Carlo sampling of the observational predictor uncertainty (500,000 samples, allowing the leverage h(x) to vary
with the sampled predictor value rather than being fixed), that this simplification changes o1 () by less than 0.5 %, since the

observational uncertainty in the predictors is small relative to the spread of the model ensemble.
2.4 Observation-based estimates

To constrain the target variable using the emergent constraint derived here (Section 2.3), observation-based estimates of the
four predictor variables are needed.

The observation-based estimate of the AMOC strength at 26.5°N is obtained from the RAPID array (Cunningham et al.,
2007; McCarthy et al., 2015; Moat et al., 2025), averaged over the nineteen complete years 2005 to 2023, giving 16.91 Sv.
The uncertainty on this mean combines a sampling and a measurement term. The sampling term is the standard error of the
annual means, adjusted for their autocorrelation as successive years are not independent but have a lag-1 correlation of 0.28.
Therefore, the effective sample size is 10.8 rather than 19 and the standard error is 0.38 Sv rather than the 0.29 Sv. The
measurement term starts from the 0.9 Sv accuracy of an annual AMOC value (McCarthy et al., 2015), which is itself a
combination of a calibration term (0.6 Sv), a gridding term (0.4 Sv), a western boundary wedge term (0.5 Sv) and a Florida
Straits term (0.3 Sv). How much of this averages down over nineteen years depends on how each component correlates in time,
and that differs between them. The calibration is redrawn whenever moorings are recovered and redeployed, and the Florida
Straits term already falls from 1.1 Sv on ten-day means to 0.3 Sv on annual means. Therefore, these uncertainties should
average down. The gridding and western boundary wedge terms are listed unchanged at both timescales, which may mean they
are structural uncertainties that do not get removed over time, or alternatively that no ten-day estimate was available. We take
the conservative view and assume that these two structural terms do not average down at all, while the calibration averages over
deployments and the Florida Straits term over years. The resulting measurement contribution to the overall uncertainty is 0.67
Sv. If all four components were treated as independent between years, it would reduce to 0.21 Sv. Combining the sampling and
measurement terms in quadrature gives an observational uncertainty of £0.77 Sv.

The observation-based estimate of the inter-frontal sea surface salinity from 2005 to 2014 of 34.04+0.01 was calculated
following Terhaar et al. (2021a) based on sea surface salinity and temperature data from (1) the World Ocean Atlas 2023
(Reagan et al., 2024a, b; Locarnini et al., 2024), (2) EN4 (Good et al., 2013), and (3) IAP with v2.2 for salinity (Cheng et al.,
2020) and v4.2 for temperature (Cheng et al., 2024). The estimates of WOA23, EN4, and IAP are 34.038, 34.036, and 34.036,
resulting in a multi-product mean estimate of 34.037. The spread across the three observational products (40.001 psu) provides
an estimate of the uncertainty arising from differences in extrapolation and analysis technique. In addition, WOA23 and EN4
carry a per-cell error estimate. Since grid-cell errors are not independent (the objective analyses extrapolate sparse observations
over broad areas, so that neighboring cells share the same underlying data), we do not divide the per-cell uncertainty by the full
number of grid cells (N). Instead, we divide by the effective number of independent samples, N divided by the average number

of grid cells contributing to each analysed point. This average number of contributing cells is estimated from WOA23, which
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provides the number of grid squares within the smallest radius of influence around each grid square that contain a statistical
mean. In the inter-frontal region that number is around 46 on average, giving roughly 78 effective independent samples in
that region. This yields areal-mean sampling uncertainties of 0.002 (WOA23) and 0.008 (EN4). Combining the multi-product
spread with these two sampling uncertainties in quadrature gives an overall uncertainty estimate of 0.002-0.008, which we
conservatively round to 0.01. Overall, we thus use an observation-based estimate of the inter-frontal sea surface salinity in the
Southern Ocean of 34.04+0.01.

The observation-based estimate of the volume of waters reached by the mixed layer depth below 3000 m depth (MLDs’glOO)
was calculated from monthly temperature and salinity data from EN4 (Good et al., 2013) and IAP with v2.2 for salinity (Cheng
et al., 2020) and v4.2 for temperature (Cheng et al., 2024). The GSW-Python toolbox (McDougall and Barker, 2011) was used
to compute potential density from conservative temperature and absolute salinity. Conservative temperature was derived from
potential temperature for EN4 and from in situ temperature for IAP, as no potential temperature product is available for IAP.
When calculating the MLD the same way as in ESMs, too deep MLDs were identified because the density varied substantially
within the first 200 m and often decreased from the surface to a minimum between 50 and 100 m, which indicates an unstable
water column, which is physically implausible and likely an artifact of the extrapolation of measurements. The values above
the subsurface minimum are interpreted as noise from the extrapolation. As the densities were higher at the surface, interior
ocean waters were never 0.03 kg m~2 heavier than the surface waters above and a deep MLD was identified. However, these
dense water masses were more than 0.03 kg m~2 heavier than the density minimum in the water column. As the inversions
in the upper ocean waters are likely an artifact of the extrapolation technique, we tested in the observation if the difference
between the density minimum and maximum exceeds 0.03 kg m~3 somewhere in the water column. Such a difference would
show that the water is not mixed anymore in one layer according to the criterion. A risk of only analyzing values from 100 and
2000 m is that a positive gradient in the first 100 m is not taken into account and a deep MLD is wrongly assigned in that cell
if the water column below 100 m is well mixed. However, in both observational products density differences larger than 0.03
kg m~3 existed everywhere between 100 and 2000 m indicating that the MLD did not extend to water masses below 2000 m,
in line with a previous exhaustive analysis of MLDs (Sallée et al., 2021), and that missing a potential positive gradient in the
first 100 m does not wrongly assign a deep MLD to any cell. Therefore, the observation-based estimate of MLD?&OO is 0£0
10'2 m3. In all ESMs, such physically implausible inversions exist in less than 0.1% of all ocean cells, likely due to monthly
averaging of cells with fast changes in water masses, and never in cells with MLDs deeper than 1000 m. If we also used the
difference between densities between 100 and 2000 m in ESMs as the criterium, we would remove the real simulated gradients
in the first 100 m and artificially inflate the mixed layer depth, which is why we calculate the difference in density compared
to the surface value.

The global mean surface ocean CUC averaged from 1997 to 2007 was calculated based on observation-based estimates of
surface ocean dissolved inorganic carbon, total alkalinity, temperature, and salinity from the gridded version of GLODAPv2
(Lauvset et al., 2016) and the following three pCO, products: OCEAN-SODA (Gregor and Gruber, 2021), CMEMS-LSCE-
FFNN (Chau et al., 2024), and JIMA-MLR (lida et al., 2021). The best estimate (0.546 mmol m~3 ppm~—!) is calculated as

the average of these four observation-based estimates (0.548 mmol m~3 ppm~! for GLODAPv2, 0.544 mmol m~3 ppm~! for

14



395

400

405

410

415

420

https://doi.org/10.5194/egusphere-2026-5757
Preprint. Discussion started: 1 October 2026 EG U h
© Author(s) 2026. CC BY 4.0 License. spnere

OCEAN-SODA, 0.543 mmol m~3 ppm~! for CMEMS-LSCE-FFNN, and 0.547 mmol m~2 ppm~! for JMA-MLR). As the
difference in the estimates of the CUC among these datasets is substantially larger than the uncertainty of an individual dataset
based on standard errors (Terhaar et al., 2022, 2024), the uncertainty is taken as half the range across the four products (£0.003
mmol m~3 ppm~1!), which is more conservative than their standard deviation of 40.002 mmol m~2 ppm™! given that four

products give only three degrees of freedom.
2.5 Comparing air-sea CO- flux anomalies to mixed layer depths

To provide a line of evidence for the link between open-ocean deep convection in models and additional carbon uptake by
the ocean, we compare MLDs across models to anomalies in the air—sea CO9 flux at that location. The air—sea CO2 flux
anomaly was calculated as the difference to a climatology to remove any seasonal signal. In addition, the climatology was
only built based on months when the MLD was below 1000 m to avoid that the flux at high MLD events contributes to the
climatology. Before calculating anomalies, the air—sea CO, flux was calculated as the average flux over the month when the
MLD is analyzed and the two following months and over the cell itself and the eight surrounding cells as CO2 gas exchange
is not immediate and surface waters may move over three months. Overall, these anomalies were calculated over the last 20
years of the *1pctCO4z-bgc’ simulation, as the air—sea CO4 flux at the beginning of the simulation, when atmospheric CO; is
rather low, is relatively more strongly influenced by the outgassing of natural carbon when DIC-rich deep waters are upwelled
during the convection. At the end of the simulation, when atmospheric COs is high, the anthropogenic carbon signal, which
we want to compare to MLDs, should dominate. We decided to analyze 20 years to have a relatively large amount of years to
capture the existing variability in MLDs (Fig. S4) but to also have an as short timeseries as possible so that anomalies are not

too much driven by the ongoing increase in atmospheric CO; over this time.

2.6 Sensitivity to the mixed layer depth criterion

The critical density difference of 0.03 kg m~2 used to calculate MLD39%° (Sect. 2.3) is based on potential density referenced to

the surface (o). Because the compressibility of seawater depends on temperature, oy becomes an increasingly poor measure of
static stability far from the surface. In the weakly stratified deep Southern Ocean, o can therefore decrease with depth below
roughly 2000 m although the water column is stably stratified in situ. In such columns, the o difference to the reference depth
may never reach 0.03 kg m~3, and the mixed layer would be assigned to extend to depths that are not mixed with the surface.
To test whether this affects our results, we additionally calculated the mixed layer depth with a local criterion. Instead of
comparing each level with the oy at the reference depth, we compute the density difference between each pair of adjacent model
levels k and k + 1, with k increasing downward, as Apy, = p(SA k41, Ok41,Pk+1/2) — P(SAk: Ok, Dry1/2). Here, p is in situ
density calculated with the GSW toolbox (McDougall and Barker, 2011) from Absolute Salinity S and Conservative Tem-
perature O, and both densities are evaluated at the same pressure pj 1 /2 halfway between the two levels, so that compression
does not appear as stratification. These local differences, which correspond to the vertically integrated buoyancy frequency, are
summed downward from the same reference depth, and the mixed layer depth is the depth at which the sum first exceeds the

same threshold of 0.03 kg m~3. Where a layer is unstable, the density difference is negative and reduces the sum. The sum is
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not allowed to fall below zero, so that the count starts again below an inversion that removes the stratification above it entirely.
Near the surface, both criteria are nearly identical, whereas at depth the local criterion follows the actual static stability of the

water column.

3000
vol

by 43 % in the two models with the strongest open-ocean deep convection (ACCESS-ESM1-5 and GFDL-ESM2M), and by
12 to 61 % in the three other models with smaller but still substantial deep convection (GISS-E2-1-G, MPI-ESM1-2-LR, and
EC-Earth3-CC). Nevertheless, 3 is 0.96040.049 instead of 0.96140.048 Pg C ppm~! at year 70 and 0.846-+0.037 instead of
0.847+0.037 Pg C ppm ! at year 140, and v is —10.14:2.3 instead of —10.142.4 Pg C °C~! at year 70 and —24.343.4 instead
of —24.543.6 PgC°C~! at year 140. Here, we nevertheless keep the criterion of de Boyer Montégut et al. (2004), as it is well

The constrained estimates are insensitive to the choice of the mixed layer criterion. The local criterion reduces MLD

established and widely used.

3 Constraining ocean 3 with ocean ventilation and carbonate chemistry indicators
3.1 Constraining 3 with three established indicators for ventilation and carbonate chemistry

The ensemble of 13 ESMs used here simulates § trajectories that increase steadily over the first 70 years, before slowly
decreasing over the subsequent 70 years (Figure 1). Ocean carbon uptake reflects two additive contributions: uptake driven
by that year’s rise in atmospheric CO», and uptake driven by the upwelling of old waters without any anthropogenic carbon,
having resided in the ocean interior for decades to centuries, whose pCO; difference to the atmosphere widens as atmospheric
CO., rises. The first contribution alone would be expected to scale roughly proportionally with the rise in atmospheric COa,
keeping [ approximately constant. The increase in 3 therefore reflects the growing contribution from this ventilation-driven
pCO4 gap. However, over time, the additional carbon in the ocean reduces the carbonate uptake capacity at the ocean surface
(Revelle and Suess, 1957; Sabine et al., 2004; Terhaar, 2024), and upwelled waters that re-emerge after years or decades
become increasingly filled with anthropogenic carbon, decreasing the pCO5 gap between the atmosphere and newly upwelled
waters and substantially lowering ocean carbon uptake through this reemergence of anthropogenic carbon (Rodgers et al.,
2020). Consequently, the ocean takes up less carbon for a given increase in atmospheric CO2 over the second 70 years of the
simulation, resulting in a slowly decreasing f3.

Despite this shared trajectory, 3 varies widely across the 13 ESMs, ranging from 0.85 to 1.08 Pg C ppm ™! at year 70 (CO5
doubling) and from 0.72 to 0.94 Pg C ppm ™~ at year 140 (CO, quadrupling). This inter-model spread reflects the similarly
wide range in the strength of ocean ventilation and the surface ocean CUC, reflected by the range of their respective proxies
across these models, which substantially exceed the uncertainties of the observation-based estimates (Table 3) (Terhaar et al.,
2022).

To reduce the uncertainty around (3, we apply the emergent-constraint approach of Terhaar et al. (2022), using first the three
predictor variables from the historical simulations (AMOC, SSS, and CUC) originally identified to explain the inter-model
spread in historical ocean carbon uptake. As for the historical ocean carbon uptake, these predictors explain much of the spread

in 3 (r> =0.62 at CO5 doubling and 1? =0.71 at CO, quadrupling; Fig. 2) (see Table S3 for fitted a, b, c, and d as well as the r?
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Figure 1. Evolution of £ and ~y over time. Simulated (a) 8 and (b) v by 13 ESMs from CMIP6 over the 140 years of the simulations with
atmospheric CO» increasing by 1% per year (grey lines), as well as the multi-model average (black line) and the multi-model standard
deviation (grey shading). In addition the constraint estimates for 5 (blue line in (a)) and «y (orange line in (b)) using AMOC, SSS, CUC, and
MLD39% as predictors, as well as corresponding uncertainty around these constraint estimates (blue and orange shading) are shown for (a)

6 and (b) 7.

in each year). The 12 values for 3 here are slightly lower than the r? of 0.87 obtained when constraining anthropogenic carbon
uptake over 1994-2007 in Terhaar et al. (2022). We see two possible explanations for this small difference of r? values. First,
Terhaar et al. (2022) used 17 ESMs, whereas only 13 ESMs provide the diagnostics required here. The larger ensemble reduces
the influence of individual outliers on the regression fit, such as ACCESS-ESM1-5 at years 70 and 140 and GFDL-ESM2M
at year 140. Second, over the historical period, the predictors have already been exposed to some observed climate change
whereas [ is estimated by definition in the absence of climate change. However, although climate change has affected the
predictors already, the inter-model differences in the predictors are nonetheless so large that the historical predictors are very
good proxies for the same variables in the 1pct-bgc runs (Fig. 3 e-h; r2 from 0.73-0.96) and even under 4 x CO, forcing in the
Ipct-cou runs (Fig. 3 a-d; r? from 0.65-0.97). Therefore, the observed historical predictors still constrain the same processes
and therefore remain good predictors for .

When exploiting the fitted relationship with observations, the resulting constrained 3 is 5-7 % larger and 20-29 % less
uncertain than the multi-model mean and standard deviation (Table 4). At doubling of atmospheric COq, 3 increases from the
multi-model mean of 0.92+0.07 Pg C ppm~! to 0.97+0.06 Pg C ppm ! after applying the constraint. Similarly, at quadrupling
of atmospheric CO3, 3 increases from the multi-model mean of 0.804-0.07 Pg C ppm~! to 0.86+0.05 Pg C ppm~! after
applying the constraint. The reduction in uncertainty is dominated by how tightly the models follow the fitted relationship
rather than by the precision of the observations themselves: at both target years, the fit uncertainty is roughly 5.6-6.2 times
larger than the observational uncertainty, so even doubling the observational uncertainty in SSS, AMOC, and CUC would

increase the constrained uncertainty in 8 by only about 4-5 %.
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Figure 2. Constrained S using Southern Ocean frontal SSS, AMOC, and CUC as predictors, evaluated at simulation year 70 (a, b) and year
140 (¢, d) following Terhaar et al. (2022). (a, ¢) Simulated versus predicted 8 for each CMIP6 model (black dots), where the predicted
value is obtained from the multiple linear regression fit using the three simulated predictors in each ESM. The dashed line indicates the 1:1
relationship, and the grey shaded band shows the 10 projection uncertainty. The green horizontal dotted line and shading show 3 predicted
from the observed predictor values (10 observational uncertainty only), and the blue vertical dotted line and shading show the constrained
6 and its likely (68 %) range, obtained by combining the observational and projection uncertainties. (b, d) Prior (grey) and constrained
(blue) probability distributions of /3, shown as Gaussian fits with mean & 1o given in the legend with grey bars showing the histogram of the

individual (prior) model values.

This uncertainty reduction of 20-29 % is substantial but only around half as large as the roughly twofold reduction in
uncertainty reported for the constraint on anthropogenic carbon uptake in the 2022 constraint (Terhaar et al., 2022). We see
three likely contributors to this difference. First, the predictors are less directly related to the analyzed simulations although
they are still very good proxies (Fig. 3). Second, unlike Terhaar et al. (2022), the uncertainty estimate used here explicitly
accounts for the degrees of freedom of the regression and for the distance of the observed predictors from the centre of the
model ensemble (Sect. 2.3), both of which lead to a higher omoqe1(t) relative to a simple residual standard deviation. Together,
these corrections increase o (t) by about 34 % at both target years relative to the uncorrected estimate here. Third, this
effect is amplified compared to Terhaar et al. (2022) by the smaller ensemble used here: only 13 ESMs provide the diagnostics
required for 3, compared to 17 ESMs in the 2022 constraint that provided historical carbon uptake, and the degrees-of-freedom
correction alone scales as /N/(N — p — 1), which is larger for N = 13 (a factor of 1.20) than for N = 17 (a factor of 1.14)
at p = 3 predictors. In addition, the larger number of models may also have reduced the prediction interval. Nonetheless, this

more complete treatment of the prediction-interval uncertainty gives us a more accurate estimate of how much an emergent
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Figure 3. The four predictors (SSS, AMOC, CUC, and MLD34%), averaged over the 1% yr—! CO2 simulations with the fully coupled
configuration (1pctCO2; a—d) and the biogeochemically coupled one (1pctCO2-bgc; e-h), against their historical values. The drift has been
removed from the 1pctCO2 and 1pctCO2-bgc simulations with an Enting spline of 100-year cut-off period. Each dot represents one model
and the grey line is the least-squares fit. The coefficient of determination and the two-sided p value of the correlation are given in each panel.

The values on the y-axes are listed in Table S2 and those on the x-axes, the predictors themselves, in Table 3.

constraint of this kind can be expected to narrow the uncertainty in a quantity such as 5 and should be used in future constraints
using multiple variables.

Although the reduction in uncertainty appears more substantial than the shift in the mean, the individual models spread
widely around the constrained estimate, and they do so asymmetrically. At year 70, 7 of the 13 models (54%) fall below the
lower bound of the 1 o constrained range and 2 (15%) below the lower bound of the 2 ¢ range; at year 140 it is 8 (62%) and 3
(23%). One model, MRI-ESM2-0, lies above the 1 ¢ range at both years. Three models lie closest to the constrained estimate
at both target years: GFDL-ESM4, GFDL-ESM2M, and GISS-E2-1-G. These are also among the models whose combined
SSS, AMOC and CUC values sit closest to the observations (Table 3). How closely a model matches the observations can
be summarised by combining its three predictor deviations in quadrature, each expressed in units of the ensemble standard
deviation of that predictor. On that measure five models stand apart from the rest: GFDL-ESM4 (0.9), GFDL-ESM2M (1.3),
MRI-ESM2-0 (1.5), GISS-E2-1-G (1.6) and ACCESS-ESM1-5 (1.9), while the remaining eight lie between 2.0 and 3.6. GFDL-
ESM4 is closest and is also the most evenly placed: none of its three predictors departs from the observed value by more
than 0.7 ensemble standard deviations, whereas the others each have one predictor that does: the SSS in GFDL-ESM2M and
ACCESS-ESM1-5, the CUC in MRI-ESM2-0, and the AMOC in GISS-E2-1-G.
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Table 4. Feedback parameters at years 70 and 140 of the 1 % yr~—! CO, simulation, before and after applying the emergent constraint. The
prior is the mean and standard deviation across the 13 ESMs for 8 and +, and across the 12 ESMs with a radiatively coupled simulation

(all except GFDL-ESM4) for vnat and vant. Constrained values are given for the 3-predictor constraint (SSS, AMOC, CUC) and for the

3000

4-predictor constraint, which adds MLDy . Uncertainties are one standard deviation.

3 predictors 4 predictors

2

Parameter Year Prior Constrained T Constrained T
B8 (Pngpmfl) 70 0.9254+0.073  0.972£0.058 0.62 0.961+0.048 0.78
140 0.80440.069  0.857£0.049 0.71 0.847+0.037 0.86
y (PgCOC*1) 70 —8.26+£2.39  —10.35+2.31 043 —10.15£2.36 048
140 —19.06+6.23 —25.07+3.93 0.77 —24.46+£3.58 0.83
nat PEC°C™YH 70 —3.72+1.07 —4.25+1.33 0.13 —4324+142 0.14
140 —5.43+2.10 —6.92+2.44 024 —6.894+2.63 0.24
~ant PEC°C™H 70 —4.58+2.03 —6.55+1.85 053 —6.27£1.81 0.61
140 —13.51+£5.71 —19.1543.75 0.76 —18.50+3.53 0.82

For a different model ensemble, the same constraint might lead to a different relative change in the best estimate. For
example, the constrained estimate for the historical carbon uptake in Terhaar et al. (2022) was around 10% higher than the
multi-model mean, whereas the change in 3 here is 4 to 5%. The relative change is largely dependent on the prior model
ensemble. If the model ensemble is dominated by models with high ventilation, the constraint would even result in a smaller
[ than the multi-model mean of that ensemble. In contrast to the relative adjustment, the constrained f itself should not
depend on the ensemble. The coefficients a, b, ¢, and d in Eq. (1) express the physical link between the predictors and /3
and should therefore not be model dependent, so a different ensemble that samples the same relationship should recover the
same coefficients and, evaluated with the same observations, the same constrained 5 (Terhaar et al., 2022). In practice, a finite

ensemble constrains these coefficients only approximately, which is reflected in the uncertainty of the constrained estimate.
3.2 A fourth indicator for open-ocean deep convection removes a bias and further reduces the uncertainty of 3

After constraining 8 with a previously identified constraint (Terhaar et al., 2022) and corroborating that existing constraint, we
go a step further by adding another predictor accounting for remaining biases. Comparing simulated and predicted 5 (based
on SSS, AMOC, and CUC) shows that ACCESS-ESM1-5 and GFDL-ESM2M consistently have simulated /3 being above the
predicted 5 (Fig. 2). These are also two of the models with the most vigorous open-ocean deep convection to depth deeper
than 3000 m (Figure S4). Thus, this extremely deep convection, which is not yet captured by the predictors that account for

carbonate chemistry, the AMOC strength that is mostly related to deep-water formation above 3000 m, and the formation of
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mode and intermediate water in the Southern Ocean that is also mostly above 3000 m, may be the reason why GFDL-ESM2M
and ACCESS-ESM1-5 simulate a higher § than predicted from SSS, AMOC, and CUC.

Here, we present two lines of evidence that support that the deep mixing below 3000 m in models, quantified by MLD390°

ol
indeed enhances the uptake of anthropogenic carbon and hence /3. First, the remaining inter-model uncertainty after accounting
for biases in SSS, AMOC, and CUC is related to the MLD3%%" (Fig. 4 a). However, this relationship is largely driven by two
models with strong deep convection, GFDL-ESM2M and ACCESS-ESM1-5, so we test how far it depends on any individual
one. Removing GFDL-ESM2M or ACCESS-ESM1-5 leaves the fitted MLD33’? coefficient at year 140 within —13 to +8 %
of its value across all 13 ESMs, and neither is exceptional. Across all 13 leave-one-out refits the coefficient stays within —13
to +10 %. Adding MLD3%% also improves the prediction of a held-out model, which a predictor fitting only noise could not
do. Removing both models together does collapse the relationship, but this is a loss of range rather than a change of sign: the
ensemble then spans 0 to 67 instead of 0 to 206 x 102 m? and the standard error quadruples. The predictor therefore describes
the models that convect below 3000 m collectively rather than either of these two in particular, though it remains a statistical
indication. Therefore, our second line of evidence is more mechanistically based.

Therefore, our second line of evidence is more mechanistically based. Across models, we compared the relationship between
MLD in a given month and cell against the air-sea CO5 flux anomaly (Fig. 4 b). This comparison between MLD and air—sea
CO., flux (Fig. 4 b) shows that it is indeed during times of deep-water convection that the highest carbon uptake occurs. With
increasing MLD, carbon uptake already strongly increases when mixing exceeds 2000 m and further increases when it exceeds
3000 m (Fig. 4 b). As the AMOC and SSS represent already processes linked to water masses in the upper 3000 m, we decided
to use the volume mixed below 3000 m as a fourth indicator to avoid double counting. Based on these lines of evidence, we
add MLD39% as a fourth predictor. As such large-scale open-ocean deep convection is not observed in the real world (Sallée
et al., 2021) and even rare polynyas in the Southern Ocean do not convect below 2000 m (Campbell et al., 2019; Gordon,
1978), the observed value is 040 10'2 m3. Therefore, this additional predictor term in the constraint can be interpreted as
a bias correction term for too much ocean carbon uptake driven by overly strong open-ocean deep convection in ESMs that
is often simulated by ESMs (Heuzé, 2021) and by many ESMs in this ensemble (Figure S4). MLD3%" is the only predictor
whose observation-based estimate carries no uncertainty, so that it does not contribute to gons(t) in Eq. (3). This reflects that
the observational constraint here is not a measured value with an error range but the absence of open-ocean convection below
3000 m in both observational products analysed (Sect. 2.4) and in previous exhaustive analyses of mixed layer depths (Sallée
et al., 2021).

Previously, Roy et al. (2011) had already shown across an ensemble of older and coarser models with a substantially larger
spread in simulated 5 and MLDs that large parts of /5 can be explained by the spread in MLDs. In the model ensemble used here,
the spread in MLDs and f is substantially removed so that the overall MLD bias has been removed. However, the open-water
deep convection bias is still present and our constraint now provides one way to account for it.

When fitting the relationship between all four predictors and f3, the strength of the relationship increases, uncertainties of

are consequentially reduced, and constrained [ gets smaller as the bias of unrealistic open-ocean deep convection is removed

(Tab. 4 and S4, Fig. 5). The constrained 3 by all four predictors is 0.96+0.05 Pg C ppm~! in year 70 and 0.8540.04 Pg C
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Figure 4. The contribution of the deep-mixing predictor to (3, from two independent directions. (a) The part of 3 at year 140 that the other
three predictors do not explain, against MLD39°° from the historical simulation, that is the same value used as the predictor (Table 3). The
dark grey line is the least-squares fit and the light grey line indicates zero. (b) The mean air—sea CO2 flux anomaly as a function of the
mixing depth of the same cell and month, over the last twenty years of the 1pctCO2-bgc simulations and averaged across all models and
cells. Anomalies are relative to a calendar-month climatology built from the months in which that cell mixes shallower than 1000 m, so that a
cell which convects every winter is not compared with itself. The flux is averaged over the month and the two following months and over the
cell and its eight neighbours, weighted by area, accounting for the fact that the water in the recently mixed cell may move and that air-sea

CO. exchange is not immediate. The dashed line marks the 3000 m threshold used for the predictor.

1 1

ppm~ " in year 140. The mean value is reduced by 0.01 Pg C ppm™" in each year, which quantifies the bias of the overly
strong open-ocean deep convection. More importantly, the uncertainty around 3 is reduced by 19-25% when adding MLD3%%°

3000
vol

to 0.78 in year 70 and from 0.71 to 0.86 in year 140 with MLD3 included. Adding this additional predictor has shown

vol

compared to the constraint value without MLD29"". This reduction is a direct consequence of the increased r? for 3 from 0.62
how an existing emergent constraint can miss a process and hence have a biased result, as earlier warned for by Sanderson
et al. (2021) and as happened in previous cases, for example, in the case of ocean acidification where alkalinity changes with
freshening had not been identified across CMIP5 models and changed the constrained results (Terhaar et al., 2020, 2021b).
However, in this case, the new constrained estimate lays still within the previous one showing that the bias was small in this
case. Consequently, the constrained estimate of historic and future ocean carbon uptake (Terhaar et al., 2022) may also be

slightly smaller. However, GFDL-ESM2M was not part of that study and was one of the models with strong open-ocean deep
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Figure 5. Constrained /3 using Southern Ocean frontal SSS, AMOC, CUC, and MLD?&OO as predictors, evaluated at simulation year 70 (a,
b) and year 140 (c, d). (a, ¢) Simulated versus predicted 3 for each CMIP6 model (black dots), where the predicted value is obtained from
the multiple linear regression fit using the four simulated predictors in each ESM. The dashed line indicates the 1:1 relationship, and the
grey shaded band shows the 10 projection uncertainty. The green horizontal dotted line and shading show [ predicted from the observed
predictor values (+1c0 observational uncertainty only), and the blue vertical dotted line and shading show the constrained 5 and its likely
(68 %) range, obtained by combining the observational and projection uncertainties. (b, d) Prior (grey) and constrained (blue) probability
distributions of 3, shown as Gaussian fits with mean & 1o given in the legend with grey bars showing the histogram of the individual (prior)

model values.

convection. Therefore, the bias in historic and future fluxes is likely even smaller as less bias from open-ocean deep convection
had to be removed from the multi-model mean.

As the new predictor has removed a bias, we recommend using this constrained estimate, which is also why we show it in
Fig. 1a. Compared to the prior multi-model mean and standard deviation, the constraint reduced uncertainties by 35-47% and
increases 3 by 4-5% (Fig. 1). The reduced uncertainty is again only slightly smaller as the one for historical and future uptake
(Terhaar et al., 2022). Compared to Terhaar et al. (2022), uncertainties of the constrained estimate had been increased because
of the increase in predictor variables and the reduction in models with the required output and the resulting change in degrees
of freedom, as well as the less direct link between historical predictors and the air—sea CO» flux in idealized 1pct simulations.
The additional predictor has now again reduced some of this added uncertainty.

Adding the deep-mixing predictor also reorders the models by their distance from the observations, measured by combining
the four predictor deviations in quadrature, each expressed in units of the ensemble standard deviation of that predictor. GFDL-
ESM4 remains the closest (0.9) and is the only model whose four predictors are all within 0.7 standard deviations of the

observed values. However, proximity in the predictors does not by itself place a model near the constrained estimate. MRI-
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ESM2-0 (1.5) is the next closest, yet it sits above the constrained range at both years, because the deviations of its simulated
predictors from the observed ones all point the same way: every predictor is biased high, so that nothing cancels and the biases
accumulate. The same holds for MIROC-ES2L (2.0), whose SSS, AMOC and CUC are all biased low while its MLD%S,OO is
not biased at all. Conversely, GISS-E2-1-G (1.6) and GFDL-ESM2M (2.3) fall close to the constrained estimate, their negative
salinity deviations being offset by positive deviations in the AMOC and in MLD3%°. ACCESS-ESM1-5, among the closest

models under the three-predictor constraint, becomes the most distant of all (3.8) once deep mixing is included, since its

MLD3{% exceeds the observation-based estimate of zero by 3.3 ensemble standard deviations.

4 Constraining ocean ~ and relating it to 3

The loss of carbon from the ocean or the reduction of carbon uptake per °C warming () and the associated uncertainties
increase over time with stronger warming and increasing atmospheric CO, (Figures 1b & 6a). After the beginning of the
simulation when warming becomes large enough to quantify -, the simulated multi-model mean  decreases almost linearly to
-19.1 Pg C °C~! at the end of the simulation period. Together with the multi-model mean, the absolute uncertainty quantified
as the standard deviation across models also increases over time and reaches 6.2 Pg C °C~! at the end of the simulation at
quadrupling of atmospheric COs, representing a relative uncertainty of 33%. This relative uncertainty is substantially larger
than the relative uncertainty of 3 (9%). The larger relative uncertainty associated with +y is likely due to different atmospheric
warming across the models, whereas the increase in atmospheric CO, that drives 3 is prescribed identically for all models.
Although v is normalized by temperature, the carbon loss per degree of warming increases with warming (Friedlingstein et al.,
2006), so that the difference in warming across models contributes to the difference in ~. Furthermore v quantifies climate
change-driven changes on natural carbon and anthropogenic carbon (Figure 6a), whereas /3 only quantifies the additional
anthropogenic carbon from increasing atmospheric COs . Thus, the inter model differences with respect to the loss of natural
carbon from the ocean increase the uncertainties of y but not the uncertainties of [.

The decrease in ~ is mainly driven by reductions in anthropogenic carbon uptake per °C over time, whereas the loss of
natural carbon per °C (Vna¢) decreases less (Figure 6a). The small decrease of Yy,.¢ from -2.341.0 Pg C °C~! in year 20 to
-5.442.1 Pg C °C~! at a quadrupling of atmospheric CO,, in year 140 indicates that the natural carbon loss is enhanced with
stronger warming over time, as circulation (Fig. S1,S2, and S4) and biology changes become larger. The small magnitude of
Tnat 18 @ result of compensating effects of lower CO5 solubility due to warmer surface ocean waters and a higher efficiency
of the biological pump due to more sluggish ocean circulation (Schwinger et al., 2014; Arora et al., 2020). In contrast, the
large suppression of anthropogenic carbon uptake per °C (Vay¢) from +0.642.2 Pg C °C~! in year 20 to -13.54+5.7 Pg C °C~!
at a quadrupling of atmospheric CO5 in year 140, is driven by decreased transport of anthropogenic carbon to depth due to
decreased deep ocean ventilation (Fig. S1,S3, and S4).

Not only does the strength of v increase with the amount of carbon taken up by the ocean over time, but models with higher
carbon uptake with increasing atmospheric CO2 () also show the strongest reduction in anthropogenic carbon uptake due to

climate change (Figure 6b). Over time, the relationship between v and 3 becomes stronger and reaches an r? of 0.73 by the
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Figure 6. Evolution of -y, ynat, and yant and of their correlation with 5 over time. (a) Multi-model mean (solid lines) and standard deviation
(shading) of « (orange), Ynat (red) and yant (teal) from the CMIP6 ESMs over 140 years of simulations with atmospheric CO> increasing by
1 % per year. (b) Temporal evolution of the coefficient of determination (?) between /3 and each of the three, showing how the relationship
between the carbon—concentration and carbon—climate feedbacks changes over the course of the simulations. The first 20 years are not shown

as the spread in -y is large (Figure 1) as warming is close to zero so that any correlation in these years remains purely random.

end of the simulation at a quadrupling of atmospheric CO, (Figure 6b). The relationship between « and 3 is driven by the
increasing suppression of anthropogenic carbon uptake due to climate change (vant), which drives the increase of v with time
(Figure 6a) and not the loss of natural carbon due to climate change (Y,at), as only a weak relationship (r?= 0.23) emerges
between vyt and 3 over time (Figure 6b).

The link between 3 and « emerges not only in the global averages but also regionally. The patterns of inter-model spread in
B, Y> Tnat> and Yant resemble each other closely (Figs. 7). At year 140 the spatial correlation between the inter-model spread
in B and in ~y is 0.75. It is carried by 7., which correlates with 3 at 0.87, while ;.1 does so at 0.66. The main departures
between the spread in 3 and in vy, are in upwelling regions along the west coast of South America and west of South Africa,
where the models disagree substantially more about 7,,; than about 5 and ~,,;. Although the spatial correlation between
the strength of inter-model differences between [ and 7y, is relatively high, this does not translate into a relationship of the
globally integrated 3 and 7,4, indicating that the size of inter-model difference is at similar places but that it is not the models
with a high (3 that also have a high ~,,; and vice versa.

That 7,5t is the more strongly related of the two (Fig. 6b) suggests that the processes governing [ also govern the suppression
of anthropogenic carbon uptake under warming. As 7.y is the change in 5 with global warming and 3 can be approximated
by the four predictors identified here using equation (1), vant should be determined by the changes of the predictors of 3
with warming. This means that models with high ventilation at present will also see a larger reduction of this ventilation with
warming. Across the model ensemble used here, the predictors and their change with warming are indeed related (Fig. 8) apart

from CUC, which does not represent ventilation and only has small changes with warming and experiences most of its changes
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Figure 7. Inter-model spread of the simulated climate—carbon cycle feedbacks. Standard deviation across the 12 ESMs with a radiatively
coupled simulation (all except GFDL-ESM4; Table 2) of (a) 3, (b) -y, (€) Yant, and (d) ynat, evaluated cell by cell at year 140 of the 1 % yrf1
CO. simulations. The global rather than the local warming is used, so that the maps show where the carbon response to a given global

warming occurs rather than a local sensitivity, consistent with how the global parameters are defined.

with increasing atmospheric CO- (Fig. S2). While the relationships exist, some appear relatively weak because some historical

3&00 in GFDL-ESM2M, are within a particular phase of internal variability (Fig. S4) and hence do not

predictors, such as MLD
perfectly represent the general state of that variable. When the mean value of each predictor over the biogeochemically coupled
(1pct-bge) simulation without climate change is calculated instead and the internal variability is removed, the relationships
emerge even clearer (Fig. S13). Although few outliers in these relationships still exists even after removing internal variability,
the predictors that constrain 3 also become informative for  towards the end of the simulation (Table 4).

The strong relationship between v and the AMOC, SSS, CUC, and MLD%SIOO, driven by models with strong ventilation
at present experiencing a stronger reduction with warming, allows us to constrain v (Figure 9 and 1b). When constraining
~ with the same multi-linear relationship that was used for 8 (Equation 1, Table S6), the multi-model mean estimate of -y

decreases from -8.342.4 Pg C °C~! to -10.142.4 Pg C °C~! at a doubling of atmospheric CO, (r?=0.48) and from -19.146.2
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Figure 8. Present-day value of each predictor against its change under warming, across the ESMs. (a) the chemical uptake capacity (CUC),

(b) the AMOC at 26.5° N, (c) the inter-frontal sea surface salinity (SSS), and (d) the volume of water mixed deeper than 3000 m (MLD3909).

The change under warming is calculated as the difference between the fully coupled (1pctCO2) and biogeochemically coupled (1pctCOa2-

bgc) simulations, averaged over the last 30 years of the 140-year ramp and divided by the difference in their global mean warming. The

dashed vertical line and the shading are the observation-based estimate and its one-standard-deviation uncertainty. Grey lines are least-

squares fits, and the coefficient of determination and the two-sided p value of the correlation are given in each panel. Simulated changes in

the predictors per warming for each model are listed in table S5.

Pg C °C! to -24.543.6 Pg C °C~! at a quadrupling of atmospheric CO, (r?=0.83) (Table 4, Figure 9 and 1b). As such, the

magnitude of v increases by 23-28%, while the uncertainty of v decreases by 1% at doubling of atmospheric CO, and by

42% at quadrupling. The increasing reduction of the uncertainty with increasing atmospheric CO; is a consequence of Yupt

dominating v with increasing atmospheric CO- (Fig. 6a). When constraining v.nt and 7, separately (Tab. 4), it becomes
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Figure 9. Constrained  using Southern Ocean frontal SSS, AMOC, CUC, and MLD39% as predictors, evaluated at simulation year 70 (a,
b) and year 140 (¢, d). (a, ¢) Simulated versus predicted « for each CMIP6 model (black dots), where the predicted value is obtained from
the multiple linear regression fit using the four simulated predictors in each ESM. The dashed line indicates the 1:1 relationship, and the
grey shaded band shows the =10 projection uncertainty. The green horizontal dotted line and shading show ~ predicted from the observed
predictor values (+10 observational uncertainty only), and the orange vertical dotted line and shading show the constrained v and its likely
(68 %) range, obtained by combining the observational and projection uncertainties. (b, d) Prior (grey) and constrained (orange) probability
distributions of v, shown as Gaussian fits with mean + 1o given in the legend with grey bars showing the histogram of the individual (prior)

model values.

apparent that most of the changes in v by the constraint are realized by better constraining ~yant and not vna¢. For yyha¢ the
predictors explain little of the inter-model spread (r? = 0.14 at doubling and 0.24 at quadrupling), so that the constraint shifts
the best estimate but widens rather than narrows its uncertainty, as the uncertainty of the observation-based predictor estimates
is added without a corresponding reduction in the model spread. This is consistent with ,,¢ being governed by processes other

than the ventilation and carbonate chemistry captured by the predictors.

5 Constraining 3 and - regionally

As most of the deep-ocean ventilation and carbon uptake occurs in the North Atlantic Ocean (between 26.5°N and the Arctic
Ocean limited by the Davis Strait, Fram Strait, and Barents Sea Opening) and Southern Ocean (limited by 30°S), the prox-
ies for ventilation in each basin can also be used to constrain regional estimates of 5 and partly ~. Here, regional  and
are the respective cumulative air—sea CO5 fluxes divided by global changes in atmospheric CO5 and atmospheric warming,

respectively.
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5.1 Southern Ocean and Southern hemisphere

Following and extending Terhaar et al. (2021a), we constrain 3 in the Southern Ocean south of 30°S using the SSS, as well

as the CUC and MLD2%% south of 30°S as predictors. The relationship between the predictors and 3 increases over time

from an 12 of 0.62 at a doubling of atmospheric CO5 to an r? of 0.78 at a quadrupling of atmospheric CO. When exploiting
the relationship between SSS, MLD3%  and CUC and B in the Southern Ocean, the multi-model mean 5 of 0.3940.04 Pg

vol

C ppm~"! at a doubling of atmospheric CO, and 0.3540.04 Pg C ppm~! at a quadrupling of atmospheric CO, becomes
0.4240.03 Pg C ppm~! and 0.384-0.02 Pg C ppm ™!, respectively.

The new predictor (MLD3%°?) substantially improves this regional constraint for /3 in the Southern Ocean. Without MLD

vol

3000
vol

as a predictor, the r? for 3 reduces to 0.38 at doubling of CO5 and 0.49 at quadrupling. The improvement is even clearer in
the uncertainty. Without MLD3%" the constraint reduces the uncertainty of 3 by only 3% at doubling and 12% at quadrupling,

vol

against 20% and 38% when it is included. MLD3%" has a large influence in the Southern Ocean as it is the ocean region where

93% of all MLD3 is simulated in the ESMs. Taking into account MLD2%%? thus removes a bias from unrealistic open-ocean
deep convection in models (Heuzé, 2021), which largely exceed observed mixed layer depths (Sallée et al., 2021).

In contrast to 3, the three predictors are not strongly related to y in the Southern Ocean. The r? of the relationship between
SSS, MLD3%%, CUC, and 7 is 0.10 at a doubling of atmospheric CO, and 0.41 at a quadrupling of atmospheric CO,. The
constrained estimate does not reduce uncertainty but leads to a slight increase in magnitude of ~ in the Southern Ocean of about
10% from -2.3+1.4 Pg C °C~! t0 -2.6+1.7 Pg C °C~! at doubling of CO5 and from -6.1+3.3 Pg C °C~! to -6.8+3.4 Pg C
°C~! at quadrupling of CO,. However, the three predictors can constrain 7,,; because the strength of the predictors is linked to
their change over time (Fig. 8). When constraining, the Southern Ocean 7,y,; changes from -1.34:1.2 Pg C °C~! to -2.2£1.1 Pg
C °C~! at doubling of CO, (r>=0.56) and from -4.543.0 Pg C °C~! to -5.942.0 Pg C °C~! at quadrupling of CO; (1*=0.77),
an increase in magnitude of 32-68% and a reduction in uncertainty of 9-31%. The reason that 7, can be constrained but ~y
cannot is the response of natural carbon to warming (yya¢), Which is not related to the predictors used here. Its inter-model
spread is particularly large in the Southern Ocean (—1.741.9 Pg C °C~! at quadrupling of CO>), so it contributes relatively

more to the uncertainty in y here than elsewhere.
5.2 North Atlantic

In the North Atlantic, we constrain 3 and v with the AMOC and regional MLD39°? and CUC building on Terhaar et al. (2022)

vol
3000
vol

and expanding it. The constraint based on AMOC and regional MLD and CUC changes the multi-model means of 3 of
0.108-+0.020 Pg C ppm~! at a doubling of atmospheric CO5 and 0.092+0.021 Pg C ppm~! at a quadrupling of atmospheric
CO5 t0 0.11140.014 Pg C ppm~" and 0.093+0.017 Pg C ppm ™!, respectively. As only 7% of global MLD3"° occurs in the

vol

North Atlantic, North Atlantic MLD3%%° contributes only very little to the constraints in that region.
Similarly, ~y in the North Atlantic is constrained from -2.6+1.0 Pg C °C~1 at a doubling of atmospheric CO5 and -6.443.1 Pg
C °C~! at a quadrupling of atmospheric COs to -3.04-1.1 Pg C °C~! and -7.34-3.2 Pg C °C~, respectively. As the relationships

are weak (r?=0.25-0.28), the uncertainty is not reduced but increases even slightly due to the additional uncertainty from the
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observation-based estimates of the predictors and the weak relationships. However, the constraint identifies a slight bias in ~y
by about 14-15%. As in the Southern Ocean, the link between the predictors and -y is driven by v,nt, Which is better linked to
the predictors (r2=0.43-0.44) as models with higher ventilation also show a stronger change in that ventilation with warming
(Fig. 8). The constraint changes 7ap¢ in the North Atlantic from -1.940.8 Pg C °C~! at a doubling of atmospheric CO, and
-4.842.8 Pg C °C~! at a quadrupling of atmospheric CO5 to -2.5+0.8 Pg C °C~! and -5.942.7 Pg C °C~!, respectively. This
is no reduction in uncertainty but highlights that v,y is likely 24-29% larger than the multi-model mean.

6 Discussion
6.1 Robustness of the applied emergent constraints

A statistical relationship that is exploited with observations to constrain a simulated difficult-to-observe or unobservable quan-
tities must build on robust mechanistic understanding that is verifiable and the relationship must hold across different model
ensembles (Eyring et al., 2019; Hall et al., 2019; Sanderson et al., 2021). The mechanism behind the constraint for 5 by the
AMOC, SSS, CUC, and MLD\%(%OO (Equation 1) is based on previous knowledge about ocean ventilation (Broecker et al., 1979;

Sarmiento et al., 1992; Orr et al., 2001; Caldeira and Duffy, 2000) and carbonate chemistry (Revelle and Suess, 1957; Broecker

et al., 1979) and has been verified in detail and tested across different model ensembles (Terhaar et al., 2022). The added pre-

D3OOO

dictor, i.e., the ventilated volume below 3000 m by open-ocean deep convection (MLD,

), has been linked to the remaining
inter-model differences in 5 after adjusting models for the biases in the remaining three predictors (Fig. 4a). Furthermore, we
demonstrated that such deep mixing in a given cell leads to large positive anomalies in the ocean carbon uptake (Fig. 4b) and
demonstrated that the mechanism of deep mixing that allows for more carbon uptake is indeed occurring in the models. In
addition, the relationships were additionally tested by leave-one-out cross validation across the ensemble (Sect. 2.3, Tables S7
and S8) Thus, the emergent constraint for 3 can be assessed as robust and exploited with observations. The mechanism behind
the constraint for v by the AMOC, SSS, CUC, and MLD3" is that models with high ventilation at present also simulate a
strong reduction of that ventilation with warming in the future, which is a plausible physical mechanism and is indeed sim-
ulated across the model ensemble (Fig. 8 and S13). As « is increasingly dominated by .nt, wWhich is the change of 5 with

warming, it is the change of the predictors of 5 with warming that also constrain ~y,,¢. As the predictors of 3 predict their own

change with warming, these predictors can also constrain 7,y and hence . We thus consider also this constraint as robust.

D3000

However, unknown or not-implemented processes might still affect the relationships for 8 and v, as the addition of MLD;,;

has slightly decreased the magnitude of constraint S and . Other examples of missing processes may be mesoscale or sub-
mesoscale processes, which have been shown to affect the ventilation and ocean carbon sink globally and regionally (Lachkar
et al., 2007, 2009; Dufour et al., 2015; Griffies et al., 2015; Couespel et al., 2024; Terhaar et al., 2019b; Ford et al., 2023;
Mortenson et al., 2025; Salinas-Matus et al., 2025; Guo and Timmermans, 2024; Carnier Casaroli et al., 2026). So far, it is
not clear yet if these processes have a substantial effect on the globally integrated ocean carbon sink and on longer time-scales
as some studies find no difference in the net carbon uptake (Guo and Timmermans, 2024; Mortenson et al., 2025) whereas

others find substantial changes (Couespel et al., 2024). However, when explicitly simulating mesoscale processes at higher
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resolution, both the ocean carbon uptake change and the predictors used to constrain the global or regional uptake can change.
In the Southern Ocean, Lachkar et al. (2009) show that increasing resolution results in a reduction in sea surface salinity and
volume of ventilated waters and also a weaker CFC-11 uptake and hence weaker carbon uptake. In the Arctic, the effect goes in
the opposite direction so that higher resolution leads to higher anthropogenic carbon storage and also higher surface densities,
which are used to constrain that storage (Terhaar et al., 2020). In both cases the predictor moves in line with the predicted
variable, even though resolution changes them in opposite directions, which suggests that resolving mesoscale processes shifts
the indicators and the carbon uptake together rather than altering the relationship between them. However, only an ensemble
of models that resolve mesoscale processes will be able to definitely show that the constraint does not change with resolution.

Another process that might affect the relationship and the constrained results are evolving river fluxes of carbon and nutrients
over time (Dai et al., 2022; Lacroix et al., 2021; Gao et al., 2023; Richardson et al., 2025; Regnier et al., 2013, 2022) that
may affect the carbon uptake regionally and globally (Lacroix et al., 2021; Gao et al., 2023; Terhaar et al., 2019a; Séférian
et al., 2019; Regnier et al., 2022). Riverine carbon and nutrient fluxes can be altered by climate change, e.g., precipitation and
temperature changes, and with increasing CO», which affects the primary production on land and hence the export of carbon and
nutrients to the ocean. Only one of the ESMs from CMIP6, CNRM-ESM2-1 (Séférian et al., 2019), has implemented riverine
carbon fluxes that change dynamically over time with changes on land. In the historical and SSP simulations, riverine carbon
fluxes weaken over time reducing the ocean carbon content from 1850 to 1995 by around 20 Pg C. After 1995, the riverine
carbon fluxes strongly strengthen and increase the interior ocean carbon content by 70-80 Pg C between 1995 and 2100 (Terhaar
et al., 2022). As this additional carbon is partly outgassed and affects air-sea CO, fluxes (Lacroix et al., 2021; Gao et al., 2023;
Terhaar et al., 2019a; Séférian et al., 2019; Regnier et al., 2022), it also affects 8 and . Due to this effect, we had not included
CNRM-ESM2-1 in the constraint here. While adding CNRM-ESM2-1 to this study would change constrained estimates of
B and ~y only slightly but add additional uncertainty (/3 at quadrupling of atmospheric CO» of 0.844-0.04 Pg C ppm~—! with
CNRM-ESM2-1 instead of 0.8540.04 Pg C ppm~! without CNRM-ESM2-1; ~ at quadrupling of atmospheric CO, of -
23.944.4 Pg C °C~! with CNRM-ESM2-1 instead of -24.54-3.6 Pg C °C~! without CNRM-ESM2-1), adding dynamic carbon
and nutrient fluxes in each model may well change the simulated unconstrained /3 and -, the fit of the relationship, and hence
the constrained estimates of 3 and ~. To get a first idea of the effect of changing riverine carbon fluxes on 5 and + in at least
one model, we can compare the simulated 8 and v by CNRM-ESM2-1 to the expected 5 and -y based on the simulated AMOC,
SSS, CUC, and MLD%)]00 in that model and the fitted relationship across the ESMs used here (Table 1). The simulated 3 is with
0.70 Pg C ppm ! substantially smaller than the reconstructed /3 of 0.78 Pg C ppm ™. Similarly the magnitude of the simulated
~v is with -9.3 Pg C °C~! smaller than the magnitude of the reconstructed ~ of -17.5 Pg C °C~! based on the fitted relationship
and simulated AMOC, SSS, CUC, and MLD\?;&OO. Although these differences between expected and simulated 8 and v may
also be due to other processes, the size of the effect of rivers in the historical simulation in CNRM-ESM2-1 suggests that the
changes in riverine fluxes are indeed the main driver of the here quantified differences between simulated and predicted 5 and
~. Thus, riverine changes in carbon fluxes thus decrease the magnitudes of 5 and v in CNRM-ESM2-1. However, it is unclear
if sign and magnitude is robust as we only have one model estimate yet and observation-based estimates of changes in riverine

fluxes and burial remain still to uncertain to determine the effect of changing rivers on the carbon sink (Regnier et al., 2022).
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Yet, even the potential effect of dynamic riverine fluxes of carbon and nutrients on the constrained and unconstrained estimates
of 8 and - highlights again that an emergent constraint can adjust biases that affect the predictor and predicted variable and
substantially improve simulated estimates but cannot account for additional processes that occur independently of the predictor
variables. Examples of this effect have been identified earlier, for example in the Arctic Ocean, where a constraint identified
biases in the main pathway of Arctic Ocean ventilation but could not account for the very small scale processes along the slopes
along the shelf break that transport additional carbon into the Arctic Ocean (Terhaar et al., 2020, 2021b).

Another effect that is not present in the here constrained ( is the skin-layer effect (Watson et al., 2020; Bellenger et al.,
2023). The skin-layer of the ocean is an extremely thin layer (~1 mm), which is 0.1 to 0.2°C cooler than the underlying
water (Donlon et al., 2002; Woolf et al., 2016; Watson et al., 2020). This temperature contributes to the estimate of the partial
pressure of CO- and hence the estimate of the air-sea CO- fluxes. However, models do not simulate such a thin skin layer
but represent the surface ocean as grid cells of depths of usually 1 to 10 m. The average temperature in these cells is also the
sea surface temperature that is used to calculate the partial pressure of CO5 and hence the estimate of the air-sea CO5 fluxes.
As this temperature is warmer than the overlying skin layer temperature, the air-sea CO5 uptake is underestimated (Watson
et al., 2020; Bellenger et al., 2023). As this effect is common across all models, it would increase 3 across the ensemble and
an emergent constraint cannot account for it. Unfortunately, only one model has tested the effect of the skin temperature and
shown that accounting for this skin layer, increases carbon uptake over the historical period by around 5%. Unfortunately, this
estimate so far was only done for one model and the conditions over the historical period are substantially different to the
idealized 1% simulations analyzed here, with higher atmospheric CO than in the historical simulations and much stronger
climate change. It remains therefore uncertain if this estimate can be transferred to 8 and ~ quantitatively. However, if we
assumed that the adjustment was 5% throughout the simulations, which is likely not the case, both v and 5 would increase by
5% in magnitude.

Overall, our constraint identified and corrected an independent important model bias, i.e., models underestimate the ocean
ventilation and CUC and hence the magnitude of 3 and . However, it cannot correct for biases not represented in the models
yet, which are, for example, dynamic riverine fluxes that may increase or decrease $ and v and the skin layer effect, which will
likely increase both 8 and v in magnitude. However, so far it remains highly uncertain how these riverine fluxes will change in
the future (Gao et al., 2023; Richardson et al., 2025) and how these changes will affect the ocean carbon sink (Lacroix et al.,
2021; Gao et al., 2023; Terhaar et al., 2019a; Séférian et al., 2019) so that it remains impossible to adequately quantify the effect
of changing riverine fluxes on 3 and ~y yet. A better quantification of the effect of these fluxes could be achieved by following
the example of CNRM-ESM2-1 and to implement dynamic changes in riverine carbon and nutrient fluxes in more earth system
models. Similarly, we cannot yet quantify the bias in £ and y from not accounting for the skin layer in models without having
models implementing these processes. Thus, our constraint estimates of 3 and -y are the best estimates given the processes
included in state-of-the-art models and directly comparable to previous assessments of climate-carbon cycle feedbacks (Arora
et al., 2013, 2020; Friedlingstein et al., 2006), which also relied on models without dynamically changing riverine fluxes of
carbon and nutrients and without the skin layer effect. However, the "real-world"” 5 and + in the ocean likely differ from these

and it remains critical to quantify these biases to better understand the future evolution of the ocean carbon sink and the TCRE.
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6.2 Potential of constraining ocean 3 with observation-based estimates of past ocean carbon uptake

In addition to the here-applied mechanistic constraint for S and ~ based on indicators for ocean ventilation and surface ocean
carbonate chemistry (Terhaar et al., 2021a, 2022), 5 and « may also be constrainable by observation-based estimates of past
and present carbon uptake as ESMs with a high past carbon uptake also simulate a high future carbon uptake (Terhaar et al.,
2021a, 2022; Kessler and Tjiputra, 2016). The link between simulated past and future carbon uptake remains strong because
biases in the AMOC, SSS, and CUC persist even under increasing atmospheric CO2 and climate change (Figure 3). Compared
to observation-based estimates of air-sea CO, fluxes (Fay et al., 2021; Friedlingstein et al., 2026b) or interior anthropogenic
ocean carbon changes (Sabine et al., 2004; Gruber et al., 2019; Miiller et al., 2023; Lauvset et al., 2016), simulated carbon
uptake in ESMs and global ocean biogeochemical models forced with historic atmospheric conditions from reanalysis data
have been shown to be consistently lower by 8-25% (Terhaar et al., 2024, 2022). How well the here used model ensemble
simulates past carbon uptake will determine the magnitude of the resulting estimated upward or downward correction of both
climate-carbon cycle feedback parameters.

However, observation-based estimates can not yet robustly constrain the future ocean carbon sink and 3 and -y because their
uncertainties remain relatively large and because they are not directly comparable. Observation-based estimates of the air-sea
CO,, fluxes, for example, quantify the total air-sea CO4 flux and not the change in the air-sea CO, flux with climate change and
increasing atmospheric CO4, which is quantified by ESMs. To use the change in the air-sea CO5 flux with climate change and
increasing atmospheric COz over the historical period as a predictor for the future ocean carbon sink or 3, the pre-industrial
air-sea CO, flux has to be subtracted from the observation-based estimates of the total air-sea CO5 flux. This flux is mainly
driven by the imbalance of carbon and alkalinity influx from rivers and burial in ocean sediments (Sarmiento and Sundquist,
1992; Regnier et al., 2022). Moreover, this flux may have changed since pre-industrial times (Lacroix et al., 2021; Regnier
et al., 2022), and this change also affects the carbon sink. Unfortunately, estimates of these pre-industrial outgassing due to
the difference between riverine input and burial of carbon and alkalinity, as well as their changes over the last decades and
centuries, remain uncertain and differ across estimates (Aumont et al., 2001; Regnier et al., 2013, 2022; Sarmiento et al., 1992;
Lacroix et al., 2020; Jacobson et al., 2007; Planchat et al., 2025; Resplandy et al., 2018). Additionally, it remains uncertain how
the effect of the skin layer temperature affects the estimates of the carbon sink based on measurements from the Surface Ocean
CO, Atlas (SOCAT), possibly contributing to an underestimation of the ocean carbon sink by observation-based estimates
(Friedlingstein et al., 2026a). In addition, there are diurnal warm layers, for which, under conditions of high insolation and low
wind speed, waters close to the surface are heated relative to underlying waters and which are not captured by measurements
below (Fairall et al., 1996; Ye et al., 2023; Ford et al., 2024). The uncertainty of the pre-industrial adjustment combined with
non-negligible uncertainty and inter-product differences of the observation-based estimates of the air-sea CO, flux (Fay et al.,
2021; Friedlingstein et al., 2026b) result in uncertainties of the observation-based estimates of the air-sea CO5 flux that are

similar or larger than inter-model differences (Terhaar et al., 2022) and hence do not constrain the future ocean carbon sink or

B yet.

33



820

825

830

835

840

845

850

https://doi.org/10.5194/egusphere-2026-5757
Preprint. Discussion started: 1 October 2026 EG U h
© Author(s) 2026. CC BY 4.0 License. spnere

Similar to observation-based estimates of air-sea CO5 fluxes, observation-based estimates of historical interior ocean an-
thropogenic carbon accumulation (Sabine et al., 2004; Gruber et al., 2019; Miiller et al., 2023) are not directly comparable to
simulated increases over the historical simulations and their uncertainties also remain relatively high. The interior ocean esti-
mates quantify the change in anthropogenic carbon in the absence of warming and do not account for changes in anthropogenic
and natural carbon with global warming (Joos et al., 1999; Bunsen et al., 2024; McNeil and Matear, 2013). However, when
constraining 8 and -y with simulated historical changes in ocean interior carbon, these simulated changes include differences
due to atmospheric COs increases and climate change. Thus, the loss of natural and anthropogenic carbon with climate change
would have to be subtracted from the anthropogenic carbon interior ocean changes. However, estimates of these changes remain
highly uncertain (Bunsen et al., 2024; Joos et al., 1999; McNeil and Matear, 2013). One reason is that global biogeochemi-
cal models forced with atmospheric reanalysis data are often too warm as they are spun up with climate conditions from the
second half of the 20*" century (Huguenin et al., 2022). Thus, they underestimate the observed transient warming (Huguenin
et al., 2022; Hollitzer et al., 2024; Takano et al., 2023) and associated oxygen loss (Takano et al., 2023; Hollitzer et al., 2024)
and potentially also the loss of carbon with climate change. Ideally, global biogeochemical models forced with reanalysis data
would be spun up as suggested by Huguenin et al. (2022) to better quantify the loss of carbon with climate change. Alter-
natively, one could use ESMs to quantify the loss of natural carbon as they simulate the observed long-term loss of carbon
with climate and the associated deoxygenation more accurately as they are spun-up under pre-industrial conditions (Hollitzer
et al., 2024). However, ESMs simulate their own internal climate variability and might not capture the observed one. As the
variability can be high on decadal timescales (Bunsen et al., 2024; Terhaar et al., 2024; DeVries et al., 2023), ESM-derived
estimates of natural carbon loss due to climate change on decadal timescales might lead to over- or underestimation of that
loss and increase the uncertainties. Another option to make simulated and observation-based estimates comparable would be
to simulate the historical atmospheric CO, increase without associated climate change in future CMIP versions, similar to
the *1pct-BGC’ simulations. These simulations have been done by a limited number of ESMs in CMIP6. Thus, the simulated
interior ocean change in anthropogenic carbon could be related to 5 and directly be exploited with observation-based estimates
of the interior ocean anthropogenic carbon changes (Sabine et al., 2004; Gruber et al., 2019; Miiller et al., 2023). This second
approach is likely the most promising although uncertainties of observation-based estimates of anthropogenic carbon over past
decades are still larger than inter-model differences (Terhaar et al., 2022; Gruber et al., 2019; Miiller et al., 2023) and strong
decadal variability of anthropogenic carbon (Miiller et al., 2023) might limit uncertainty reductions of the simulated future
carbon sink or 3 with observation-based interior ocean anthropogenic carbon estimates.

Overall, observation-based estimates of air-sea CO5 fluxes and interior ocean anthropogenic carbon estimates thus suggest
an upward adjustment of the magnitude of 5 and . However, uncertainties of these estimates themselves and necessary but
uncertain adjustments to the observation-based estimates for natural outgassing of carbon during pre-industrial times or loss
of carbon with climate change make a constraint based on these observation-based estimates that reduces the uncertainty of /3
and 7 so far not possible. On regional scales, the adjustment of the observation-based estimates becomes even more uncertain

(Aumont et al., 2001; Regnier et al., 2013, 2022; Sarmiento et al., 1992; Lacroix et al., 2020; Jacobson et al., 2007; Planchat
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et al., 2025; Resplandy et al., 2018; Joos et al., 1999; Bunsen et al., 2024; McNeil and Matear, 2013) and further complicates

constraining regional /3 or .
6.3 The enhanced coupling of 3 and ~ and its implications

The increasing relation between /3 and ~y over time (Figure 6b) acts like a negative feedback and keeps the impact of the biases
in the AMOC, SSS, CUC, and MLD2%% on the net carbon sink smaller. The stronger suppression of anthropogenic carbon
uptake with climate change (larger magnitude of «y) in models with higher carbon uptake (larger ) reduces the inter-model
differences in the ocean carbon sink that arise due to inter-model differences in rising atmospheric CO»-driven carbon uptake.
Treating 3 and +y as independent variables or only constraining one thus leads to inaccurate adjustments of the overall carbon
sink at higher atmospheric COs.

This coupling also influences the carbon sink over time. Observations of the AMOC, SSS, CUC, and MLD3%% combined
with the here identified constraints indicate that models on average initially underestimate the ocean carbon sink and once
sufficient carbon has been taken up and climate change has become stronger, subsequently underestimate the suppression of
anthropogenic carbon uptake. When constraining the ocean carbon sink in each year individually as done here and in Terhaar
et al. (2022), this change over time is explicitly accounted for.

While 3 and the suppression of anthropogenic carbon uptake with climate change (7,,t) are connected, the loss of natural
carbon with climate change (7,¢) is only weakly (r?=0.23) related to both variables and seems to be driven by other processes.
Although vy, has limited influence on -y at high atmospheric COa», it still has relatively large impact at atmospheric CO, levels
such as today (Figure 6a). To further reduce uncertainties of v, especially in the past and at present, it would thus be important

to be able to further constrain the uncertainties of Yy a¢.
6.4 Importance of the Southern Ocean for the global ocean carbon sink

Within the framework of this multi-variate constraint, the Southern Ocean has the most prominent role. Two of the four

3000
l)vol

predictors are essentially located in the Southern Ocean, the SSS and 93% of ML . In addition, the Southern Ocean also
contributes to the globally averaged CUC. This concentration of predictors in the Southern Ocean is expected as it is the region
with the highest carbon uptake and largest inter-model differences in the carbon sink across all major ocean basins (Frolicher
et al., 2015). As a consequence, the Southern Ocean stands out in its contribution to changes in global . The identified bias
of the regional 3 in the Southern Ocean at a quadrupling of CO5 is with 0.027 Pg C ppm~*! around 60% of the global bias of
0.043 Pg C ppm~!. Similarly, the uncertainty reduction of /3 in the Southern Ocean (0.015 Pg C ppm™~1) is almost half as large
as the global reduction in uncertainty (0.032 Pg C ppm~!). While the constraint presented here helps to adjust for these biases
and reduce uncertainties, it would eventually be ideal if ESMs would better simulate the circulation in the Southern Ocean and

also its biogeochemistry.
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6.5 Implications for TCRE and remaining carbon budgets

The changes in [ and «y due to the constraint impact the overall ocean carbon sink and thus also the TCRE. The more carbon
taken out of the atmosphere per emitted COo, the less remains in the atmosphere and the less it contributes to global warming.
Thus, a higher 5 reduces the TCRE and a lower -y increases the TCRE. Quantitatively, the increase of 5 (Figure 1a) corresponds
to additional ocean carbon uptake of carbon of 10 Pg C at a doubling of atmospheric CO; and 36 Pg C at quadrupling. At the
same time, the increase in the magnitude of + (Figure 1b) corresponds to an additional carbon loss of 4 Pg C and 25 Pg
C, respectively. Thus overall, the carbon sink increases by 6 Pg C at a doubling of atmospheric CO5 and by 11 Pg C at
a quadrupling of atmospheric CO, after applying the constraint, resulting in only a tiny decrease of the TCRE leaving it
essentially unchanged. Although the net change is small, the uncertainty stemming from ocean carbon uptake is substantially

reduced and changes of 3 and -y individually as identified by our constraint are large as well.

7 Conclusions

In this study, we constrained the climate-carbon cycle feedback parameters 3 and - using observations of the Atlantic Merid-
ional Overturning Circulation at 26.5°N, the average sea surface salinity in the Southern Ocean between the polar and subtrop-
ical fronts, the globally-averaged chemical uptake capacity of the surface ocean, and the volume of waters below 3000 m that
is mixed with surface waters in models through open-ocean deep convection. The first three indicators for ocean ventilation
and capacity of the ocean to absorb carbon from the atmosphere have previously been identified as variables that can constrain
the historical, present, and future ocean carbon sink under different scenarios over the 215t century (Terhaar et al., 2022).
By adding the volume of mixed waters below 3000 m, we have corrected 5 and -y for biases in unrealistic open-ocean deep
convection (Heuzé, 2021) and further reduced uncertainties. Thus, accurately simulating the Southern Ocean, North Atlantic,
and the carbonate chemistry should be a continued priority of the modeling community.

We further showed that the capacity of the ocean to take up carbon with increasing atmospheric COs is also related to how
much carbon uptake is suppressed with climate change. Over time, ventilation is more strongly reduced in models that have
a strong present-day ventilation. Hence, the more carbon is taken up with increasing atmospheric CO2 (larger /3), the more
carbon is lost due to climate change (larger magnitude of ). Due to the link between (3 and +y in the ocean, it is important that
[ and -~y are not considered alone and that a constraint or bias correction of one variable also affects the other variable. This
link was especially important as both 5 and ~ were biased in the CMIP6 ensemble considered here. Moreover, the relative
bias in v was an order of magnitude larger than that in 3, so that both biases affect the overall carbon sink in almost similar
magnitude, despite 5 contributing much more to the magnitude of the ocean carbon sink than . While the biases being of
similar magnitude, the increase in the ocean carbon sink from a larger (3 is still slightly larger than the carbon loss with climate
change from a larger magnitude of ~, so that overall carbon sink with increasing atmospheric CO and climate change (8 and

~ combined) increases still slightly after applying the constraint.
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